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Abstract: Continuous water resources monitoring is needed for sustainable urban water supply. 

Remote sensing techniques have proven useful for monitoring some water qualitative parameters 

with optical characteristics. The study area was the Marateca reservoir in central inland Portugal. 

The aims were the following: (1) to explore the water quality parameters at the monitoring points 

of the Marateca reservoir that may explain the event; (2) to validate optical water quality parameters 

with the monitoring points data; and (3) to model the reservoir water characteristics regarding its 

deepness, trophic state, and turbidity. The parameters total phosphorus, total nitrogen, and chloro-

phyll-a were used to compute a trophic level index. The Sentinel-2 imagery was used to compute 

spectral indices and bands image ratio; to obtain spectral signatures for the monitoring points, and 

to model water characteristics. The water parameters were above the recommended values at the 

reservoir entry point from the Ocreza river. The reservoir trophic level was Hypereutrophic and 

Eutrophic. The spectral signatures confirmed a Hypereutrophic pattern in the entry point. The 

Marateca reservoir’s water characteristics modelling forecasted problematic zones by contamina-

tion. The methodological approach developed can be easily applied to other reservoirs and is a key 

support tool for decision-makers. 

Keywords: Trophic level index; spectral indices change; spectral signatures; Random For-

est algorithm. 

 

1. Introduction 

The need for sustainable urban water supplies requires that the quality of existing 

available water resources, as well as their watersheds, need to be under continuous mon-

itoring. As known, chlorophyll-a (Chl-a) is the major indicator of the trophic state of wa-

terbodies. Indeed, chlorophyll-a acts as a link between nutrient concentration, particularly 

phosphorus, and algal production [1].  

Phosphorus retention in sediments is a key contributor to the trophic status of water 

in a wide variety of ecosystems. The flow of phosphorus through the water-sediment in-

terface, which is regulated by adsorption and desorption processes, is critical for control-

ling the availability of dissolved phosphorus in the water column. However, the number 

of factors that can affect these mechanisms and their complexity seems to make it impos-

sible to generalize hypotheses enabling a rigorous mathematical simulation of this com-

partment. The release of phosphorus across the water-sediment interface is a complex 

process that results from the interaction of various mechanisms, which still have many 

unknowns, specifically when considering the retention of phosphorus in the deeper layers 

of sediments [2–5]. 

For more than four decades, remote sensing has illustrated strong capabilities to 

monitor and evaluate the quality of inland waters [1,6–9]. Indeed, optically active 
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constituents of water that interact with light and change the energy spectrum of reflected 

solar radiation from waterbodies can be measured using remote sensing. Nevertheless, 

this technique alone is not sufficiently precise and must be used in conjunction with tra-

ditional sampling methods and field surveying [1]. 

The most measured qualitative parameters of water obtained using remote sensing 

include chlorophyll-a (Chl-a), coloured dissolved organic matters (CDOM), Secchi disk 

depth (SDD), turbidity, total suspended sediments (TSS), water temperature (WT), total 

phosphorus (TP), sea surface salinity (SSS), dissolved oxygen (DO), biochemical oxygen 

demand (BOD) and chemical oxygen demand (COD) [1]. However, most of these param-

eters are correlated between themselves [1,6–9]. 

The parameters chlorophyll-a (Ch-a), turbidity, dissolved oxygen (DO), and total 

phosphorus (TP) have already been modelled with high efficiency using as explanatory 

variables single spectral bands, water spectral indices, and ratios from remote sensing im-

agery [6]. For instance, the Sentinel-2 Multispectral Imager (MSI) imagery and the corre-

sponding Sentinel-3 Ocean and Land Colour Instrument (OLCI) products have been used 

for aquatic applications to assess the parameter chlorophyll-a (Chl-a) and turbidity [7]. 

Indeed, Chl-a was mapped by spatial regression using the Sentinel-2 MSI imagery [8]. 

Other authors modelled a water quality index, that aggregates nine non-correlated water 

quality parameters, through machine learning algorithms using as explanatory variables 

several water spectral indices [9]. 

Climate change scenarios for Portugal suggest a substantial increase in the mean air 

temperature, especially in summer and inland sites. Regarding precipitation, climate ate 

forecast uncertainty will increase shortly. However, almost all previsions anticipate re-

ductions in mean precipitation and a decrease in the rainy season [10]. According to the 

official national climate bulletins by IPMA (Instituto Português do Mar e da Atmosfera – 

IPMA), having as reference the average precipitation in the period of 1971-2000, precipi-

tation reduction is already taking place early in the 21’s century. Indeed, the last hydro-

logical year of 2021/2022 is considered one of the driest, rising serious concerns about res-

ervoir water quality for urban supply. 

The Marateca reservoir supplies the municipality of Castelo Branco in central inland 

Portugal. A significant event occurred in April 2022 in this reservoir. Thus, the aims of 

this study were the following: (1) to explore the water quality parameters, available for 

the hydrological year of 2021/2022, at the monitoring points of the Marateca reservoir 

through the construction of spectral signatures, that may explain the event; (2) to validate 

the optical pollution signatures using the chemical variables measured in the selected 

monitoring points; and (3) to model the reservoir water characteristics regarding its deep-

ness, trophic state, and turbidity. 

The parameters total phosphorus (TP), total nitrogen (TN), and chlorophyll-a (Chl-a) 

were considered for the reservoir water quality characterization and to compute a trophic 

level index [11]. The Sentinel-2 imagery was used to obtain the spectral signatures in the 

monitoring points; to compute the Normalized Difference Water Index (NDWI), the Nor-

malized Difference Vegetation Index (NDVI), and the blue and green bands image ratio 

(B/G) to infer about optical water qualitative parameters; and to model the reservoir water 

characteristics using machine learning algorithms. 

2. Materials and Methods 

2.1. Study area 

The Marateca reservoir is in the municipality of Castelo Branco, Portugal (Figure 

1a,b). This reservoir is an embankment dam that was designed in 1982 on the Ocreza river 

and started operating in 1991. It has a height of 25 m above the foundation (24 m above 

the natural terrain) and a crest length of 1054 m (width 7.6 m). The volume of the dam is 

43.5 million m³. It has a maximum discharge capacity of 15.25 m³s-1 on the bottom dis-

charge plus 60 m³s-1 on the flood discharger. The dam's reservoir has a floodable surface 

of 6.34 km² at the full storage level and has a total capacity of 37.2 million m³ (useful ca-

pacity of 32.7 million m³). The water levels in the reservoir are 385 meters at full storage 
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level (FSL), 385.5 m at maximum flood level, and 375.5 m at minimum exploration level 

[12]. According to the Portuguese Land Cover and Land Use (LCLU), 2018 thematic map 

(COS2018)[13,14], the Marateca reservoir is surrounded mainly by agricultural areas and 

grassland (Figure 1c). 

  

(a) (b) 

  

(c) 

Figure 1. Study area: (a) Portugal and the Sentinel2A imagery tile (29 May 2022); (b) Marateca 

reservoir’s limit from the LCLU (COS 2018), and the monitoring points (Capt, P1, P2, P3, P4, and P5); 

and (c) LCLU (COS 2018) around the Marateca reservoir. 

2..2 Data 

2.2.1 Climatological data – local station  

The climatological data were obtained from the nearest local climate station to the 

study area in Castelo Branco, which is located approximately 40 km away from the town. 

The monthly climatological reports were downloaded from the national official portal of 

Instituto Português do Mar e da Atmosfera (IPMA) [15].  

In this study, the climatological data regarding the hydrological years of 2021/2022 

and 2022/2023 (from October 2021 to January 2023) were used to obtain the evolution of 

monthly average temperatures (minimum and maximum, ˚C) and of total monthly pre-

cipitation (mm) (Figure 2). These data were used to explain the changes observed in the 

study area throughout the above-referenced hydrological years.  
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(a) (b) 

Figure 2. Study area: (a) Castelo Branco climatological station (October 2021-January 2023) data – 

monthly, average, minimum, and maximum temperatures and total monthly precipitation [15]; and 

(b) Marateca reservoir‘s, monthly total capacity (million m3) (https://snirh.apambiente.pt/in-

dex.php?idMain=2&idItem=3). 

2.2.2 Sentinel2A imagery data 

The Sentinel2A imagery data were downloaded from the European Union’s earth 

observation program called Copernicus, website (https://sentinels.coperni-

cus.eu/web/sentinel/missions/sentinel-2). The Sentinel-2 is one of the various missions of 

the Copernicus. Currently, two twin Sentinel-2 satellites (A and B) offer coverage with a 

high spatial resolution (up to 10 m) and temporal resolution (5 days) [16]. The Sentinel-2 

MSI imagery has 13 spectral bands covering the spectral range of 440–2180 nm, with spa-

tial resolutions of 10, 20, and 60 m (Table 1). 

Table 1. Sentinel-2 MSI – spectral bands and spatial resolution [17]. 

Band Name 
Central wavelength 

(nm) 

Spatial resolution 

(m) 

1 Coastal aerosol 443 60 

2 Blue 490 10 and 20 

3 Green 560 10 and 20 

4 Red 665 10 and 20 

5 Red-edge 1 705 20 

6 Red-edge 2 740 20 

7 Red-edge 3 783 20 

8 NIR 842 10 

8a NIR narrow 865 20 

9 Water vapour 945 60 

10 Cirrus 1375 60 

11 SWIR 1 1610 20 

12 SWIR 2 2190 20 

 

In this study, the Sentinel-2 Multispectral Instrument (MSI) imagery, level 2A (at-

mospherically, radiometrically, and geometrically corrected), were downloaded for 16 

monthly dates of the last and current hydrological years (from October 2021 to January 

2023) (Table 2).  
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Table 2. Sentinel-2A MSI imagery – dates of acquisition. 

Year Date of acquisition 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

2021          11 30 30 

2022 29 28 30 29 29 28 28 27 26  5 and 25  

2023 4 and 24            

2.2.3 Water quality parameters – monitoring points data 

The water quality parameters were downloaded from the official national hydric re-

sources information system SNIRH (Sistema Nacional de Informação de Recursos Hídri-

cos) website (https://snirh.apambiente.pt/index.php?idMain=2&idItem=3).  

This reservoir has several strategically placed monitoring points for water quality 

measurement (Figure 1b). The available parameters considered were the following: total 

phosphorus (TP), total nitrogen (TN), chlorophyll-a (Chl-a), total suspended solids (TSS), 

turbidity (TUR), and dissolved oxygen (DO). 

The caption point (Capt) was the only one with continuous data collection through-

out the hydrological year of 2021-2022 for most of the parameters. While the date of 27 

April 2022 (Figure 3) was the one with data collection in almost all monitoring points 

(Capt, P1, P3, P4, and P5). The P2 point was not considered for validation as no infor-

mation was available for April 27, 2022. 

2.3 Methods 

2.3.1 Composites, spectral indices, ratios imagery, and spectral signatures 

A Geographical Information System (GIS) software, the free open-source software 

SAGA (System for Automated Geoscientific Analyses) (https://saga-gis.source-

forge.io/en/index.html) was used to perform all the computations with the Sentinel2A im-

agery. The Coordinate System [EPSG 32629]: WGS84/UTM zone 29N was used. 

The false colour composition (FCC; Figures A1), the spectral indices Normalized Dif-

ference Water Index (NDWI) and Normalized Difference Vegetation Index (NDVI), and 

the spectral blue and green bands image ratio (B/G) were computed for the 16 dates using 

the spatial resolution of 10 m imagery (Table 3). 

As it is known, the NDWI values range from -1 to 1, where water surfaces usually 

fall within 0.2 to 1; flooding, humidity within 0 to 0.2; moderate drought, non-aqueous 

surfaces within -0.3 to 0; and drought, non-aqueous surfaces within -0.1 to -0.3 [18].  

Regarding the NDVI values they also range from -1 to 1, where water surfaces, 

manmade structures, rocks, clouds, and snow correspond to negative values; bare soil 

usually falls within the 0.1–0.2 range and plants will always have positive values between 

0.2 and 1. Particularly, a healthy, dense vegetation canopy should be above 0.5, and sparse 

vegetation will most likely fall within the 0.2 to 0.5 range [19]. 

The monthly difference indices dNDWI and dNDVI were also computed to highlight 

the changes observed from October 2021 to January 2023 in Marateca reservoir, particu-

larly the ones between the 30 March 2022 (pre-event), 29 April 2022 (post-event1), and 29 

May 2022 (post-event2). 
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Table 3. Spectral indices and ratios (spatial resolution 10 m). 

Acronym Spectral bands Formula Equation 

NDWI G - green band 

NIR - near infrared band 

(𝐺 − 𝑁𝐼𝑅)

(𝐺 + 𝑁𝐼𝑅)
 

(𝐵3 − 𝐵8)

(𝐵3 + 𝐵8)
 

NDVI R - red band 

NIR - near infrared band 

(𝑁𝐼𝑅 − 𝑅)

(𝑁𝐼𝑅 + 𝑅)
 

(𝐵8 − 𝐵4)

(𝐵8 + 𝐵4)
 

B/G  B - blue band 

G - green band 

𝐵

𝐺
 

𝐵2

𝐵3
 

To extract the Marateca reservoir a single-band threshold approach based on the NIR 

band histogram (digital number DN<1300) at the total capacity date (e.g., 5 Jan 2023 - 37.2 

million m³; Figure 2b) was used to obtain a water mask (Boolean) (Figure 3).  

Then, this water mask grid was converted to shape format (polygons) and used to 

extract the Marateca reservoir from the imagery previously computed with the spatial 

resolution of 10 m (NDWI, NDVI, B/G ratio, dNDWI, and dNDVI). 

   
5 Jan 23 (total capacity 31 Dec 22) NIR band histogram Water mask (DN<1300) 

(a) (b) (c) 

Figure 3. Study area – Marateca reservoir: (a) FCC at total capacity (e.g., 5 Jan 2023 – 37.2 million m3); (b) 

Near-infrared band (NIR) histogram and threshold for the water mask; and (c) Water mask (Boolean). 

The nine spectral bands (e.g., B, G, R, R-edge 1, R-edge 1, R-edge 1, NIR narrow, 

SWIR 1, and SWIR2) of 20 m spatial resolution were used to obtain the spectral signatures 

at the monitoring points for the dates of 30 March 2022 (pre-event), 29 April 2022 (post-

event1) and 29 May 2022 (post-event2).  

2.3.1 Water quality parameters – monitoring and validation data 

The monitoring date of 27 April 2022 was chosen for validation because some days 

before a significant number of dead fish were found in the reservoir, an event reported by 

the local news on 10 April 2022.  

The selected parameters for the water quality characterization were TP, TN, and 

Chl-a* estimated values based on TP, using the equation proposed by [11] (Equation 1). 

 

𝐿𝑛(𝐶ℎ𝑙 − 𝑎) =
(𝐿𝑛 (𝑇𝑃)+2.5136)

1.2354
        Eq.1 

Trophic classifications for lakes are an important issue concerning lake ecosystem 

function for aquatic scientists [20–23]. General functional features exist among the lakes 

in each of the main categories of trophic status. Conceptually it is universal to consider 

three main groups: oligotrophic lakes, corresponding to low nutrients, low algal biomass, 

DN<1300 
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high clarity, and deep photic zones; eutrophic lakes where it is frequent blooms of cyano-

bacteria with high total nutrients and the mesotrophic level corresponding to intermediate 

characteristics (Dodds et al, 1998). Additionally, a reservoir trophic level index (RTLI –

(TP)), based on TP values, was calculated according to Lamparelli [11] (Equation 2), as 

follows: 

𝑅𝑇𝐿𝐼 − (𝑇𝑃) = 10 ∗ (6 − (
1.77 − 0.42 ∗

(𝐿𝑛 𝑇𝑃)

𝐿𝑛2 ))     Eq.2 

Lamparelli [11] considers six different levels of the Trophic status: Ultraoligotrophic 

(IET-(TP) <=47), oligotrophic (47<IET-(TP) <=52), mesotrophic (52<IET-(TP) <=59); eu-

trophic (59<IET-(TP) <=63); super-eutrophic (63<IET-(TP) <=67) and hypereutrophic (IET-

(TP)>67). Where the first level corresponds to clean water and the following levels to in-

creasing eutrophication. 

The water quality chemical parameters TP, TN, estimated Chl-a*, and the reservoir 

trophic level index (RTLI –(TP)) were used to validate the spectral signatures on 29 April 

2022, using the closest monitoring day, 27 April 2022. 

2.3.3 Water characteristics modelling 

The spectral bands, the spectral indices, and the bands’ ratios allowed for obtaining 

information about some water quality parameters with optical active constituents, 

namely: DO, TP, TSS, TUR, and Chl-a (Table 4).  

Table 4. Water quality parameters with optical active constituents measured by remote sensing [1,6–9]. 

Acronym TP Chl-a  TSS  TUR DO 

NDVI  x    

B/G  x x x x x 

Legend: TP – total phosphorus, Chl-a – chlorophyll, TSS – total suspended solids, TUR – turbidity and 

DO – dissolved oxygen. 

Additionally, the 13 optical water types for inland waters, from hyperspectral water 

reflectance measurements, by Spyrakos et al. [24] were used as a reference to support the 

analysis of the spectral bands’ image ratio (B/G) (Figure 4).  

 

 

 

Figure 4. Optical water types by Spyrakos et al. (2018). 

Based on the analysis of the spectral indices performed from October 2021 to January 

2023 (NDWI, NDVI, and B/G) the date of 29 May 2022 was then selected as one presenting 

the highest variability, to define the spectral signatures for the water characteristics classes 

considered: 1 – Deepwater; 2 – Shallow water; 3 – Eutrophic water; 4 – Median deep water; 

and 5 – Turbid water.  
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The nine spectral bands of the spatial resolution of 20 m imagery (e.g., B, G, R, R-

edge 1, R-edge 1, R-edge 1, NIR narrow, SWIR1, and SWIR2; Table 1) for the date of 29 

May 2022 were used to support the classification and modelling procedures for water 

characteristics. The FCC, NDWI, NDVI, and B/G ratios were computed with the spatial 

resolution of 20 m imagery. Afterward, the water mask grid was used to extract the Mara-

teca reservoir from the nine bands and the computed imagery.  

A principal components analysis was performed to highlight the nine bands’ varia-

bility (e.g., the first principal component image explains about 95% or more of the data’s 

variance). A false colour composite was obtained with the B/G ratio, NDVI, and NDWI 

imagery. An unsupervised procedure (e.g., K-means cluster analysis for grids) was used 

to determine the natural spectral classes in the imagery. In this case, four, five, and 10 

clusters were essayed. 

Furthermore, a supervised classification was performed based on this first explora-

tory analysis and ground-truth knowledge supported by the Marateca reservoir monitor-

ing points water quality parameters data. The first step of a supervised classification is to 

set the training areas that will be used as a reference to generate class signatures using the 

nine spectral bands. The water quality classes considered were as follows: 1 – Deepwater; 

2 – Shallow water; 3 – Eutrophic water; 4 – Median deep water; and 5 – Turbid water. The 

second step is the classification by using classifiers algorithms (e.g., the maximum likeli-

hood - MaxLike) that will classify the entire image into the set of spectral classes previ-

ously identified.  

Random Forest algorithm (ML-RF) was used as a machine learning procedure and 

performed for the dates of 30 March 2022 (pre-event), 29 April 2022 (post-event), and 29 

May 2022 (post-event) using the training areas digitalized for the date 29 May 2022. 

The error matrix was computed to assess the training areas’ quality and to compare 

the imagery classification and simulation by the different approaches essayed. The error 

matrix is obtained by comparing the land cover category found in the training sub-set 

(ground-truth) to that which was obtained in the classification phase for the same location. 

It shows the distribution of the percentage of pixels classified correctly and in an errone-

ous way. The statistical accuracy assessment, derived from the error matrix, that was con-

sidered were: the overall accuracy that allowed evaluating the overall thematic classifica-

tion of the map produced; and Cohen’s Kappa coefficient. This last statistic allows quan-

tifying the model accuracy concerning the expected accuracy using a random assignment 

of pixels to categories. The Kappa statistics considers all elements of the confusion matrix 

in its evaluation (i.e., also includes the elements off the main diagonal, which represent 

disagreements in classification) as opposed to the overall accuracy which uses only the 

diagonal elements (real agreement) [25]. 

3. Results 

3.1 Composites, spectral indices, ratios imagery, and spectral signatures 

The FCC, NDWI, NDVI, and B/G ratio imagery (10 m spatial resolution) for the dates 

of 30 March 2022 (pre-event), 29 April 2022 (post-event1), and 29 May 2022 (post-event2) 

showed that in March land cover had high humidity due to the high precipitation oc-

curred in that month (Figure 2a; Figure 5a). A plume entering point P5 was observed both 

in the DNWI and B/G ratio images (Figure 5b, d). 
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(a) FCC 

   
(b) NDWI 

   
(c) NDVI 

   
(d) B/G ratio 

30 March 2022 (pre-event) 29 April 2022 (post-event1) 29 May 2022 (post-event2) 

Figure 5. Study area – Marateca reservoir imagery (10 m spatial resolution) for the dates of 30 

March 2022, 29 April 2022, and 29 May 2022: (a) FCC; (b) NDWI; (c) NDVI; and (d) B/G ratio. 

The monthly difference indices dNDWI and dNDVI between the dates of 30 March 

2022 (pre-event), 29 April 2022 (post-event1), and 29 May 2022 (post-event2) also high-

lighted the changes that occurred (Figure 6): intense precipitation in March followed by 
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almost no precipitation in April and May (Figure 2a) making the impact of any contami-

nation less diluted. 

 

  

(a) dNDWI (30 March – 29 April) (b) dNDWI (29 April – 30 May) 

  

(c) dNDVI (30 March – 29 April) (d) dNDVI (29 April – 30 May) 

Figure 6. Study area – Marateca indices change: (a) dNDWI (30 March – 29 April); (b) dNDWI (29 

April – 30 May); (c) dNDVI (30 March – 29 April); and (d) dNDVI (29 April – 30 May). 

Overall, between pre-event and post-event1 the dNDWI showed positive values, but 

a noticeable plume was observed from the entry point P5 (Figure 6a). Between post-event1 

and post-event2 negative values were observed (Figure 6b). Conversely, the dNDVI 

showed negative values between pre-event and post-event1 (Figure 6c) and positive val-

ues between post-event1 and post-event2 (Figure 6d).  

Thus, indicates firstly an increase in moisture content, particularly at the east side of 

the reservoir (Figure 6a), with a decrease in eutrophication also at the east side and mostly 

at the reservoir water entries (Figure 6c), due to high precipitation in March (Figure 2a). 

After occurred a decrease in moisture content (Figure 6b) and an increase in eutrophica-

tion, mostly at the entry point P5 (Figure 6). 

The spectral signatures at the monitoring points for the dates of 30 March 2022 (pre-

event), 29 April 2022 (post-event1), and 29 May 2022 (post-event2) showed a general trend 

of increasing differentiation between the monitoring points (Figure 8).  
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(a) 30 March 2022 (pre-event) (b) 29 April 2022 (post-event1) (c) 29 May 2022 (post-event2) 

Figure 7. Study area – Marateca reflectance curves for the monitoring points (Capt, P1, P2, P3, P4, 

and P5): (a) 30 March 2022 (pre-event); (b) 29 April 2022 (post-event); and (c) 29 May 2022 (post-

event). 

3.2 Water quality parameters – monitoring and validation data 

The Capt monitoring point was the only point with consistent continuous data col-

lection from October to April 2022. On 8 March 2022 (pre-event) the Capt point revealed 

very high values for the parameters TP, TN, and Chl-a and moderate values for TSS and 

TUR (Figure 8). On 10 April 2022, a significant number of dead fish in the reservoir was 

observed. 

  

   
   

   
Figure 8. Study area – Marateca’s water quality parameters at the monitoring sampling point Capt 

from October 2021 to April 2022: TP – total phosphorus, Chl-a – chlorophyll, TSS – total suspended 

solids, TUR – turbidity, and DO – dissolved oxygen. 

On 27 April 2022 (post-event1) the water quality parameters for TP and TN were 

available for almost all monitoring points (Capt, P1, P3, P4, and P5) and thus they were 

the focus of this study analysis, for validation purposes (Figure 9). 

The evaluation of the obtained values for the five monitoring points (Capt, P1, P3, 

P4, and P5) regarding the TP maximum admissible value of 35 μgL-1 (DL nº152/2017, 7th 
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of December)[26] resulted in high values in point P5, intermediate value in point P1, and 

low values in points Capt, P3, and P4 (Figure 9a). 

  

(a) (b) 

  

(c) (d) 

Figure 9. Values at monitoring points (Capt, P1, P3, P4, and P5) on 27 April 2022 (post-event) for: (a) 

TP – total phosphorus; (b) TN – total nitrogen, (c) Chl-a* – estimated chlorophyll-a; and (d) RTLI (TP) 

– reservoir trophic level index [11].  

Considering as reference for TN the maximum admissible value of 1,5 mgL-1 (DL 

nº152/2017, 7th of December)[26], high values were observed in points P1, P3, and P5, in-

termediate values in point Capt, and a lower value in point P4. It is worth noticing, that 

point P5 had the highest values for both TP and TN and above the recommended maxi-

mum admissible values (Figure 9b).  

Concerning the estimated values of Chl-a* and assuming the recommended value of 

20 μgL-1 for reservoirs by APA (Portuguese Environmental Agency) it is possible to ob-

serve that the distribution is as expected concordant with the one for the TP and exceeds 

the recommended value in all the monitoring points. 

The reservoir trophic level index (RTLI –(TP)) showed two levels [11]: Hyper-

eutrophic level in points P1, and P5; and Eutrophic level in points Capt, P3, and P4. There-

fore, revealing a reservoir requires corrective action (Figure 9c). 

The spectral signatures for the monitoring points on 29 April 2022 (Figure 7b) were 

consistent with the water quality chemical parameters TP, TN, and Chl-a* estimated and 
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the reservoir trophic level index (RTLI –(TP)) for the date of 27 April 2022 (Figure 8). For 

point P5 the spectral signature pattern was close to the Hypereutrophic water-type curve 

(Figure 4). 

3.3 Water characteristics modelling 

The imagery for the date of 29 May 2022 (Figure 5) showed to have the highest vari-

ability in water characteristics throughout this reservoir when compared to the dates of 

30 March and 29 April 2022. The spectral signatures at the monitoring points also showed 

to have less spectral confusion on 29 May 2022 (Figure 7c). This variability was also high-

lighted by the first principal component image and the false colour composite image from 

the B/G ratio, NDVI, and NDWI imagery (Figure 10a, b).  

The nine spectral bands (e.g., B, G, R, R-edge 1, R-edge 1, R-edge 1, NIR narrow, 

SWIR1, and SWIR2) natural clustering with four, five, and 10 clusters obtained by the 

unsupervised procedure (e.g., K-means cluster analysis for grids) also emphasized the 

variability previously observed and highlighted possible training areas with no spectral 

confusion (Figure 10c). 

 Based on the unsupervised clustering image and the ground-truth knowledge, sup-

ported by the Marateca reservoir monitoring points water quality chemical parameters 

data, the digitalized training areas (polygons) for five water characteristics classes consid-

ered (e.g., 1 – Deepwater; 2 – Shallow water; 3 – Eutrophic water; 4 – Median deep water; 

and 5 – Turbid water) revealed again that its spectral signatures had no spectral confusion 

(Figure 11). 
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(a) 1st principal component (PCA_1) 

   
(b) Indices composite NDVI-BG-NDWI 

   
(c) unsupervised classification (K-means Clusters) with five clusters 

30 March 2022 (pre-event) 29 April 2022 (post-event1) 29 May 2022 (post-event2) 

Figure 10. Study area – Marateca reservoir imagery (20 m spatial resolution) for the dates of 30 March 

2022, 29 April 2022, and 29 May 2022: (a) 1st principal component (PCA_1); (b) indices composite 

NDVI-BG-NDWI; and (c) unsupervised classification (K-means Clusters) with five clusters. 
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(c) (d) 

Figure 11. Study area – Marateca reservoir reflectance curves on 29 May 2022 imagery of 20 

m spatial resolution: (a) training areas (polygons); and (b) reflectance curves for the 

considered five water classes (e.g., 1 – Deepwater; 2 – Shallow water; 3 – Eutrophic water; 4 – 

Median deep water; and 5 – Turbid water). 

The error matrix computed to validate the training areas (Figure 11a) against the clas-

sified image by the classifier of the maximum likelihood (MaxLike) delivered an overall 

accuracy and a Cohen’s Kappa coefficient of 99%. The error matrix between the Maxlike 

image and the Cluster 5 image (Figure 10c) delivered an overall accuracy of 72% and a 

Cohen’s Kappa coefficient of 45%.  

The error matrix between the ML-RF simulated image (Figure 12b), modelled using 

the training areas (Figur2 11a), and the Cluster 5 image (Figure 10c) delivered an overall 

accuracy of 76% and a Cohen’s Kappa coefficient of 53%. The ML-RF simulated images 

for the dates of 30 March 2022, 29 April 2022, and 30 May (Figure 12), using the training 

areas digitalized on 29 May 2022 (Figure 11a), clearly identified the natural clusters (Fig-

ure 10c), particularly the plume at the entry point P5 and the eutrophication zones (Fig-

ures 5 and 6). 

   
30 March 2022 (pre-event) 29 April 2022 (post-event1) 29 May 2022 (post-event2) 

Figure 12. Study area – Marateca reservoir imagery modelling by ML-RF for (a) 30 March 2022; (b) 

29 April 2022; and (c) 29 May 2022.  
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4. Discussion 

This study results revealed that on 8 March 2023, the water quality parameters TP, 

TN, and Chl-a showed high values in the Capt point. After, on 10 April 2022 a significant 

number of dead fish in the reservoir was observed. On 27 April 2022 the TP, TN, and 

estimated Chl-a* values were above the recommended values (e.g., 35 μgL-1, 1,5 mgL-1, 

and 20 μgL-1, respectively) in several monitoring points (e.g., P1, P2, P3, and P5). The res-

ervoir trophic level index (RTLI –(TP)) [11] showed two levels: The hypereutrophic level 

(points P1, P2, and P5) and the Eutrophic level (points Capt, P3, and P4). Thus, confirming 

it as one of the most problematic, entry point P5. The spectral information is concordant 

with these results allowing us to validate the nominal spectral signatures, namely, for TP, 

TN, and Chl-a*. 

Indeed, the principal sources of nutrients in lakes and reservoirs are land runoff and 

atmospheric inputs. Relatively small internal reservoirs, such as Marateca, are highly sen-

sitive to seasonal intakes. Runoff and atmospheric inputs may vary significantly in the 

concentration and ratio of TP and TN, and, therefore, in the proportion of organic and 

inorganic forms of these nutrients [27,28]. 

Considering the Marateca reservoir characteristics, two reasons may explain the ele-

vated levels of TP, TN, and estimated Chl-a. One possibility is eutrophication due to ag-

ricultural fertilizers. In this scenario, a high TP value and a lower TN value would be 

expected. The second possibility is soil erosion with the transport of large amounts of nu-

trients into the reservoir, especially phosphorus which tends to adhere to soil particles, 

while nitrogen more soluble can be washed away more easily [29]. 

Furthermore, the identified Hypereutrophic and Eutrophic levels refer to excessive 

growth of algae and other aquatic plants in the water body. This growth is often caused 

by an excess of nutrients such as phosphorus and nitrogen in the water. When these nu-

trients are available in abundance, algae, and other plants can grow very quickly, leading 

to the water body becoming overgrown and appearing green or brown in colour. This 

excess growth of plants can also lead to a depletion of oxygen in the water, which can 

harm fish and other aquatic life, and are often the result of human activities such as agri-

culture, urbanization, and industrialization.  

The spectral signatures for the monitoring points on 29 April 2022 also confirmed 

that the spectral signature pattern in point P5 is close to the Hypereutrophic water-type 

reflectance curve. From March to May 2022 a general trend of increasing differentiation 

between the monitoring points was observed.  

Due to the high precipitation in March an increase in moisture content, particularly 

at the east side of the reservoir was observed, along with a decrease in eutrophication also 

at the east side and mostly at the reservoir water entries. During the following two 

months, there was no significant precipitation, consequently, a decrease in moisture con-

tent and an increase in eutrophication occurred, mostly at the entry point P5. 

In this study, five water characteristics classes were differentiated in the Marateca 

reservoir (e.g., 1 – Deepwater; 2 – Shallow water; 3 – Eutrophic water; 4 – Median deep 

water; and 5 – Turbid water) using the spectral signatures created with the 29 May 2022 

imagery. The ML-RF simulated image, modelled using these training areas, delivered an 

overall accuracy of 76% and a Cohen’s Kappa coefficient of 53% when compared to the 

Cluster 5 image (natural clustering) proving to be robust. Thus, these training areas al-

lowed modelling of Marateca reservoir water characteristics for the period under analysis 

(March, April, and May 202) forecasting the problematic zones either due to drought 

and/or contamination.  

Indeed, the Sentine2A imagery proved to be of value to monitor and evaluate reser-

voir water quality in conjunction with traditional sampling methods and field surveying 

[1,6–9].  

The methodological approach developed in this study can be easily applied to other 

reservoirs and is a key support tool for decision-makers. Nevertheless, continuous moni-

toring with consistent data collection over time is mandatory. Furthermore, the water 
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sample’s location should be improved to provide a better distribution of water quality 

parameters throughout the entire reservoir for effective variability monitoring. 
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Appendix 
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24 January 2023  
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Figure A1. Study area – Marateca reservoir: FCC imagery (October 2021 to January 2023). 
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