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Research Context

* Hydrological models are essential tools for water resources planning and
management.

* However, in highly complex basins, these models may present limitations related
to:
* Peak flow underestimation
Delayed hydrological response
Errors during recession periods
Dependence on input data quality
* Uncertainty in calibration and validation phases
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Main Problem

* The simulation of hydrological models may contain systematic bias;

* These biases can affect the model outputs, especially in basins subject to:
* |[ntensive agricultural expansion
* Increasing water demand
* Land-use change
* Socio-environmental conflicts
Limited hydrometric data availability
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Study Area

Rio Grande Basin — Brazilian Cerrado

* The study was applied to the Rio Grande basin, located within MATOPIBA, one of
Brazil’s main agricultural frontiers. MATOPIBA includes areas of:

* Maranhao
* Tocantins
* Piaui
* Bahia

* This region is marked by strong agricultural pressure and increasing challenges
for water resources management.
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Research Objective

* The main objective of this study was to evaluate a hybrid modeling framework
that combines:

SWAT physical-conceptual hydrological modeling
with
Machine Learning-based statistical correction

* The goal was to improve streamflow simulations and reduce systematic errors in
modeled discharge.
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General Methodological Approach

* The methodological framework was based on two main components:

1. SWAT Modeling
* Basin configuration
* Sequential calibration from upstream to downstream
* Simulation of streamflow across 12 sub-basins

2. Machine Learning Post-processing
* Residual correction
* Non-linear adjustment of simulated flows
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Machine Learning Design

* The Machine Learning correction was formulated as a supervised learning
problem.

* The explanatory variables included:
« SWAT outputs
* Climatic forcing variables
* Short-term hydrological statistics
* Lagged residuals

* Lagged residuals were used to capture the “memory” of model errors while
avoiding information leakage.
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Algorithms Evaluated

* Several Machine Learning algorithms were tested, including:
* Random Forest
* Extra Trees
* Gradient Boosting
* Artificial Neural Networks
* Support Vector Regression
» XGBoost

* The models were evaluated using temporal partitioning to test their generalization
capacity in independent periods.
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Main Results

* The hybrid approach substantially improved model performance across the 12
sub-basins. The average NSE increased from:

0.34 in the original SWAT model to 0.82 after Machine Learning post-processing
* This represents an average performance increase of approximately: 141%
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Interpretation of Results

* The results indicate that Machine Learning can act as an efficient non-linear
statistical corrector for SWAT outputs. But we know these erros should not exists.

* However, Machine Learning does not replace the need for:

* Good SWAT calibration

* Reliable climatic data

* Consistent hydrometric records

* Robust model validation

* Careful interpretation of hydrological processes

1®

MINISTERIO PUBLICO
SWAT International Conference 2026 - Thessaloniki, Greece ESTADO DA BAHIA




Institutional Application

* This study was developed within the scope of the Terra Protegida Project.
* The framework aims to support the Public Prosecutor’s Office of the State of
Bahia by providing scientific evidence for decision-making related to:
* Water resources management
* Environmental conflicts
* Agricultural pressure
* Hydrological risk assessment
* Territorial planning
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Final Message

Machine Learning does not replace hydrological modeling, it only
helps to predict the errors
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