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Aquaculture Expansion and Hydrometeorological Conditions in Brazil’s Main Aquaculture Hub Using Machine 

Learning 

 

Abstract: Changes in land use and land cover in Brazil have reduced water availability, this scarcity affects pond-based 

aquaculture. In the face of hydrometeorological uncertainties in South America, this study analyzes the expansion of 

aquaculture and its relationship with water availability across river watersheds in the state of Paraná between 2015 and 

2025, and projects precipitation scenarios through 2035. Sixteen river watersheds were evaluated using spatiotemporal 

data derived from remote sensing, geoprocessing, and a machine learning classifier implemented on the Google Earth 

Engine (GEE) platform. Furthermore, the Random Forest algorithm was employed to develop a predictive model of water 

availability for the state of Paraná. Temporal mapping achieved high overall accuracies, ranging from 0.89 to 0.98. The 

results indicate a spatially concentrated expansion of aquaculture farms in the Paraná and growth rates varying between 

600% and 900%. Simultaneously, declining streamflow trends were observed across all analyzed watersheds. State-level 

aquaculture shows watersheds with water deficits and negative production correlations and favorable conditions and 

positive aquaculture growth, especially in western and northern regions of the state. Water availability prediction using 

Random Forest showed consistent average performance (R² = 0.73, MAE = 0.026, MSE = 0.001, and RMSE = 0.034). 

Analysis of precipitation projections (2026–2035) indicated a decreasing, particularly under the SSP2-4.5 scenario. This 

scenario presents a challenging outlook for aquaculture growth in the short to medium term, highlighting the need for 

continuous monitoring and geospatial planning to guide aquaculture expansion, promote a more balanced distribution of 

productivity, and enhance water security. 

 

Keywords: sustainable; machine learning; water resources; climate change; aquaculture. 

 

1. Introduction 

 

By 2030, the global population is expected to reach 8.5 billion, and approximately 10 billion by 2050, 

intensifying pressure on food systems (FAO, 2024). This scenario makes the management of essential resources, such as 

water, even more critical, as water availability is expected to become increasingly scarce (Béné et al., 2015; Łągiewska 

& Bartold, 2025), particularly due to the impacts of climate change (Pérez-Cutillas & Salhi, 2024). In addition, changes 

in land use and land cover exert a direct influence on the functioning of river watersheds, affecting parameters such as 

water yield, surface runoff, and evapotranspiration (Kundu, Khare, & Mondal, 2017). These changes may lead to reduced 

water availability (Bao et al., 2019), as they contribute to decreased precipitation, rising temperatures, and intensified 

evapotranspiration (Ciampittiello, Marchetto, & Boggero, 2024; Novruzova, 2021). In this context, the adoption of 

planning and management actions becomes indispensable (Almeida et al., 2023; Guo et al., 2020). 

Studies conducted in Brazil indicate that changes in land use and land cover have contributed to reduced 

precipitation and increased land surface temperature and evapotranspiration (Silva, Lopes, & Santos, 2023), directly 

affecting the water balance (Rocha et al., 2021) and water availability (Silva, Heriberto de Castro Teixeira, & Lilla 

Manzione, 2019). In recent years, southern Brazil has experienced significant losses in the agricultural sector, either due 

to severe droughts, such as those recorded in 2023, or floods, such as the events that occurred in May 2024 in the state of 

Rio Grande do Sul (Nóia-Júnior, Christo, & Pezzopane, 2025). Even in regions of the country with substantial water 

reserves, changes in basin hydrology have been observed, mainly associated with the expansion of monoculture systems 

(Cremon et al., 2025; Ferreira et al., 2023; Funatsu et al., 2025; Serrão et al., 2020). This set of changes is likely to 

significantly affect economic development, human livelihoods, and environmental quality (Nascimento, Borges, & Diniz 
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Melo, 2023) across several Brazilian regions (Tavares et al., 2023), with even more pronounced effects in productive 

sectors that depend on freshwater resources (Althoff, Rodrigues, & Silva, 2021; Rocha et al., 2021). 

Trends in water availability in Brazil indicate a continuous increase in water consumption (ANA, 2024), in line 

with global trends (Siyal, Gerbens-Leenes, & Vaca-Jiménez, 2023). Although Brazil holds considerable water reserves 

(Barbedo et al., 2022), the emerging national water scenario is critical (Uchôa et al., 2024). According to the National 

Water and Sanitation Agency, the impacts of climate change are already being observed in national water resources, while 

water demand has increased substantially, with an estimated rise of approximately 80% in total water withdrawals over 

the past two decades (ANA, 2024). By 2030, demand is expected to increase by about 24%, mainly driven by the 

agricultural sector (Barbedo et al., 2022; Biazar et al., 2025; Greve et al., 2018; Mello et al., 2019; Passos et al., 2025). 

In Brazil, aquaculture is often treated as a secondary activity, highlighting the need for a better understanding 

of its production chain (Valenti et al., 2021; Pacheco et al., 2025). Although it gained a more industrial profile in the 

1970s (Loureiro et al., 2024; Valenti et al., 2021), the sector has since expanded to include over 60 edible species and 

around 250 ornamental species (Welter et al., 2021). Production increased from 476.5 thousand tons in 2013 to 791.5 

thousand tons in 2023 (IBGE, 2024), with tilapia leading this growth and Paraná standing out as the main producer 

(Anuário Peixe BR, 2025; IBGE, 2024). 

Given the impacts of climate change on aquaculture and food security (IPCC, 2023; WMO, 2023; FAO, 2020, 

2024; Karanth et al., 2023), incorporating adaptation measures is essential, though limited by the lack of sector-specific 

analyses on vulnerabilities and risks (Naylor et al., 2021; Rajandran et al., 2022; Weitzman, Filgueira, & Grant, 2021; 

Barange et al., 2018). In Paraná, this requires short-term planning, improved water management, and investments in 

infrastructure and insurance (Vallino, Ridolfi, & Laio, 2020; Nóia-Júnior, Christo, & Pezzopane, 2025; Pillar & Overbeck, 

2024). It also demands research and policies to guide aquaculture expansion under local conditions (Fong et al., 2024; 

Pacheco et al., 2025; Wrege et al., 2016; Novo et al., 2022). Adaptation depends on assessing future water demand and 

production risks, alongside sustainable water storage (Fong et al., 2024; Zhao et al., 2025b). While aquaculture supports 

food security, it may impact ecosystems (Wang et al., 2023), making geospatial tools essential for sustainable 

management and decision-making (São José et al., 2022; Wang et al., 2024; Dapieve et al., 2023; Ottinger et al., 2022). 

Satellite remote sensing combined with geographic information systems has proven effective for complex 

analyses (Farias et al., 2023; Wang et al., 2024), including climate change impacts on water resources and assessments 

of water availability (Garajeh et al., 2024), especially in data-scarce regions (Laipelt et al., 2021). High-resolution 

aquaculture mapping supports inventory analyses and sustainable development (Ottinger, Clauss, & Kuenzer, 2018; Silva 

et al., 2024; Sun et al., 2024), as well as drought monitoring using precipitation and soil moisture data (AghaKouchak et 

al., 2015). Tools such as Google Earth Engine (GEE) expand these capabilities (Kumar & Mutanga, 2018; Vizzari et al., 

2025) by enabling large-scale processing of remote sensing data (Amani et al., 2020; Campos-Taberner et al., 2018; 

Pérez-Cutillas et al., 2023; Velastegui-Montoya et al., 2023). These platforms support the monitoring of environmental 

dynamics and aquaculture expansion, as well as its relationship with water demand (Diniz et al., 2021; Silva et al., 2024; 

Souza et al., 2020), while contributing to ecosystem conservation (Amani et al., 2020; Silva et al., 2024; Sun et al., 2024). 

Integrated with artificial intelligence (Et-taibi et al., 2024; He et al., 2025), big data, and automation, they enhance the 

prediction of environmental scenarios (Erekalo et al., 2024), support climate adaptation strategies (Parra-López et al., 

2025), and improve natural resource management through more efficient responses to water scarcity (Sapitang et al., 

2024; Wang & Razmjooy, 2024). 

Considering that aquaculture in Brazil has exhibited rapid growth compared to other major food production 

sectors (FAO, 2024), and that this production occurs predominantly in pond-based systems and cage culture, increasing 

pressure on water availability has been observed in river watersheds already affected by hydrometeorological events 
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(ANA, 2024). This context may compromise water availability for other uses (Laipelt et al., 2024) and pose challenges 

to water governance (Lopes et al., 2021; Yvoz et al., 2025), particularly in the process of granting water-use permits. 

Accordingly, this study investigates the expansion of aquaculture and its relationship with water availability in river 

watersheds between 2015 and 2025, including precipitation projections through 2035, in the state of Paraná, Brazil. 

 

2. Methodology 

2.1. Study Area 

 

The study was conducted in the state of Paraná (Figure 1), southern Brazil, within the Atlantic Forest biome 

(Cunico & Prim, 2018). The climate is predominantly humid subtropical, with hot or mild summers (Alvares et al., 2013), 

and average annual precipitation is approximately 1,550 mm. The landscape is characterized by plateau surfaces with 

moderate to high drainage density and mostly flat to gently undulating relief, favoring agriculture. Deep soils (Ferralsols 

and Nitisols) dominate flatter areas, while shallow soils (Regosols, Leptosols, and Cambisols) occur in more dissected 

terrains (Silva et al., 2021). 

 

 

Figure 1. Location of the study area in Brazil. 

 

2.2. Datasets 

 

Aquaculture mapping used PlanetScope imagery (4.77 m resolution) (Planet Team, 2017), available via the 

Norway’s International Climate and Forest Initiative (NICFI) program and accessed through Google Earth Engine (GEE) 

for 2015–2025. Hydroclimatic variables (2015–2024), including precipitation, evapotranspiration, temperature, runoff, 

soil moisture, and projections, were also obtained from GEE. Additional data on river discharge, basin boundaries, and 

aquaculture production were sourced from governmental databases (Table 1). 
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Figure 2. Methodological workflow. 

 

2.3. Temporal Analysis of Aquaculture Farms. 

 

Temporal mapping of aquaculture farms followed the methodology of Silva et al. (2024), based on pixel-

oriented supervised classification of high-resolution PlanetScope imagery (4.77 m; B, G, R, and N bands) (Figure 2). 

Processing was carried out in the Google Earth Engine (GEE) platform (Gorelick et al., 2017), which enables large-scale 

data handling (Kanja et al., 2025). Spectral indices were extracted, and training and validation samples were collected to 

support classification into water and non-water classes, followed by post-classification refinement using geometric filters. 

Accuracy was assessed using the Random Forest (RF) algorithm, an ensemble method that reduces overfitting by 

combining multiple decision trees. For each pixel, the final class was defined by majority voting. Model performance was 

evaluated by reserving 20% of samples annually, generating confusion matrices (Figure 3c) and Overall Accuracy (OA) 

values (Table 2). Additionally, the spatial classification results were integrated into a Geographic Information System 

(GIS) environment (QGIS 3.28.2, 2024), where kernel density maps were produced. 

 

Table 1. Summary of datasets used. 

Variable Source 
Spatial 

Resolution 

Temporal 

Resolution 
Description Reference 

Spectral bands 
and indices 

Imagens PlanetScope 
Norway’s International 

Climate and Forest Initiative 
NICFI 

4,77 m Monthly 

Provides monthly high-
resolution satellite imagery to 

support tropical forest 
monitoring, emission 

reduction, and the prevention 

PlanetScope, 
(2017) 
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Variable Source 
Spatial 

Resolution 

Temporal 

Resolution 
Description Reference 

of deforestation and 
degradation. 

Precipitation (P, 
mm) 

CHIRPS/DAILY (Climate 

Hazards Group InfraRed 

Precipitation with Station 

Data) 

~5 km 
Daily 

(monthly 
aggregated) 

Combines satellite data and 
rain gauge observations; 

historical time series. 

Funk et al. 
(2015) 

Precipitation 
projections (P, 

mm) 

NASA/GDDP-CMIP6 
(NASA Goddard Institute for 

Space Studies - Coupled 

Model Intercomparison 

Project Phase 6 - CMIP6) 

~27 km Daily 

Composed of downscaled 
global climate scenarios based 
on simulations, covering two 

greenhouse gas emission 
pathways known as Shared 
Socioeconomic Pathways 

(SSPs). 

Tebaldi et al 
2021 

Actual 
evapotranspiration 

(ET, mm) 

MODIS MOD16A2GF 
(Moderate Resolution 

Imaging Spectroradiometer) 
500 m 

8-day 
(monthly 

aggregated) 

Estimates based on 
ecophysiological and 

meteorological algorithms; 
suitable for hydrological 

monitoring. 

NASA 
(2023) 

Surface runoff 
(RO, mm) 

TerraClimate ~4 km Monthly 

Data derived from 
meteorological observations 
and reanalysis; consistent at 

the regional scale. 

Abatzoglou 
et al. (2018) 

Soil moisture 
(SM, mm) 

TerraClimate ~4 km Monthly 

Estimates based on simplified 
hydrological models and 
climatic water balance. 

Abatzoglou 
et al. (2018) 

Land surface 
temperature (LST, 

°C) 
MODIS MOD11A2 1 km 

8-day 
(monthly 

aggregated) 

Provides Land Surface 
Temperature (LST); converted 

to °C using a scale factor 
(0.02) and Kelvin–Celsius 

adjustment. 

NASA 
(2023) 

River discharge 
(m³ s⁻¹) 

Streamflow gauge data – 
National Water and Basic 
Sanitation Agency (ANA); 
Water and Land Institute of 
the State of Paraná (IAT) 

Point-
based 

Daily 

Open data portal providing 
public access to water 

resources data and information 
for Brazil and the state of 

Paraná. 

ANA (2025); 
IAT (2025) 

Production (R$ 
and kg) 

Gross Production Value – 
Brazilian Institute of 

Geography and Statistics 
(IBGE) 

National Annual IBGE (2024) 

Administrative 
and basin 

boundaries 

Sixteen river watersheds 
from the Water and Land 
Institute of the State of 

Paraná (IAT) 

State-level - IAT (2025) 

 

2.4. Temporal Analysis of Hydrometeorological Variables 

 

Hydrometeorological data (precipitation, evapotranspiration, runoff, and land surface temperature) were 

processed in Google Earth Engine (GEE) using scripts for variable extraction and precipitation projections (Dahan et al., 

2023; Zhao, Lu, & Wei, 2019). The 16 watersheds of Paraná were imported as a FeatureCollection, enabling spatial 

clipping and time series generation (2015–2024), with precipitation derived from CHIRPS. Evapotranspiration was 

obtained from MODIS (MOD16A2GF), runoff from TerraClimate, and soil moisture from MODIS, supporting water 

availability and drought/flood assessments (Chernykh et al., 2025). Land surface temperature was derived from MODIS 

(MOD11A2) (Ji et al., 2025; Tanuja & Kumar, 2025). Precipitation projections were based on the ACCESS-ESM1-5 
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model (CMIP6/NASA-GDDP) (Thrasher et al., 2022), which performs well in South America (Tebaldi et al., 2021), 

considering SSP2-4.5 and SSP5-8.5 for 2026–2035. Data were aggregated into monthly time series using 

ee.Reducer.mean, and water availability was estimated through a balance between inputs and outputs (Amiri, Salem, & 

Ghzal, 2022). 

Statistical analyses were conducted in Google Colab, applying Mann-Kendall and Theil-Sen tests to identify 

trends (Battisti et al., 2025). Streamflow gaps from ANA stations were filled using a Random Forest Regressor, though 

Paranapanema I and II were excluded due to data unavailability. 

 

2.5. Time-Series Analysis of Aquaculture Production 

 

Aquaculture production data (quantity in kg and value in R$) for 2014–2024, obtained from Brazilian Institute 

of Geography and Statistics (IBGE), were organized into annual time series and analyzed to detect spatio-temporal trends, 

following the same procedures applied to environmental variables. Interannual (YoY) variations were calculated as 

percentage growth or decline for each watershed (Table 2; Eqs. 2 and 3), enabling the identification of short-term 

dynamics. Analyses and visualizations (time series, scatter plots, and boxplots) were developed in Google Colab to 

represent YoY distributions across watersheds. 

 

2.6. Correlation and Clustering Analyses 

 

Correlation analyses make it possible to identify which variables exert the greatest influence on the variability 

of others, representing a fundamental step for decision-making in agriculture and natural resource management (Melnyk 

& Brunn, 2025). To this end, the Pearson correlation coefficient was applied to quantify the strength and direction of 

linear relationships between environmental (hydrometeorological) and production variables (Yu et al., 2025). In parallel, 

Principal Component Analysis (PCA) was employed, a technique that enables the identification of the components 

responsible for explaining most of the observed variance in the dataset (Melnyk & Brunn, 2025). 

 

〖Total Growth Rate (%) =〗 〖((ܸ݂݈݅݊ܽ − 〖 ^(݈ܽ݅ݐܸ݅݊݅/(݈ܽ݅ݐܸ݅݊݅ = ݁ 

 

 

Table 2 – Metrics used to evaluate the performance of the RF algorithm, mapping, and model. 

Metric Description Eqution 

Water 

Availability 

DH - Water Availability; P - Precipitation; 

ET - Evapotranspiration; RO - 

SurfaceRunoff. 

DH = P – (ET + RO) 
eq. 

1 

Total 

Growth Rate 
Vfinal - Final value; ܸinitial - Initial value 

Total Growth Rate (%) = ((ܸ݂݈݅݊ܽ  eq.2  100×(݈ܽ݅ݐܸ݅݊݅/(݈ܽ݅ݐܸ݅݊݅−

Year-over-

Year (YoY) 

Growth Rate 

Vt - Value in the current year; ܸ1-ݐ - Value 

in the previous year. 
YoY (%) = ((ܸݐ − ݐܸ − ݐܸ)/(1 − 1))×100 eq.3 
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Overall 

Accuracy 

xii - number of correctly classified samples 

for class i; ݊ - total number of classes; ܰ - 

total number of samples. 

ܣܱ = ௜=1௡ߑ  ௜௜ܰݔ   
eq. 

4 

R² 

The Coefficient of Determination (R²) 

measures how well the model fits the data, 

ranging from 0 (poor fit) to 1 (perfect fit). n 

- number of observations 

ܴ2 = 1 ௜=1௡ߑ − ௜݀݁ݐܿ݅݀݁ݎ݌)  − ௜=1௡ߑ௜)2݈ܽݑݐܿܽ ௜݈ܽݑݐܿܽ)  −  2((݈ܽݑݐܿܽ)݊ܽ݁݉
eq. 

5 

Mean 

Squared 

Error (MSE) 

Measures the average of the squared 

differences between predicted and observed 

values, indicating the overall quality of the 

predictions; lower values represent higher 

model accuracy. 

ܧܵܯ =  1݊ ∑ ௜݀݁ݐܿ݅݀݁ݎ݌) − ௜)2௡௜=1݈ܽݑݐܿܽ  eq.6 

Root Mean 

Squared 

Error 

(RMSE) 

Indicates the average prediction error in the 

original units of measurement, obtained by 

taking the square root of the MSE; lower 

values represent higher model accuracy. 

ܧܵܯܴ =  √1݊ ௜݀݁ݐܿ݅݀݁ݎ݌)∑ − ௜)2௡݈ܽݑݐܿܽ
௜=1  eq.7 

Mean 

Absolute 

Error 

(MAE) 

measures the average of the absolute 

differences between predicted and observed 

values, providing a direct measure of the 

magnitude of prediction errors. Lower 

values indicate higher model accuracy. 

ܧܣܯ =  1݊ ∑ ௜݀݁ݐܿ݅݀݁ݎ݌| − ௜|௡݈ܽݑݐܿܽ 
௜=1  eq.8 

 

2.7. Prediction of Water Availability 

 

With the aim of contributing to the understanding of future environmental scenarios (Erekalo et al., 2024) that 

may affect the expansion of fish farming, a machine learning based model was developed to predict water availability 

(Sapitang et al., 2024; Wang & Razmjooy, 2024; Gao et al., 2025). 

Data processing and modeling were conducted in Python 3.x using libraries such as pandas and numpy (data 

manipulation), matplotlib (visualization), scipy (statistics), scikit-learn (modeling and metrics), statsmodels (STL 

decomposition), and optuna (hyperparameter optimization). Precipitation, evapotranspiration, surface runoff, and water 

availability data were organized into watershed time series and normalized to a 0 - 1 range using MinMaxScaler 

(Pedregosa et al., 2011). This step was necessary to address differences in data scale and avoid imbalanced weighting in 

the model (Han et al., 2011). 

For each watershed, the predictor variables were selected, and the dataset was divided into two subsets: one 

containing environmental parameters (predictor variables) and the other containing the resulting water availability. These 

datasets were further subdivided by watershed, generating 16 independent datasets. To reduce the influence of seasonality 

without altering the overall trend of the series, Seasonal and Trend decomposition using Loess (STL) was applied to 

attenuate variations extrinsic to the analyzed parameters (Cleveland et al., 1990; Hyndman & Athanasopoulos, 2018). 

This step enables the model to learn the true effects of the parameters without interference from large interannual 

fluctuations, such as those associated with El Niño and La Niña events, which frequently modulate water availability at 

continental scales. 
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The predictive model adopted was the Random Forest (RF) algorithm (Breiman, 2001), due to its robustness, 

ability to handle high-dimensional data (Mohammadi et al., 2025), and excellent performance in environmental studies 

(He et al., 2025). To maximize model performance, the main hyperparameters (n_estimators, max_depth, 

min_samples_split, min_samples_leaf) were optimized using the Optuna framework, with the objective function defined 

as the maximization of the mean coefficient of determination (R²) obtained from cross-validation splits (Akiba et al., 

2019; Bergmeir et al., 2017; Gupta et al., 2009). 

After signal filtering and watershed-based organization, the data were divided into two periods: data prior to 

January 2023 were used for model training, while data from January 2023 onward were reserved for model testing. Each 

training subset corresponding to a watershed was submitted to the Optuna framework (Akiba et al., 2019) using a five-

fold time-based split, in which each segment was used for training and the subsequent segment for validation (Bergmeir 

et al., 2017), resulting in an independent model for each watershed (Gupta et al., 2009). With the optimized 

hyperparameters, the model was trained using the training dataset and subsequently applied to predict water availability 

for the period from 2023 to 2024 for each watershed, followed by performance evaluation of the model (Table 2). 

 

3. Results 

3.1. Spatial and Temporal Analysis of Aquaculture 

 

With accuracy ranging from 0.89 (2015) to 0.97 (2025), the RF classifier enabled the identification of a 

pronounced spatial expansion of areas allocated to aquaculture production in excavated ponds in the state of Paraná 

(Figures 3; 4a, d). The spatiotemporal mapping (Figure 3a) revealed a relatively low spatial concentration of aquaculture 

across the state, with a predominance of 1 to 10 aquaculture farms within a 10 km radius in most hydrographic watersheds. 

The highest concentrations were observed in the Paraná III and Piquiri watersheds, where densities ranging from 1 to 50 

aquaculture farms per 10 km were recorded. In 2015, the total aquaculture area in the state was less than 5,000 ha, 

encompassing approximately 3,000 aquaculture farms (Figure 4a), and fish production was below 75,000 kg, 

corresponding to a market value of approximately R$ 0.4 billion. 
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Figure 3 – Spatiotemporal evolution of aquaculture expansion in excavated ponds in Paraná (a, b) and overall accuracy 

(c). 

 

 

Figure 4 – Analysis of the evolution of aquaculture area and production in Paraná (a, b, c) and by hydrographic basin (d, 

e, f). 

 

From 2018 onward, a marked increase in the number of aquaculture farms was observed (Figure 4d) in the 

Paraná III, Piquiri, and Iguaçu watersheds, resulting in a higher incidence of areas with enterprise densities ranging from 

50 to 80 aquaculture farms per 10 km. This expansion was consolidated in 2023, when the Paraná III and Piquiri 

watersheds began to exhibit aquaculture hotspots, reaching up to 126 aquaculture farms within a 10 km radius. Spatial 

expansion was also observed in the Iguaçu basin, accompanied by increased clustering, reaching 80 to 90 aquaculture 

farms per 10 km. Despite this overall expansion, two periods of contraction in the total area occupied by aquaculture 

farms were identified (Figure 4a). In 2017, the area decreased from approximately 9,000 ha to about 7,500 ha, while in 

2022 a reduction from 15,000 ha to approximately 9,500 ha was recorded. Nevertheless, production values maintained an 

upward trajectory, particularly in the Paraná III and Piquiri watersheds. In the remaining watersheds, stagnation was 

observed in both production volume and value, with the exception of the Iguaçu basin, which showed a slight increase in 

production value (R$) (Figure 4b, c, e, f). 

 



10 

 

Table 3 – Assessment of streamflow trends and total percentage growth in production. 

Watershed Slope m3s month p value 
Total Trend 

Streamflow m3s 

Total Growth 

Production% (kg) 

Cinzas -0,2198 0 -26,16 82,04 

Iguaçu -0,0022 0,001 -0,26 51,62 

Itararé -0,0681 0 -8,11 156,08 

Ivaí -0,3297 0,0166 -39,23 62,44 

Litorânea -0,0006 0,8685 -0,07 45,92 

Paranapanema I - - - -16,92 

Paranapanema II - - - 124,87 

Paranapanema III -0,0932 0 -11,09 -62,28 

Paranapanema IV -0,0682 0 -8,11 198,58 

Paraná I -25,2966 0 -3010,29 89,96 

Paraná II -28,1073 0 -3344,77 0,48 

Paraná III -0,1359 0,0002 -16,17 -53,06 

Piquiri -0,285 0,0799 -33,92 202,23 

Pirapó -0,5046 0 -60,05 49,55 

Ribeira -0,3078 0 -36,63 52,15 

Tibagi -0,4556 0,0006 -54,21 8,25 

 

In 2025, the Iguaçu, Paraná III, and Piquiri watersheds reached the highest concentrations of aquaculture farms, 

with values ranging from 100 to 126 aquaculture farms per 10 km. These watersheds also exhibited the highest values of 

area and number of aquaculture farms (Figure 4d), with the Iguaçu basin accounting for approximately 4,000 aquaculture 

farms. In addition, localized hotspot formations were identified in the Cinzas, Ivaí, Paranapanema I, and Tibagi 

watersheds (40 to 60 aquaculture farms per 10 km). The remaining watersheds maintained areas smaller than 1,000 ha 

and approximately 1,000 aquaculture farms (Figure 5d). The main producing watersheds, Piquiri and Paraná III, recorded 

approximately 160 thousand tons of production and a production value of R$ 1.4 billion in 2023. With a smaller 

contribution, the Iguaçu basin presented production below 20,000 t and approximately R$ 0.1 billion, while the other 

watersheds exhibited residual production levels (<10 thousand t; R$ 0.1 billion each). Overall, the analysis indicates 

consistent growth throughout the study period, reaching approximately 250 thousand t in 2024, and totaling about 11,000 

aquaculture farms and 22,500 ha of occupied area statewide by 2025 (Figure 4a, b). 

Regarding the relationship between the growth of the area occupied by aquaculture farms (2015–2025) and 

streamflow trends in the studied watersheds (Figure 5a; Table 3), only the Coastal basin exhibited hydrological stability 

(-0.07 m³ s⁻¹ yr⁻¹) while simultaneously showing aquaculture growth close to 200%. Among all analyzed watersheds, the 

Pirapó, Paraná II, and Ivaí watersheds recorded the highest growth rates in aquaculture farms (Figure 4a), ranging from 

600% to 900%. However, these watersheds also exhibited pronounced negative streamflow trends, varying from -39 to -

3,444.7 m³ s⁻¹ yr⁻¹. Although the Iguaçu basin showed substantial growth over the analyzed period (600%), the decreasing 

streamflow remained low throughout the time series (-0.2 m³ s⁻¹ yr⁻¹). The Cinzas, Itararé, Paraná I, Paranapanema IV, 

Ribeira, and Tibagi watersheds exhibited growth rates between 350% and 550%, with predominantly negative streamflow 

trends ranging from -8.1 to -3,020.2 m³ s⁻¹ yr⁻¹. The remaining watersheds showed growth below 300%, with streamflow 

trends ranging from -11.9 to -33.9 m³ s⁻¹ yr⁻¹. Notably, in watersheds where fish farming has become consolidated in 
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recent years (Paraná III and Piquiri), growth was approximately 250%, also accompanied by negative streamflow trends 

(-16.7 to -33.9 m³ s⁻¹ yr⁻¹). 

 

 

Figure 5 – Analysis of the growth rate of productive aquaculture area and streamflow by hydrographic basin. (b) number 

of aquaculture farms; (c) production (kg); (d) synthesis of aquaculture expansion, including initial and final conditions, 

area, and number of aquaculture farms. 

 

An analysis of Figure 5b indicates that the Paraná I, Paraná II, and Pirapó watersheds exhibited the greatest 

amplitude of variation in the annual growth rate of the number of aquaculture farms, with oscillations that included periods 

of expansion approaching 400% and phases of spatial contraction reaching -200%. The Paranapanema I basin showed the 

lowest variability, with enterprise growth rates ranging between -10% and 50%. Regarding the annual variation in 

production (kg), more pronounced values were observed in the Itararé, Paraná III, and Paranapanema I and II watersheds 

(Figure 5c), which recorded increases between 100% and 250%, as well as sharp declines in production, ranging from -

50% to -150%. For most watersheds, annual production growth rates remained within a narrower interval, between 0% 

and 20% (Table 3). 

 

3.2. Hydrometeorological Analysis 
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The hydrometeorological analysis revealed that all watersheds exhibited a decreasing trend in precipitation 

throughout the historical time series. Specifically, the Iguaçu, Ivaí, Paraná I, II, and III, Paranapanema I, II, III, and IV, 

Piquiri, Pirapó, and Tibagi watersheds recorded periods with high monthly precipitation totals, reaching up to 566.93 

mm, with a mean of 119.60 mm month⁻¹. The highest mean precipitation observed in the study area was 120.60 mm 

month⁻¹, recorded in the Coastal basin, which also exhibited the highest evapotranspiration (166.22 mm) and surface 

runoff values (248.23 to 317.57 mm) (Figures 6 and 7). 

Overall, evapotranspiration values remained close to 153.0 mm month⁻¹, particularly in the Ivaí, Piquiri, and 

Paraná II watersheds, while mean surface runoff was approximately 29.95 mm month⁻¹. Soil moisture ranged from 3.03 

to 59.77 mm, and land surface temperature varied between 8.36 and 25.03 °C in the Iguaçu, Ivaí, Paraná I, II, and III, 

Paranapanema I, II, III, and IV, Piquiri, Pirapó, and Tibagi watersheds. Land surface temperature exhibited an increasing 

trend over the analyzed period, ranging from 0.03 to 0.09 °C yr⁻¹ (Figure 6). In the remaining watersheds Cinzas, Itararé, 

Coastal, and Ribeira soil moisture values remained below 76.77 mm throughout the time series (Figure 6). 
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Figure 6 – Time series of hydrometeorological variables in the hydrographic watersheds of Paraná, 2015–2024. 
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Figure 7 – Time series of hydrometeorological variables in the hydrographic watersheds of Paraná, 2015–2024. 

3.3. Clustering and Correlation 
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With 70.3% of the variance explained, the cluster analysis separated the watersheds into three groups. Cluster 

1 includes the majority of the hydrographic watersheds Cinzas, Itararé, Ivaí, Paranapanema I, II, III, IV, Paraná I, II, 

Pirapó, Ribeira, and Tibagi mainly distributed in the negative quadrant of PC1, associated with streamflow and 

evapotranspiration variables. In the positive quadrant, despite lower land surface temperature and streamflow, soil 

moisture, evapotranspiration, water availability, and surface runoff are linked to these watersheds. Cluster 2 (Coastal 

basin) is positioned in the negative PC1 and positive PC2 space, also related to soil moisture and evapotranspiration 

variables, but distinguished by a lower influence of water availability. Cluster 3 predominantly occupies the positive PC1 

quadrant, with the watersheds in this cluster Iguaçu, Piquiri, and Paraná III associated with aquaculture production, 

encompassing higher values of productive area, production quantity, and production value. 

 

 

Figure 8 – Multivariate analysis of hydrometeorological variables and aquaculture production in the watershed of Paraná. 

 

Pearson correlation analysis (Figure 9) revealed distinct patterns, as detailed below. Water availability showed 

predominantly positive correlations, particularly in the Iguaçu, Ivaí, Paraná I, III, and Piquiri watersheds, with coefficients 

reaching 0.63, except for evapotranspiration, surface runoff, and temperature, which exhibited negative correlations. 

Evapotranspiration, in turn, correlated negatively with production-related variables, with coefficients up to -0.19. 

Precipitation showed coefficients close to 0.82, primarily with water availability, evapotranspiration, soil moisture, and 

streamflow. Surface runoff was negatively correlated with production variables and positively correlated with soil 

moisture and streamflow, a pattern similarly observed for soil moisture and streamflow themselves. The variables number 

of aquaculture farms, occupied area, production (kg), and production value (R$) showed correlations above 0.90 among 

themselves and with time (year), reinforcing a trend of territorial expansion, particularly in the Cinzas, Iguaçu, Itararé, 
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Ivaí, Paranapanema IV, Piquiri, Pirapó, Ribeira, and Tibagi watersheds, and to a lesser extent in Paraná III. However, in 

the Paranapanema III, IV, and Paraná II watersheds, despite the positive correlation between the number of aquaculture 

farms and time, no strong correlation was observed for production in kg or R$, suggesting that physical expansion of 

aquaculture activities does not proportionally translate into higher productivity. 

 

3.4. Water Availability, Prediction, and Future Precipitation 

 

The Litorânea, Ribeira, Cinzas, and Itararé watersheds exhibited the highest frequency of periods with water 

deficits (Figure 10a), with values ranging from -206.09 mm to 112.84 mm and a mean value of -22.72 mm. The Litorânea 

and Itararé watersheds showed negative trends, ranging from 0.001 to -1.69 mm yr⁻¹, whereas the Ribeira and Cinzas 

watersheds exhibited increasing trends, with values between 0.23 and 0.70 mm yr⁻¹. 

The remaining watersheds—Iguaçu, Ivaí, Paraná I, II, III, Paranapanema I, II, III, IV, Piquiri, Pirapó, and 

Tibagi displayed a higher frequency of positive water availability values (Figure 10a) and recorded positive trends in 

water availability, ranging from 0.08 to 4.67 mm yr⁻¹. The analysis also indicated that the Ivaí, Iguaçu, and Piquiri 

watersheds experienced successive periods of water deficit, particularly between 2015 and 2018. The largest water deficits 

were observed in the Paraná III and Piquiri watersheds, with values of -122.18 mm and -109.14 mm, respectively, while 

the highest water availability was recorded in the Paraná II basin, reaching 396.54 mm. 

Considering the trend analysis of water availability (Figure 10b), the Litorânea basin exhibited a reduction of 

-16.90 mm between 2015 and 2024. The Itararé, Paraná II, Cinzas, Tibagi, Paranapanema II, and Ribeira watersheds 

accumulated between 0.0 and 10.0 mm, while the remaining watersheds showed accumulated values between 10.1 and 

46.7 mm. 
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Figure 9 – Statistical correlation between hydrometeorological variables and aquaculture production in the watersheds of 

Paraná. 

 

The average water availability of the studied watersheds (Figure 11b) revealed marked spatial heterogeneity. 

Watersheds located in the western sector of the state (Paraná I and II) exhibited the highest annual mean water availability, 

ranging from 30.14 to 32.42 mm. In the northern and northeastern regions (Paranapanema I, II, III, and Pirapó), mean 

values ranged from 14.06 to 26.96 mm. The Piquiri, Iguaçu, Ivaí, and Tibagi watersheds showed annual mean values 
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between 0.41 and 14.94 mm, while the remaining watersheds had the lowest annual means (-3.51 to -43.12 mm), 

indicating more critical conditions in the northeastern and eastern sectors. 

 

 

Figure 10 – Time series (a) and trend of water availability by hydrographic basin (b) in Paraná. 

 

The prediction of water availability using machine learning (RF) showed better performance in the Paraná II 

and Paranapanema II watersheds, both with R² values above 0.8. In contrast, the Ribeira, Tibagi, Iguaçu, and Itararé 

watersheds exhibited more modest performance, with R² values below 0.6. The model effectively captured the interannual 

variability of water availability and demonstrated a stronger fit to the observed values, particularly in the watersheds 

located in the western, northwestern, and northern sectors. In these regions, R² values were predominantly above 0.70, 

covering nine of the sixteen watersheds analyzed (Table 4). 

 

Table 4 – Evaluation of RF model performance and trends in precipitation projections. 

Watershed 

Acuracy RF Projections – 2026-2030 

R² MAE MSE RMSE 

SSP2-4.5 – 

Slope 

mm/month 

SSP2-4.5 

p value 

SSP5-8.5 

Slope 

mm/month 

SSP5-

8.5 p 

value 
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Cinzas 0,827 0,017 0,001 0,025 -0,024 0,857 -0,070 0,883 

Iguaçu 0,462 0,037 0,002 0,045 -0,025 0,764 0,054 0,434 

Itararé 0,579 0,028 0,001 0,038 -0,007 0,913 -0,060 0,979 

Ivaí 0,675 0,025 0,001 0,034 -0,007 0,877 -0,050 0,704 

Litorânea 0,659 0,044 0,003 0,055 -0,088 0,702 0,003 0,748 

Paranapanema I 0,882 0,022 0,001 0,029 -0,069 0,660 -0,030 0,887 

Paranapanema II 0,899 0,017 0,000 0,022 -0,071 0,746 -0,082 0,845 

Paranapanema III 0,881 0,024 0,001 0,027 -0,060 0,720 -0,054 0,993 

Paranapanema IV 0,647 0,037 0,002 0,045 -0,058 0,754 -0,017 0,773 

Paraná I 0,841 0,020 0,001 0,029 -0,104 0,668 0,021 0,601 

Paraná II 0,890 0,025 0,001 0,032 -0,158 0,462 0,043 0,573 

Paraná III 0,861 0,028 0,001 0,036 -0,136 0,509 0,082 0,552 

Piquiri 0,734 0,018 0,001 0,024 -0,070 0,692 -0,009 0,559 

Pirapó 0,765 0,037 0,002 0,049 -0,041 0,751 -0,057 0,949 

Ribeira 0,514 0,026 0,001 0,034 -0,043 0,988 -0,046 0,666 

Tibagi 0,593 0,023 0,001 0,030 0,002 0,983 -0,070 0,846 
 

The Cinzas, Paranapanema I, II, III, Paraná I, II, III, Piquiri, and Pirapó watersheds exhibited the highest R² 

values, ranging from 0.73 to 0.89, indicating a consistent model fit for these areas. In these watersheds, validation metrics 

showed low MAE, MSE, and RMSE values, all below 0.049, reinforcing the model’s strong predictive capability. The 

Ivaí, Coastal, and Paranapanema IV watersheds presented intermediate R² values (0.64–0.67), indicating that the model 

captured a substantial portion of the variability, although approximately 33% to 36% of the variability remained 

unexplained. In these cases, MAE, MSE, and RMSE values ranged from 0.001 to 0.055, suggesting moderate but stable 

performance. A similar pattern was observed for the Itararé (R² = 0.57), Ribeira (R² = 0.51), and Tibagi (R² = 0.59) 

watersheds. The Iguaçu basin recorded the lowest R² value (0.46), indicating a larger discrepancy between observed and 

predicted values and a lower model fit compared to the other watersheds. However, MAE (0.037), MSE (0.002), and 

RMSE (0.045) values were low in the Iguaçu basin, indicating that the model did not produce significant absolute errors. 
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Figure 11 – Time series of machine learning predictions (a) and spatial distribution of mean water availability values by 

hydrographic basin (b). 

 

Precipitation projections, evaluated under two greenhouse gas emission scenarios, SSP2-4.5 (intermediate) and 

SSP5-8.5 (pessimistic), indicated a general decreasing trend in precipitation, particularly under the intermediate scenario 

(Table 4). Under the SSP2-4.5 scenario for the period 2026–2035, only the Tibagi basin did not exhibit a negative trend 

in accumulated precipitation (+0.21 mm). The most pronounced reductions occurred in the Paraná II (-18.96 mm), Paraná 

III (-16.29 mm), and Paraná I (-12.46 mm) watersheds, all located in the far western sector of the state, as well as in the 

Coastal basin (-10.54 mm) (Figure 12b). Under the SSP5-8.5 scenario (pessimistic), although some watersheds showed 

reductions in precipitation, ranging from -9.85 to -1.10 mm, positive trends were observed in other regions. Notably, the 

Paraná III (+9.79 mm), Iguaçu (+6.53 mm), Paraná II (+5.19 mm), Paraná I (+2.49 mm), and Coastal (+0.36 mm) 

watersheds exhibited increases in projected precipitation (Figure 12c). 
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Figure 12 – Time series of future precipitation scenarios (a) and spatial distribution of the intermediate (b) and pessimistic 

(c) scenarios by hydrographic basin. 

 

4. Discussion 

4.1. Aquaculture Expansion and Environmental Challenges 

 

Aquaculture has emerged as a key component for food security, representing one of the fastest-growing food 

production sectors globally (FAO, 2024). In Paraná, this trend is manifested in an intense and concentrated process of 

spatial and productive expansion, particularly in the Paraná III and Piquiri watersheds, which have become the state’s 

primary hubs for the activity, followed by the Iguaçu basin, albeit at a lower intensity. The spatiotemporal analysis 

showing a concentration of aquaculture farms in areas with environmental and structural conditions favorable to 
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production intensification. This dynamic highlights the importance of understanding spatial patterns of aquaculture at 

different scales to support territorial planning and food security in emerging countries (Xia, Guo, & Chen, 2020). 

RF algorithm demonstrated high accuracy, ranging from 0.89 to 0.98, confirming the efficiency of automated 

mapping methods and the potential of integrating high-resolution data with machine learning algorithms (Deeks et al., 

2024; Liu et al., 2024; Zhao et al., 2025b). These results are consistent with recent studies showing the capacity of such 

techniques to extract aquaculture features with high spatial detail (Dong et al., 2024; Liang et al., 2024; Qin et al., 2025). 

Accordingly, Paraná’s aquaculture sector can benefit from the implementation of targeted policies and actions aligned 

with regional characteristics (Diniz et al., 2021) and basin water availability, ensuring sustainable development and 

efficient management of the aquaculture industry (Tian et al., 2022). 

Although results indicate consistent production growth, reaching 250,000 t in 2024 and, in some cases, growth 

rates exceeding 600%, as observed in the Pirapó, Paraná II, and Ivaí watersheds, this expansion occurred alongside a 

negative streamflow trend in all hydrographic watersheds in the state. Such patterns may be linked to continental-scale 

hydrological changes influenced by land use and land cover changes, increased agricultural water withdrawals, and 

climatic variability (Cremon et al., 2025). These findings align with international studies indicating that over 90% of 

global aquaculture production is vulnerable to human-induced environmental changes (Cao et al., 2023), particularly 

under shifts in thermal and hydrological regimes (Cortes et al., 2025). 

This scenario may contribute to increased volatility in enterprise growth and production rates, as observed in 

Paraná, with periods of strong expansion (400%) followed by contraction (-200%). In the Paraná III and Piquiri 

watersheds, which are major aquaculture producers with well-established production infrastructure and cooperative 

networks among key supply chain actors (Brenzan & Feiden, 2022; Feiden et al., 2018), a declining streamflow trend was 

observed (-16.7 to -33.9 m³ s⁻¹ yr⁻¹). Similar situations have been reported in other Latin American contexts, such as Chile 

(Boisier et al., 2025), where increasing water scarcity is directly linked to land use changes and the expansion of 

agricultural and aquaculture activities, reflecting patterns comparable to those in Paraná. In response, state agencies 

implemented water use control and restriction policies between 2022 and 2025, declaring critical areas for water 

withdrawal and management (IAT, 2025a). Without planned interventions, continued intensive expansion may increase 

water competition at the state level, exacerbate pollution problems, and lead to production declines related to pathogens 

in areas with uncontrolled growth (Naylor et al., 2021), as has already been observed in Paraná III sub-watersheds, where 

high rates of pond eutrophication occur (Morsoleto et al., 2022). 

Temporal meteorological analysis (2015–2024) revealed a general reduction in precipitation across the state. 

Although broader spatiotemporal hydrometeorological analyses (ANA, 2024; Tavares et al., 2023) have indicated 

increasing atmospheric moisture, extreme precipitation events are also intensifying in southern Brazil and the Paraná and 

South Atlantic sub-watersheds. Observed evapotranspiration values for Paraná corroborate the increasing trend reported 

in other regions of the country (Rossi et al., 2024), reflecting higher evaporative demand and consequent pressure on 

water resources, especially in areas with already critical water balances. Combined with significant surface runoff (up to 

317.57 mm), these factors directly reduce water availability, increasing water vulnerability for small-scale producers 

(Rocha et al., 2021). Additional studies indicate that evaporation from reservoirs and aquaculture ponds can significantly 

affect intensive production systems, exacerbating water stress for rural producers (Yusoff et al., 2024). Our findings also 

revealed a positive trend in land surface temperature, ranging from 0.03 to 0.09 °C yr⁻¹ in most watersheds, affecting the 

thermal conditions of excavated ponds and aligning with projections of rising temperatures in southern Brazil (Nóia-

Júnior, Christo, & Pezzopane, 2025). 

Given these patterns, public policies and technical assistance must consider the territorial diversity of 

aquaculture (Pacheco et al., 2025; Valenti et al., 2021). Clusters 1 and 2, which include most watersheds, show weaker 
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links between production and growth, indicating technical or water constraints that limit productivity gains. This 

highlights the need for targeted policies, technical support, cooperativism, and supply chain integration to strengthen these 

areas (Welter et al., 2021; FAO, 2024; Kyvelou, Ierapetritis, & Chiotinis, 2023). An integrated approach emphasizes 

institutional strengthening, decentralized management, and local engagement to enhance resilience, especially in less 

consolidated regions. In contrast, cluster 3 (Iguaçu, Piquiri, and Paraná III) is strongly associated with production 

variables, reflecting better infrastructure, market access, and incentives (Feiden et al., 2018). This is reinforced by strong 

positive correlations (>0.90) between production and spatial expansion, highlighting the need for planning to sustain 

growth (Naylor et al., 2021). 

 

4.2. Water Availability, Prediction, and Future Precipitation 

 

The Litorânea, Ribeira, Cinzas, and Itararé watersheds, located in the eastern sector of the state, showed the 

highest frequency of water deficit periods, particularly between 2018 and 2024. In contrast, watersheds in the western 

sector of the state exhibited a higher frequency of positive water availability values, with an increasing trend (0.08 to 4.67 

mm yr⁻¹), as these areas correspond to regions with higher annual precipitation rates (Wrege et al., 2016). These findings 

emphasize that regional hydrological dynamics directly influence aquaculture, highlighting the importance of integrated 

water resource management in productive expansion strategies (Dolores-Salinas & Miret-Pastor, 2024; Ribeiro & Filho, 

2025) to strengthen both water and institutional resilience in Paraná’s aquaculture sector. This is particularly relevant in 

watersheds where aquaculture is already consolidated (Feiden et al., 2018), representing a risk factor for maintaining 

statewide production. Our findings suggest that this risk may increase due to projected precipitation reductions up to 2035 

under the SSP2-4.5 scenario (Tebaldi et al., 2021; Thrasher et al., 2022), especially in the Paraná III and Piquiri 

watersheds. Consequently, as water deficits intensify under the SSP2-4.5 scenario, these watersheds are expected to 

experience an increase in local and regional extreme events (Clarke et al., 2024; Schmoeller & Limberger, 2023). 

Our model demonstrated strong predictive performance, particularly in watersheds with lower climatic 

variability, achieving R² > 0.80. This performance, even though the training dataset covered a relatively short temporal 

period, indicates that the predictions are consistent (Mohamad Deros, Naim, & Din, 2025), given the RF algorithm’s high 

predictive capability (Gao et al., 2025; Mohammadi, Pishgar, & Aguilera, 2025). It is noteworthy that in larger 

watersheds, which often present greater climatic and topographic variability (Carpenedo, Bonfim, & Limberger, 2024; 

Santos, Allen, & Nascimento, 2025; Schmoeller & Limberger, 2023), such as the Iguaçu basin, model performance was 

lower. 

 

5. Conclusions 

 

The study revealed a challenging medium-term scenario for the expansion of excavated pond aquaculture in 

Paraná, with strong concentration in the western sector of the state. This pattern of spatial concentration in areas of 

productive intensification may significantly increase pressure on water resources and elevate the risk of water use 

conflicts, especially under uncertain climatic scenarios that could reduce water availability or generate scenarios of 

decreased (SSP2-4.5) and increased precipitation (SSP5-8.5), along with extreme events in the primary production hubs. 

Multivariate analysis (PCA and clustering) identified two main spatial patterns: watersheds with negative 

correlations between hydrometeorological variables and fish production, associated with frequent water deficits (clusters 

1 and 2), and more productive watersheds (Iguaçu, Piquiri, and Paraná III) with positive correlations between production 

and territorial expansion. Concentrated in the western region, these areas combine larger size, more farms, higher output, 
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and better infrastructure, supported by favorable water availability. The results emphasize the need for integrated state-

level planning tailored to basin-specific characteristics, promoting balanced aquaculture expansion and supporting regions 

with spatial growth but limited gains in production value. 

Consequently, the proposed machine learning–based water availability prediction model, with good predictive 

capability (R² > 0.80), can provide forecasts at the scale of hydrographic watersheds, supporting the formulation of more 

targeted public policies in the medium term. Finally, it is recommended that future studies refine the model by 

incorporating long-term temporal data and climate uncertainty scenarios, particularly when applied to large-scale 

hydrographic watersheds. 
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