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RESUMO

Este estudo desenvolve um Marco Metodológico Integrado baseado em Aprendizado de Máquina

(Machine Learning – ML) para a reconstrução, modelagem e transformação da precipitação em

ecossistemas florestais sazonais, abordando conjuntamente disponibilidade de dados, variabili-

dade hidrológica e os processos ecohidrológicos fundamentais que controlam a entrada de água

no solo. Primeiramente, propõe-se uma metodologia robusta para reconstrução de séries horárias

e diárias contínuas em regiões com redes de monitoramento incompletas. A abordagem combina

controle automatizado de qualidade por meio de detecção não supervisionada de anomalias,

correção de viés de produtos satelitais e de reanálise, e identificação ótima de modelos com base

em critérios multiobjetivo que equilibram acurácia estatística e consistência hidrológica.

Os resultados demonstram que modelos de ML treinados com dados submetidos a

controle de qualidade superam significativamente métodos estatísticos tradicionais, preservando

a variabilidade convectiva essencial para aplicações hidrológicas em ecossistemas tropicais.

O estudo avança na modelagem da precipitação ao incorporar explicitamente processos de

interceptação pelo dossel florestal. Utilizando ensembles de ML e um conjunto de preditores

hidrologicamente interpretáveis, observa-se forte variabilidade espaço-temporal na interceptação,

inadequadamente representada por coeficientes constantes.

De forma geral, o estudo demonstra que a reconstrução da precipitação e sua transfor-

mação em precipitação efetiva são processos inseparáveis na ecohidrologia de florestas sazonais,

contribuindo com ferramentas reproduzíveis para análise do ciclo hidrológico e gestão de recursos

hídricos.

Palavras-chave: hidrologia orientada por dados; aprendizado de máquina; reconstrução de

precipitação; interceptação florestal; ecohidrologia; florestas sazonais tropicais.



ABSTRACT

This study develops an Integrated Methodological Framework based on Machine Learning (ML)

for the reconstruction, modeling, and transformation of rainfall in seasonal forest ecosystems,

jointly addressing data availability, hydrological variability, and the fundamental ecohydrological

processes controlling water input to the soil. First, a robust methodology is proposed for

reconstructing continuous hourly and daily rainfall series in regions with incomplete monitoring

networks. The approach combines automated quality control through unsupervised anomaly

detection, bias correction of satellite and reanalysis products, and optimal model identification

based on multi-objective criteria that balance statistical accuracy and hydrological consistency.

Results show that ML models trained on quality-controlled data significantly outperform

traditional statistical methods while preserving convective variability, which is essential for

hydrological applications in tropical ecosystems. The study advances rainfall modeling by

explicitly incorporating forest canopy interception processes. Using Machine Learning ensembles

and hydrologically interpretable predictors, the models reveal strong spatiotemporal variability

in interception, which cannot be adequately represented by constant coefficients.

Overall, the study demonstrates that rainfall reconstruction and its transformation into

effective precipitation are inseparable processes in the ecohydrology of seasonal forests, pro-

viding reproducible tools for hydrological cycle analysis, ecohydrological modeling, and water

resources management in tropical forest ecosystems.

Keywords: data-driven hydrology; machine learning; rainfall reconstruction; forest interception;

ecohydrology; tropical seasonal forests.



INDICADORES DE IMPACTO

O presente trabalho apresenta impactos tecnológicos significativos ao estabelecer um arcabouço

robusto para o controle de qualidade automático e a reconstrução de séries pluviométricas de

alta resolução — a aplicação de algoritmos de aprendizado de máquina, como Isolation Forest e

modelos multiobjetivo, permite a recuperação de dados em escalas horárias, reduzindo custos

operacionais de manutenção e perdas históricas em redes de monitoramento; do ponto de vista

socioambiental, a pesquisa contribui para a segurança hídrica ao propor modelos validados

para a estimativa da precipitação efetiva em tempo real, utilizando a infraestrutura experimental

única da Reserva Florestal “Matinha” (Mata Atlântica) e gerando subsídios científicos para

políticas de conservação e manejo de bacias hidrográficas; o projeto possui caráter extensionista

potencial através da futura disponibilização de ferramentas de código aberto para técnicos e

pesquisadores, classificando-se nas áreas temáticas de 5 - Meio ambiente e 7 - Tecnologia e

produção, e alinhando-se aos Objetivos de Desenvolvimento Sustentável (ODS) 6 (Água Potável

e Saneamento), 13 (Ação Contra a Mudança Global do Clima) e 15 (Vida Terrestre).



IMPACT INDICATORS

This doctoral research delivers substantial technological impacts by establishing a robust frame-

work for automated quality control and the reconstruction of high-resolution rainfall time series

— by leveraging advanced machine learning algorithms such as Isolation Forest and multi-

objective selection models, this work enables the recovery of sub-daily data, thereby mitigating

operational maintenance costs and preventing the loss of historical records in hydrological moni-

toring networks; from a socio-environmental perspective, the study enhances water security by

proposing validated models for real-time effective precipitation estimation, utilizing the unique

experimental infrastructure of the “Matinha” Atlantic Forest reserve and providing scientific

evidence to support forest conservation policies and watershed management; the project holds

potential extensionist value through the future dissemination of open-source computational tools

for practitioners and researchers, and is classified under the thematic areas of 5 - Environment

and 7 - Technology and Production, aligning with the United Nations Sustainable Development

Goals (SDGs): SDG 6 (Clean Water and Sanitation), SDG 13 (Climate Action), and SDG 15

(Life on Land).
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σ(·) Sigmoid function: σ(z) = 1/(1+ e−z) — used in LSTM
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Wf ,Wi,Wc,Wo Weight matrices for the forget, input, cell, and output gates
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1 INTRODUCTION

Water is the defining environmental challenge of our time. Not as an abstract concept,

but as a concrete problem that shapes where human societies can prosper and which ecosystems

survive. This is especially true in tropical regions, where water moves through landscapes in

intense, unpredictable ways. Tropical forests capture moisture from the air, hold it in soils and

roots, and release it in patterns that influence climate and biodiversity across continents (HAMID;

SAMANTARAY, 2025; SILVA; COSTA; CHRISTOFFERSEN, 2019; ZARGAR et al., 2025;

ANDRADE et al., 2022). When these forests are degraded or destroyed, the consequences

ripple through entire biogeochemical systems (RODRIGUES et al., 2021a; SANTOS; DURÁN-

QUESADA; SÁNCHEZ-MURILLO, 2023; SILVA; MELLO, 2021; ANDRADE et al., 2024;

MONEGO; ANOCHI; VELHO, 2023).

The Brazilian Atlantic Forest exemplifies this challenge. This biome is extraordinary: it

harbors more species per unit area than the Amazon and sustains freshwater supplies for more

than 125 million people (GUAUQUE-MELLADO et al., 2022; GUAUQUE-MELLADO et

al., 2026). Yet it has been reduced to fragments, retaining less than 15% of its original extent.

Understanding how this forest manages water—how it captures rainfall, stores it in soil, and

channels it to aquifers and streams—is not merely academic. It is essential for protecting what

remains and restoring what was lost. Yet tropical forests do not behave like the temperate forests

that traditional hydrology was built to describe. Rainfall is intense and heterogeneous. The forest

responds to dry seasons by shedding leaves. These nonlinearities challenge conventional models

(RODRIGUES et al., 2021a; DEPIN et al., 2014; LEMOS et al., 2023).

This doctoral research is structured around a database: more than a decade of continuous,

high-resolution hydrological monitoring—covering the period from September 2012 to December

2023—in a semideciduous Atlantic Forest experimental area known as “Matinha”, located on the

campus of the UFLA (Minas Gerais) (RODRIGUES et al., 2021a; Junqueira Junior et al., 2019).

This archive represents not only a historical record but a living laboratory that enables testing

new hypotheses about how tropical forests partition rainfall and how it is possible to reconstruct

rainfall time series with physical fidelity using AI tools.

Facing this challenge, climate scientists and water managers have turned increasingly

to machine learning. There is good reason: ML algorithms can learn from data without the

rigidity of traditional models. They can capture nonlinear relationships and adapt as conditions
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change—properties that are essential in convective tropical rainfall, which violates the linear

assumptions baked into conventional hydrology (SHEN, 2018; BAşAğAOğLU et al., 2022).

Yet ML in hydrology is not a panacea. The field faces real obstacles. Tropical regions

have sparse monitoring networks, so training data are scarce. Models can overfit—learning noise

rather than signal. Most critically, ML models are often "black boxes": they generate predictions

without explaining the physical processes underlying those predictions. For hydrology, inter-

pretability matters. Water managers need not only accurate forecasts but also understanding:

which rainfall variables matter most? How does forest structure influence water partitioning?

(SCHMIDT et al., 2020; BAşAğAOğLU et al., 2022).

The thesis is articulated around two axes corresponding to two critical gaps in the current

literature.

The first axis concerns the reconstruction of precipitation time series. Discontinuity

in rainfall records—present even in the September 2012 to December 2023 series collected in

“Matinha”—is not a bookkeeping issue — gaps in convective tropical series mean the loss of real

hydrological events (ABOUZIED et al., 2025). Traditional imputation methods (arithmetic mean,

inverse distance weighting, linear regression) assume stationarity and linearity, assumptions

systematically violated in convective tropical rainfall (DEPIN et al., 2014; BLEIDORN et al.,

2024). This research proposes to overcome these limitations through a methodological structure

that merges global atmospheric reanalyses (ERA5) with nonlinear ML algorithms, prioritizing

hydrological consistency and error minimization.

The second axis addresses the modeling of rainfall interception and effective precipi-

tation. Upon reaching the forest canopy, gross precipitation is partitioned into three components:

throughfall, stemflow, and interception, which corresponds to the fraction retained by the canopy

and evaporated back to the atmosphere (Junqueira Junior et al., 2019; MUZYLO et al., 2009).

The sum of the first two is effective precipitation (Peff), which represents the volume of water

that effectively reaches the soil and sustains infiltration and recharge processes.

Despite decades of research, interception continues to be represented in a simplified

manner in many widely used hydrological models. Distributed models such as SWAT (Soil

and Water Assessment Tool) and VIC (Variable Infiltration Capacity) calculate interception as a

constant fraction of gross precipitation, limited by a maximum canopy storage capacity that does

not vary with phenology (MUZYLO et al., 2009). The analytical Gash model (BY; GASH, 1979)

and its revised version (GASH; LLOYD; LACHAUD, 1995) represent important conceptual
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advances by describing the process in terms of discrete events, but they require the estimation of

physiological parameters that are difficult to obtain (canopy storage capacity, evaporation rate

during rainfall) and assume that these parameters are stationary throughout the year—a critical

limitation in semideciduous forests where up to 50% of species lose leaves during the dry season

(RODRIGUES et al., 2021a; MUZYLO et al., 2009; VÉLIZ-CHÁVEZ et al., 2014). In summary,

interception is treated in these models as a simplistic function of gross precipitation, ignoring its

dependence on rainfall intensity thresholds and antecedent canopy moisture status.

A central scientific problem of this thesis, which deserves emphasis from the outset, is

the absence of validated models capable of estimating effective precipitation in real time or

under future scenarios from readily available climatic variables. This gap has direct implications

for water resources management: without the ability to predict how much rainfall effectively

reaches the soil under different canopy and climatic conditions, it is impossible to construct

reliable water balances, model aquifer recharge, or anticipate the effects of extreme events on

water availability in forested watersheds (RODRIGUES et al., 2021a; Junqueira Junior et al.,

2019). This thesis proposes to overcome this limitation by demonstrating that ensembles of

decision algorithms (RF and Gradient Boosting) can capture interception nonlinearities and

canopy spatial heterogeneity (MOHAMMED; MENGISTE; GEBREMICHAEL, 2025; WU et

al., 2024), providing operational estimates of effective precipitation from routinely monitored

climatic variables.

In summary, this research aspires to establish a new methodological standard for tropical

hydrology, demonstrating that “Data-Driven Hydrology”, when rigorously anchored in physical

principles and field validation, can reveal patterns and processes that are invisible to conventional

methodologies (SHEN, 2018).

1.1 Justification

The completion of this thesis is grounded in the convergence of a critical need for reliable

hydrological information, the availability of new computational tools, and the existence of a

long-term experimental infrastructure in the Brazilian context.
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1.1.1 Ecohydrological Relevance and Water Security in the Atlantic Forest

The Atlantic Forest is one of the most threatened biomes and, paradoxically, one of the

most vital for Brazil’s water security (Junqueira Junior et al., 2019). Streamflow regulation,

aquifer recharge, and flood mitigation intrinsically depend on the forest’s capacity to intercept

and redistribute precipitation (RODRIGUES et al., 2021a; OLIVEIRA et al., 2021). However,

existing studies often rely on short-term campaigns or on models not validated under the region’s

marked seasonality conditions (Köppen Cwa) (Junqueira Junior et al., 2019). Understanding

the fine dynamics of interception—how much water is lost through canopy evaporation and

how much effectively reaches the soil as effective precipitation (Peff)—is crucial for modeling

ecosystem resilience under climate change scenarios that project more intense rainfall events and

longer droughts (RODRIGUES et al., 2021a).

1.1.2 Methodological Innovation Beyond Traditional Statistics

The methodological justification lies in overcoming the limitations of conventional

approaches on two fronts:

• Data reconstruction: Conventional gap-filling methods assume stationarity and linearity,

assumptions systematically violated in convective tropical rainfall (DEPIN et al., 2014;

BLEIDORN et al., 2024). The use of DL algorithms, such as LSTM, and Gradient

Boosting (XGBoost) enables capturing complex temporal dependencies and nonlinear

relationships with large-scale atmospheric variables, offering a reconstruction that respects

local climate physics (ABOUZIED et al., 2025; MONEGO; ANOCHI; de Campos Velho,

2022; WANG; TIAN; CARROLL, 2023; PINTHONG et al., 2025). Few studies address

rainfall reconstruction in Atlantic Forest environments by integrating reanalysis and satel-

lite data with bias correction and multiobjective model selection (ANDRADE et al., 2024;

ASCENSO et al., 2024).

• Interception: Classical physical models (Gash, Rutter) require physiological parameteri-

zation that is difficult to obtain, involving intensive calibration that often does not reflect

the real vegetative characteristics of forests (VÉLIZ-CHÁVEZ et al., 2014; MUZYLO et

al., 2009). The proposed ML models overcome this limitation (SCHMIDT et al., 2020) by
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learning the dynamics directly from data and explicitly incorporating variables such as

rainfall intensity and antecedent moisture. Moreover, few investigations systematically

evaluate models under simultaneous temporal and spatial validation schemes, a particularly

critical gap in the Atlantic Forest, where previous studies focused on isolated sites or short

periods (Junqueira Junior et al., 2019).

1.1.3 Experimental Infrastructure

The existence of a long-term monitoring infrastructure such as “Matinha” (UFLA) is

central to this thesis. A systematic search of the Brazilian literature indicates that, although there

are interception monitoring initiatives in biomes such as the Amazon, the Cerrado, and Atlantic

Forest fragments in other states, none simultaneously presents: (i) continuous series longer than

ten years (2012–2023); (ii) monitoring of rainfall partitioning at 32 spatial throughfall points

and in 32 trees of 15 distinct species for stemflow; (iii) an hourly temporal resolution; and (iv)

complementary soil moisture data at 32 points and five depths. This combination of temporal

resolution, spatial density, and duration confers a singular character to the dataset for Brazilian

forest ecohydrology, enabling investigations that shorter or less dense series would not permit.

1.1.4 Relationship with the Sustainable Development Goals (SDGs)

This project aligns directly with the United Nations 2030 Agenda (IPCC, 2021; NA-

TIONS, 2015):

SDG 6 (Clean Water and Sanitation): The tools developed to reconstruct rainfall data

and estimate effective precipitation improve the information base for water balance calculations

and watershed management.

SDG 13 (Climate Action): Reliable modeling of extreme events and the use of global

reanalyses (ERA5) allow local climate to be contextualized within global change.

SDG 15 (Life on Land): Interception modeling elucidates the forest’s functional role

in regulating the water cycle, providing quantitative evidence for conservation and restoration

policies.
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1.2 Research Problem and Scientific Questions

1.2.1 Problem Definition

Research in the Atlantic Forest, and by extension in tropical forest hydrology, faces two

interconnected barriers:

1. Integrity of precipitation time series: The historical precipitation series collected in

“Matinha” (UFLA) between September 2012 and December 2023—totaling more than

eleven years of continuous monitoring at hourly resolution—contains unavoidable gaps

due to instrumental failures, power issues, and field maintenance. Conventional filling

methods produce “smoothed” series that underestimate convective extremes. Furthermore,

the detection of spurious values in high-frequency series is often manual and subjective.

There is a lack of an automated protocol capable of cleaning and reconstructing the series

while preserving its natural statistical structure and extreme events.

2. Complexity of rainfall partitioning and lack of operational predictive models: Despite

extensive interception data collection (32 spatial points, September 2012 to December

2023), traditional models (Gash, Liu) did not allow event-by-event evaluation or an

integrated spatiotemporal treatment. Critically, there is no validated model that enables

the estimation of effective precipitation in real time or under future scenarios from

readily available climatic variables—such as event magnitude, antecedent moisture, and

seasonal indicators—directly limiting the operational applicability of these data for water

resources management in forested watersheds.

1.2.2 Research Questions

General Question: In what way can the incorporation of advanced ML algorithms

improve the accuracy, physical consistency, and operational utility of hydrological information

(precipitation and interception) in seasonal forest ecosystems?

Specific Questions:

• P1 (Reconstruction): To what extent does the fusion of ERA5 reanalysis data with

Gradient Boosting and DL algorithms, subjected to bias correction via Quantile Mapping,



37

outperform purely statistical and satellite-based methods in reconstructing daily and hourly

precipitation variability observed between September 2012 and December 2023?

• P2 (Quality Control): Are isolation-based anomaly detection algorithms (iForest) more

effective than density-based methods (LOF) for identifying instrumental errors in rainfall

series with many zeros, without removing valid extreme events?

• P3 (Interception): Which physical variables (intensity, duration, antecedent moisture,

seasonality) dominate interception efficiency in the Atlantic Forest at the event scale

observed between September 2012 and December 2023, and how can ensemble models

(RF and Gradient Boosting) capture these nonlinear relationships to improve effective

precipitation estimation?

1.3 Hypotheses

• H1: Precipitation time series reconstruction based on learning nonlinear physical relation-

ships between large-scale atmospheric variables (ERA5) and local rainfall, using XGBoost

and LSTM networks, produces synthetic series with significantly higher KGE efficiency

metrics than those generated by SARIMA models, due to the ability of ML algorithms to

incorporate the physics of atmospheric convection.

• H2: The use of unsupervised algorithms such as iForest enables more robust data cleaning

in rainfall series than density-based methods (LOF) or fixed thresholds, because anomalies

are isolated based on decision-tree path length, which is better suited to asymmetric

distributions with many zeros.

• H3: Rainfall partitioning in Atlantic Forest ecosystems does not exhibit a constant propor-

tion, but rather event-dependent dynamics driven by magnitude and antecedent moisture

conditions. ML models, through hydrologically interpretable feature engineering, can

represent the asymptotic behavior of interception by capturing short-term variations that

static parameters fail to describe.
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1.4 Objectives

1.4.1 General Objective

To develop and validate an integrated methodological framework for hydrology in a

semideciduous Atlantic Forest remnant that, through the use of AI, enables: (i) robust recon-

struction of historical precipitation series (September 2012 to December 2023); and (ii) accurate

modeling of rainfall interception and effective precipitation processes at the event scale, ensuring

hydrological coherence, spatiotemporal robustness, and physical interpretability of the results.

1.4.2 Specific Objectives

Linked to Article 1 (Reconstruction):

1. Implement and compare unsupervised outlier detection techniques to clean the historical

precipitation database (September 2012 to December 2023).

2. Evaluate the performance of multiple exogenous sources (ERA5, CHIRPS, PERSIANN-

CDR) and the effectiveness of Quantile Mapping for bias correction relative to local

climatology.

3. Develop, optimize, and validate ML models (XGBoost, CatBoost, LSTM, Prophet) for

daily and hourly imputation, using multiobjective selection (Pareto–Borda) balancing

accuracy (RMSE) and structural consistency (KGE).

Linked to Article 2 (Interception):

4. Characterize the spatiotemporal variability of interception (I) and effective precipitation

(Peff) at the event scale in the Atlantic Forest, using the intensive monitoring network

(September 2012 to December 2023).

5. Build and validate ensemble predictive models (RF, XGBoost, CatBoost, LightGBM) to

estimate the effective precipitation coefficient (CPeff), incorporating feature engineering

variables that represent rainfall intensity and system moisture memory.

6. Determine the relative importance of physical drivers of interception using interpretability

techniques (SHAP values), differentiating behavior between dry and wet seasons.
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2 THEORETICAL FRAMEWORK: DATA-DRIVEN HYDROLOGY FOR EFFECTIVE

PRECIPITATION ESTIMATION IN TROPICAL FORESTS

Three conceptual axes organize the argument developed here. Forest ecohydrology

describes how vegetation actively reshapes the water cycle by partitioning precipitation, reg-

ulating evapotranspiration, and modulating soil infiltration (BRASIL et al., 2022; CAU et al.,

2025; RODRIGUES et al., 2020). It provides the physical grounding without which any pre-

dictive model risks learning statistically convenient but physically meaningless correlations.

Pluviometric data integrity addresses the problem of gaps, outliers, and instrumental biases

endemic to tropical monitoring networks (HERRERA; FOWLER, 2023; PAN et al., 2016;

SEGOVIA-CARDOZO; BERNAL-BASURCO; RODRÍGUEZ-SINOBAS, 2023): such defects

propagate through both physical model calibration and ML training, making quality control a

methodological decision rather than a preparatory routine (SINGH et al., 2024; WAQAS, 2024).

Machine learning applied to hydrology supplies the computational tools for capturing the

nonlinear relationships and high spatiotemporal variability that classical physical models handle

poorly; the decision to use ensemble learning algorithms and recurrent neural networks follows

directly from documented limitations in the existing literature and from accumulated evidence

that these methods outperform linear alternatives on processes with memory (SHEN, 2018;

WILLARD et al., 2022; KRATZERT et al., 2019b).

The articulation between ecohydrology and data science

The convergence of forest ecohydrology and data science has been formalized as “data-

driven hydrology”, a field that complements rather than displaces process-based modeling.

Willard et al. (2022) describe the Physics-aware Machine Learning (PaML) paradigm as ad-

mitting four modes of integration: physically data-guided learning, physics-informed learning,

physics-embedded architecture, and coupled hybrid learning. Across all four, the operating

principle is the same: physical knowledge constrains ML generalization, and ML algorithms

surface patterns that process equations cannot extract from noisy, multivariate observations. This

thesis sits at that intersection. The ecohydrology of the Atlantic Forest supplies the physical

vocabulary and the hypotheses; the high-frequency time series from “Matinha” (UFLA) supply
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the data; and the ML algorithms supply the analytical language to connect both while preserving

physical plausibility and operational relevance.

Logical structure of the chapter

The chapter moves from the concrete to the methodological. It opens with the physical

processes governing water balance and rainfall partitioning in tropical forests (Sections 2.1

and 2.2), then shifts to the data problems those processes create: series integrity and quality

control (Section 2.3), followed by the ML foundations used to address them (Section 2.4),

anomaly detection algorithms (Section 2.5), and model evaluation criteria (Section 2.6).

2.1 The Hydrological Cycle in Tropical Forest Ecosystems

2.1.1 Foundations of Water Balance in Forests

The water balance of a tropical forest is a mass conservation equation. Water entering

through precipitation must leave through evaporation, drainage to rivers, or groundwater recharge,

or else it accumulates in storage. At basin scale, over a period long enough to average out seasonal

swings, the relationship takes the form:

P = ET+Q+R ± ∆S (2.1)

where P is total precipitation (mm), ET actual evapotranspiration, Q surface and subsurface runoff

to watercourses, R groundwater recharge, and ∆S the change in soil water storage (BRUIJNZEEL,

2004). In tropical forest ecosystems, the ET term is consistently dominant: humid forest

evapotranspiration can consume between 60 % and 80 % of annual precipitation (BRUIJNZEEL,

2004), making it the primary pathway by which the forest recycles water to the atmosphere and,

in doing so, modulates regional climate.
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The regulating role of forest cover

The forest is an active participant in the hydrological cycle, operating across scales. At

the event scale, the canopy intercepts a fraction of rainfall that evaporates before reaching the

soil, with measurable consequences for aquifer recharge and surface runoff (Section 2.2). At

the seasonal scale, phenology shifts the interception budget: leaf fall in semideciduous forests

reduces storage capacity and transpiration, altering the dry-to-wet-season water balance. At the

basin scale, root systems maintain macroporous, structured soils with high hydraulic conductivity

that sustain infiltration even during intense convective events (Junqueira Junior et al., 2019).

Atlantic Forest studies show that forest cover is positively associated with minimum flows (Q7,

the lowest mean seven-day discharge with a ten-year return period), confirming the forest’s role

in sustaining river baseflow through the dry season (ROCHA; CERQUEIRA et al., 2018). The

water-security implications are straightforward: deforestation raises flood peaks and erosion

rates while cutting the aquifer recharge that keeps streams perennial during drought.

Canopy structure and vertical water fluxes

Canopy structure, operationally described by leaf area index (LAI, m2 m−2), crown

architecture, vertical stratification, and species phenology, governs vertical water fluxes (LEVIA;

CARLYLE-MOSES; TANAKA, 2011). A high LAI increases the surface area available for

interception and evaporation. A dense canopy also reduces radiation and wind speed in the

understory, sustaining a humid microclimate that suppresses evapotranspiration from lower

strata. Branch orientation and bark roughness control how efficiently water held by the crown

is routed down the trunk as stemflow. That component is volumetrically modest, typically 0.5–

6 % of gross precipitation in tropical forests (LEVIA; CARLYLE-MOSES; TANAKA, 2011),

but biogeochemically important: it concentrates crown-leached nutrients at the tree base and

drives preferential infiltration in that zone, with lasting effects on soil microbiology (KEIM;

SKAUGSET; WEILER, 2006).
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Evergreen forests versus semideciduous forests

The contrast between evergreen and seasonally deciduous forests matters directly for

the objectives of this thesis. Amazonian dense ombrophilous forests maintain a broadly stable

canopy throughout the year, with consistently high LAI and near-constant interception capacity.

Semideciduous forests, such as the Montane Seasonal Semideciduous Forest (FESM) that is

the experimental area here, follow a different rhythm: during the dry season, between 20 % and

50 % of species shed their foliage partially or completely (RODRIGUES et al., 2021a). In the

UFLA fragment, LAI ranges from 3.7 to 5.0 m2 m−2 in the wet season and falls substantially

through winter (RODRIGUES et al., 2021a). That seasonal shift is not merely a change in

magnitude. Leaf fall alters crown architecture, reduces canopy storage capacity S (the rainfall

depth required to saturate the canopy before drainage begins), and changes the aerodynamics

that govern evaporation from intercepted water. A model calibrated during the wet season and

applied unchanged to winter conditions will generate systematic errors, because the parameters

themselves have changed. Classical static-parameter models cannot adjust for this without full

recalibration, which is one concrete reason this thesis adopts ML algorithms that learn seasonal

parameter variability directly from the data (Junqueira Junior et al., 2019).

2.1.2 Seasonality and Spatiotemporal Variability of Tropical Precipitation

Modeling effective precipitation in a semideciduous tropical forest requires, first and

foremost, understanding the structure and variability of the input signal: gross precipitation.

Southeastern Brazil — and in particular southern Minas Gerais, where the Matinha experimental

site is located — is subject to a combination of atmospheric mechanisms that produces a markedly

seasonal, spatially heterogeneous, and temporally non-stationary rainfall regime.

The South Atlantic Convergence Zone (SACZ)

The main system modulating precipitation during the austral summer in southeastern

Brazil is the South Atlantic Convergence Zone (SACZ) (QUADRO, 1994; CARVALHO;

JONES; LIEBMANN, 2004). The SACZ manifests as a band of cloudiness, deep convection,

and moisture convergence oriented northwest–southeast, extending from the interior of the
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Amazon basin to the Atlantic Ocean off the Brazilian coast, covering a meridional extent of

approximately 5,000 km. Its formation is associated with the transport of heat and moisture

from the Amazon basin by the low-level jet, which interacts with frontal systems originating

in extratropical latitudes (CARVALHO; JONES; LIEBMANN, 2004). From a quantitative

standpoint, the SACZ is responsible for a substantial fraction of total precipitation during the

rainy season in southeastern Brazil. Nielsen et al. (2019) showed that the system accounts for

between 25 % and 50 % of monthly totals during the rainy season, with the largest contributions

in December and January; analyses specific to March indicate that the SACZ can explain up

to 56 % of observed precipitation (ZILLI; HART, 2019). More than totals, it is important to

recognize that the SACZ is intrinsically associated with extreme events: persistent and intensified

SACZ episodes are linked to floods and mass movements that affect forested basins, making

their correct representation in predictive models a risk-management issue (QUADRO, 1994;

CARVALHO; JONES; LIEBMANN, 2004).

Complementary systems: frontal systems, easterly waves, and local convection

Beyond the SACZ, temporal variability in precipitation is modulated by synoptic and

mesoscale systems operating at distinct time and space scales (QUADRO, 1994). Frontal systems

coming from the south, when interacting with tropical moisture during transition months, can

remain stationary for days and anchor SACZ formation, amplifying its effects. Easterly Wave

Disturbances — vorticity waves that propagate from east to west along the lower troposphere —

are responsible for precipitation events during the transition period between seasons in eastern

Minas Gerais and on the slopes of the Serra da Mantiqueira. In winter, the absence of these

systems produces a marked dry season, with water deficit imposing pronounced physiological

stress on semideciduous vegetation. In this period, the few rainfall events that occur have

a distinct dynamics: they fall on a canopy with reduced LAI and lower storage capacity S,

producing interception values proportionally different from those observed in the rainy season

— one of the reasons why constant-parameter models fail to adequately reproduce the annual

behavior of the system (RODRIGUES et al., 2021a).
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Non-stationarity and implications for modeling

Tropical convective precipitation is intrinsically non-stationary at multiple time scales.

At the intraseasonal scale, alternation between active episodes and pauses of the SACZ pro-

duces intradecadal to interannual variability. At the interannual scale, phenomena such as the

El Niño–Southern Oscillation (ENSO) and sea surface temperature anomalies in the tropical

Atlantic modulate the position and intensity of the SACZ, directly affecting annual rainfall totals

(CARVALHO; JONES; LIEBMANN, 2004). At the multidecadal scale, there is evidence of a

progressive southward shift in the mean position of the SACZ in recent decades, with measurable

impacts on regional precipitation patterns in southeastern Brazil (JONES; CARVALHO, 2019).

From a statistical standpoint, tropical convective events are characterized by high intensities,

short duration, high spatial heterogeneity, and strongly right-skewed distributions with heavy

tails (heavy-tailed). These properties violate the assumptions of Gaussianity and stationarity

required by classical statistical methods such as ARIMA and linear regression, and result in

time series with complex, nonlinear autocorrelation structure. For interception modeling, this

non-stationarity has a direct consequence: the canopy moisture state before an event — which

determines its residual storage capacity — is a function not only of the immediately previous

event, but of a time window whose length varies with atmospheric conditions, a “memory” that

static and linear models cannot represent.

Cwa climate and the hydrological dynamics of the study area

The local climate of Lavras (MG), where the Matinha experimental site is located, falls

within the Köppen Cwa classification (humid subtropical with rainy summer and dry winter),

with mean annual temperature around 19.4 °C and mean annual precipitation of approximately

1,511 mm (Junqueira Junior et al., 2019). About 85 % of annual totals concentrate in the rainy

period (October to March), while winter is characterized by an almost complete absence of

precipitation between June and August. This marked seasonality imposes on the FESM forest

ecosystem an annual cycle of alternation between saturation (when LAI is maximum and soils

are near field capacity) and severe water deficit (when vegetation draws on deep water reserves

to maintain metabolism during drought). Understanding this cycle is essential to interpret
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interception data collected over more than a decade in the UFLA fragment (RODRIGUES et al.,

2021a).

2.1.3 Hydrological Ecosystem Services of Tropical Forests

The Atlantic Forest retains hydrological functions that extend well beyond its ecological

boundaries. With remnants covering roughly 12 % of the biome’s original extent, the forest still

supplies water resources to more than 125 million Brazilians (SOS Mata Atlântica; INPE, 2021).

That supply depends on the continued delivery of hydrological ecosystem services by scattered

fragments embedded in agricultural and urban landscapes.

Water regulation services

The first and most recognized hydrological service of forests is flow regulation. By

intercepting part of precipitation and promoting infiltration through the root system, the forest

attenuates flood peaks (reducing downstream flood risk) and maintains baseflow during drought

(ensuring the perenniality of watercourses). This regulating function depends on canopy integrity

and soil structure: a fragment with reduced LAI due to water stress or degradation intercepts less

rain, generates more surface runoff, and recharges aquifers less (BRUIJNZEEL, 2004). Aquifer

recharge is favored by the high macroporosity and hydraulic conductivity of the Distroferric Red

Latosols predominant in the UFLA region — soils that, under intact forest cover, show infiltration

rates substantially higher than those of compacted soils under pasture or cultivation. Studies

indicate that the forest allows recharge even during periods of intense convective precipitation

by temporally distributing water flux within the soil profile (Junqueira Junior et al., 2019). The

observable result is the forest’s capacity to maintain river baseflow (Q7) even during prolonged

droughts (ROCHA; CERQUEIRA et al., 2018). Mitigation of water erosion is another service

of high social value. Forest interception reduces the kinetic energy of raindrops reaching the

soil, decreasing surface sealing and particle detachment rates. The result is a drastic reduction in

sediment transport compared to deforested areas, with implications for water quality, reservoir

siltation, and geomorphic slope stability (BRUIJNZEEL, 2004).
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Threats from climate change

Projected climate change scenarios for southeastern Brazil are concerning from the

perspective of hydrological services. The Intergovernmental Panel on Climate Change (IPCC,

2021) projects an intensification of the hydrological cycle in the region, with precipitation

more concentrated in time (more intense events of shorter mean duration), longer dry spells,

and increased interannual variability. For Atlantic Forest semideciduous forests, this implies

larger oscillations between seasonal canopy saturation and water deficit, with the potential to

alter species phenology, compromise aquifer recharge, and eventually trigger state-transition

thresholds (tipping points) in ecosystems. Long-term monitoring at Matinha (2012–2023) has

already documented this pressure: extreme drought episodes in the region produced measurable

shifts in rainfall partitioning dynamics, with the forest maintaining core functions but exhibiting

changes in interception patterns that static-parameter models cannot track (RODRIGUES et al.,

2021a). Capturing that kind of adaptive, non-stationary behavior is exactly what motivates the

ML algorithms developed in this thesis.

The indispensability of reliable models

Reliable estimation of effective precipitation matters beyond the laboratory. Basin water

management, environmental licensing, land-use planning, and calibration of large-scale hydrolog-

ical models all depend on it. Errors in interception estimation are not contained: overestimating

interception leads to underestimating effective precipitation, resulting in consistently low runoff

predictions, low recharge estimates, and exaggerated projections of water stress. Model quality

here has direct consequences for management quality (SHEN, 2018; MUZYLO et al., 2009).

2.2 Rainfall Partitioning by the Forest Canopy: Physical and Conceptual Foundations

2.2.1 The Partitioning Process: Concepts and Components

When a raindrop leaves the clouds and begins its fall toward the ground, the forest is

not necessarily its final destination. Upon reaching the canopy, water can take three distinct

paths, and the proportion among them — which varies with each event, each species, and each
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season — determines how much water effectively supplies the soil and, consequently, subsurface

hydrological processes. These three paths are the three components of rainfall partitioning (BY;

GASH, 1979; LEVIA; CARLYLE-MOSES; TANAKA, 2011).

Throughfall (throughfall, Pi)

Throughfall is the fraction of rainfall that passes through the canopy and reaches the

forest floor. It is composed of two distinct mechanisms, although often indistinguishable in

the field: free throughfall, corresponding to drops that pass directly through canopy openings

(canopy openness fraction p) without contact with vegetation; and drip throughfall, which

is water first intercepted by leaves and branches and, after surface storage reaches the limit

of capillary retention, is released as drops of larger diameter and higher kinetic energy (BY;

GASH, 1979; LEVIA; CARLYLE-MOSES; TANAKA, 2011). Quantitatively, Pi is typically the

dominant component of partitioning: in tropical forests, it represents between 60 % and 90 % of

gross precipitation (LEVIA; CARLYLE-MOSES; TANAKA, 2011). In an FESM remnant in

the northeastern Atlantic Forest, for example, Filho et al. (2019) reported throughfall of 52.9 %

of gross precipitation — a relatively low value reflecting the high density and thickness of the

canopy at that site.

Stemflow (stemflow, S f )

Stemflow is the fraction of rainfall that, intercepted by crowns and conveyed by branches

and twigs toward the bole, runs down the tree bark until reaching the soil at the base of the trunk.

Although volumetrically modest — typically between 0.5 % and 6 % of gross precipitation in

tropical forests (LEVIA; CARLYLE-MOSES; TANAKA, 2011) — stemflow has hydrological

and biogeochemical relevance disproportionate to its magnitude, because it concentrates nutrients

leached from bark and crowns and deposits them locally in a zone of high root activity, favoring

preferential infiltration in this region (KEIM; SKAUGSET; WEILER, 2006). The efficiency of

S f generation varies among species: species with smooth bark and upward-oriented branches

produce more stemflow than species with rough bark and horizontal or downward branches

(LEVIA; CARLYLE-MOSES; TANAKA, 2011).
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Interception (I) and effective precipitation (Peff)

Interception is the fraction of gross precipitation temporarily retained on vegetative

surfaces — leaves, branches, bark, lichens, epiphytes — that is returned to the atmosphere by

evaporation during and after the rainfall event, without ever reaching the soil. In a strict sense,

interception is not a flux (a transfer of mass from one compartment to another), but a loss: the

water never completes the transition from the atmosphere to the soil (BY; GASH, 1979). Its

magnitude can be substantial: in the northeastern Atlantic Forest, Filho et al. (2019) reported

interception losses of 44.9 % of gross precipitation. In FESM fragments in southeastern Brazil,

interception values tend to be lower — Junqueira Junior et al. (2019) reported approximately

12.1 % interception — reflecting differences in canopy structure, floristic composition, and local

climatic conditions. The mass balance of these three components can be formulated as:

Pg = Pi +S f + I (2.2)

where Pg is gross precipitation (gross rainfall). Effective precipitation is defined as the sum of

throughfall and stemflow:

Peff = Pi +S f (2.3)

representing the total volume of water that effectively reaches the forest floor and is available for

infiltration, surface runoff, and groundwater recharge (BY; GASH, 1979; LEVIA; CARLYLE-

MOSES; TANAKA, 2011). Table 2.1 synthesizes values reported in the literature for the three

partitioning components across different Atlantic Forest forest typologies, illustrating variability

among studies and sites.

The variability across studies reflects real differences in canopy structure, species com-

position, phenology, and local rainfall characteristics. The fact that no fixed set of parameters

travels well from one site to another, or from one season to the next, is part of what motivates the

machine learning approach developed here.

2.2.2 Physical Factors Controlling Interception

Interception efficiency at any given event results from the interaction between atmospheric

variables (rainfall characteristics and evaporative demand) and canopy variables (structure,
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Table 2.1 – Values of rainfall partitioning components across different Atlantic Forest typologies
and global tropical averages.

Study/Site Typology Pi (%) S f (%) I (%)

Filho et al. (2019) FESM — Northeastern Brazil 52.9 2.2 44.9

Junqueira Junior et al. (2019) Montane FESM — Southeastern Brazil 87.3 0.65 12.1

Rodrigues et al. (2021a) Montane FESM — UFLA/MG (7-year
period)

78.3 0.5 21.2

Mello et al. (2024) Global meta-analysis — Tropical forests 70–75 < 1.0 10–30

Pi: throughfall; S f : stemflow; I: interception.
Fonte: The author (2026).

phenology, and storage capacity). Identifying which of these factors dominate, and under what

conditions, is a prerequisite for physically sound modeling.

Climatic factors: magnitude, intensity, duration, and wind

Among climatic variables, the total event magnitude (Pg, in mm) is the first-order

control factor. The relationship between Pg and I is nonlinear and asymptotic: small-magnitude

events can be almost entirely intercepted (when Pg < S, all rainfall is retained by the canopy

without reaching the soil); as Pg increases, the interception proportion decreases, until sufficiently

large events produce an increasingly dominant throughfall fraction. By e Gash (1979) showed

that this asymmetry is captured by the three discrete phases of its model: wetting (where

I ≈ Pg), saturation (where I increases at an approximately constant rate Ē/R̄), and drying (where

evaporation depletes residual storage after rainfall ends). Rainfall intensity (R, in mm h−1) is

especially determinant during the saturation phase: at a constant evaporation rate Ē, a higher

intensity R implies that the rainfall required to saturate the canopy (P′
g) is reached more rapidly

and with lower accumulated volume, increasing the throughfall proportion (BY; GASH, 1979).

On the other hand, very high intensities, by saturating the canopy within seconds, can in practice

reduce proportional interception by preventing evaporation from occurring during the event.

Event duration and internal rainless intervals (rainless gaps) are likewise relevant: pauses

within an event allow a partially dried canopy to regenerate storage capacity, increasing total

accumulated interception in long, fragmented events (BY; GASH, 1979). Wind speed (u) acts in

two opposing directions on interception: on the one hand, it increases the evaporation rate of the
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wet canopy by renewing humid air at the leaf–atmosphere interface, increasing I losses; on the

other hand, it can drive oblique rainfall to penetrate more deeply into the canopy and reach the

soil before being intercepted, reducing I. The resulting balance depends on canopy structure and

the specific conditions of the event (LEVIA; CARLYLE-MOSES; TANAKA, 2011).

Canopy storage capacity (S) and the free drainage coefficient (p)

On the canopy side, the two central physical parameters in interception models are canopy

storage capacity S (mm) and the free drainage coefficient p (dimensionless) (BY; GASH, 1979;

RUTTER; MORTON; ROBINS, 1975). S represents the maximum volume of water the canopy

can retain by capillary retention — on leaves, branches, bark, epiphytes — before gravitational

drainage begins. In tropical forests, S typically ranges between 0.5 and 3.0 mm, depending on

leaf density and surface texture, the presence of epiphytes and mosses, and LAI. The coefficient

p describes the fraction of rainfall that passes directly through canopy gaps without contact with

vegetation (canopy openness fraction); typical values range between 0.05 and 0.45 (MUZYLO

et al., 2009). Both parameters vary seasonally in semideciduous forests. At Matinha (UFLA),

S decreases significantly during the dry season, reflecting LAI reduction with leaf fall, while

p increases because canopy openness expands with foliage loss (RODRIGUES et al., 2021a).

Treating these parameters as constant throughout the year — as in the original formulations of the

classical Gash and Rutter models — introduces systematic errors that manifest as overestimation

of interception in the dry season and underestimation in the rainy season (MUZYLO et al., 2009).

Nonlinearity and dependence on antecedent states

Rainfall intensity and antecedent canopy wetness are considered the main drivers of

nonlinear interception behavior (BY; GASH, 1979; LEVIA; CARLYLE-MOSES; TANAKA,

2011). When the canopy is already wet from a recent event, its residual storage capacity —

Sres = S−W , where W is the water currently retained — is reduced. A subsequent event, even

of small magnitude, may exceed this residual threshold more quickly, generating throughfall

that would not occur under dry-canopy conditions. This state dependence configures a system

with hydrological memory: the canopy response to a rainfall event depends on the conditions

of preceding events, which poses a fundamental challenge for static-parameter models and
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justifies the use of neural networks capable of representing temporal states (LSTM), developed

in Section 2.4.

Spatial heterogeneity of the canopy

The three-dimensional structure of the forest canopy is not spatially homogeneous: varia-

tion in crown density among species, diameter at breast height (DBH), foliar architecture, and

the sociological position of trees produces a spatially heterogeneous distribution of throughfall

on the forest floor. Studies using dense rain gauge networks have documented the existence of

throughfall “hot spots” (hot spots) — located beneath canopy gaps or preferential drip points

from thick branches — and “rain shadows” under dense crowns (LEVIA; CARLYLE-MOSES;

TANAKA, 2011). The Matinha monitoring network, with 32 understory rain gauges distributed

under different species, was designed to capture this variability: previous work at the same site

showed that species such as Miconia willdenowii record the highest Peff values, whereas Xylopia

brasiliensis presents the lowest, reflecting differences in foliar architecture and crown density

(RODRIGUES et al., 2021a).

Phenology and seasonality

In semideciduous forests, phenology represents the main factor controlling temporal

variation of interception at the seasonal scale. Leaf fall during the dry season reduces LAI and,

with it, both the surface available for interception and the storage capacity S. This means that,

during the dry season, even small-magnitude rainfall events — which in the rainy season would

be almost entirely intercepted — generate throughfall proportions larger than expected by models

calibrated with rainy-period data. This dual seasonal variation — higher interception in the rainy

season (high LAI, high S) and lower in the dry season (low LAI, low S) — invalidates the use

of constant coefficients throughout the year and requires approaches that explicitly represent

phenological dynamics (Junqueira Junior et al., 2019; RODRIGUES et al., 2021a).
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2.2.3 Classical Physical Models of Interception: Gash, Rutter, and Derived Approaches

Analytical and numerical modeling of forest interception has a history spanning more

than five decades, with two foundational models that still dominate the literature: the analytical

model of Gash (BY; GASH, 1979) and the continuous-process model of Rutter (RUTTER;

MORTON; ROBINS, 1975). Both seek to describe the same physical processes, but they do so

with different approximations and temporal resolutions, which condition their applicability in

different contexts.

The Gash Model (1979) and its revised versions

The Gash model (BY; GASH, 1979) is the most widely applied in forest hydrology, with

extensive use worldwide including multiple Atlantic Forest studies (MUZYLO et al., 2009).

The formulation rests on treating precipitation as a series of discrete, independent events, each

passing through three physically distinct phases. In the wetting phase, the canopy is still below

its saturation capacity (W < S), and all precipitation is retained by the canopy without drainage

to the ground. The precipitation volume required to saturate the canopy, P′
g, is obtained from the

balance between rainfall input and evaporation occurring during this process:

P′
g = −S

c̄
ln
(

1− Ē
c̄ R̄

)
≈ S/c̄

1− Ē/(c̄ R̄)
(2.4)

where c̄ is the canopy cover fraction (dimensionless), Ē is the mean evaporation rate during the

event (mm h−1), and R̄ is the mean rainfall intensity (mm h−1) (BY; GASH, 1979). The ratio

Ē/R̄ expresses the proportion of rainfall evaporated during wetting — a central parameter that,

in the original model, is assumed constant for all events. In the saturation phase, the canopy is

wet and the drainage rate to the ground is approximately equal to rainfall rate minus evaporation

rate. The accumulated interception during this phase is proportional to the amount of rainfall

and to the ratio Ē/R̄. In the drying phase, precipitation has ceased, but the canopy still contains

stored water that will be gradually evaporated until it returns to a dry state, ready for a new event.

The general equation for total canopy interception over a set of m small events (with Pg, j < P′
g)

and n large events (with Pg, j ≥ P′
g) in the formulation revised by Gash, Lloyd e Lachaud (1995)
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is:

I = c̄
m

∑
j=1

Pg, j + c̄
n

∑
j=1

[
P′

g +
Ē
R̄

(
Pg, j −P′

g
)]

+ c̄ S (n−number of events in which the canopy does not dry between events)

(2.5)

where the first term represents total interception in small events, the second in large events, and

the third drying losses (BY; GASH, 1979; GASH; LLOYD; LACHAUD, 1995). The revised

version by Valente e David (1997) extends the model to discontinuous (sparse canopy) cover,

explicitly differentiating canopy and trunk components and making the model more suitable

for forest fragments and savanna formations. This version is used in the global model GLEAM

(Global Land Evaporation Amsterdam Model) to estimate interception losses at the global scale

from remotely sensed LAI products (MIRALLES et al., 2010).

The Rutter Model (1975)

The Rutter model (RUTTER; MORTON; ROBINS, 1975) adopts a radically different

approach: rather than treating events as discrete objects, it solves the canopy water balance

continuously in short time steps (typically hourly). The canopy is modeled as a reservoir with

maximum capacity S; at each time step, precipitation increases storage, evaporation reduces it,

and drainage occurs when storage exceeds S according to an exponential function:

Dt = Ds exp[κ (Wt −S)] if Wt > S (2.6)

where Dt is the drainage rate at time t (mm h−1), Ds and κ are scale and shape parameters of

the exponential function, and Wt is current canopy storage (RUTTER; MORTON; ROBINS,

1975). Evaporation during the event is calculated using the Penman–Monteith equation with

zero surface resistance (fully wet canopy). The main advantage of the Rutter model over Gash is

higher physical fidelity for individual events with variable intensity and internal interruptions:

by solving the balance in short time steps, the model captures canopy filling and emptying

dynamics in much greater detail than Gash’s discrete-phase approximation. Its main limitation is

that it requires high-temporal-resolution meteorological data (hourly precipitation, wind speed,
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radiation, temperature, and humidity) continuously available — a requirement that is often not

met in operational monitoring networks in tropical regions (MUZYLO et al., 2009).

Parameter calibration

Both models require empirical estimation of parameters that are not directly observable:

S (canopy storage capacity), p (free drainage coefficient), Ē (evaporation rate during the event),

and c̄ (cover fraction). These parameters are typically obtained by regression of accumulated

throughfall versus accumulated gross precipitation for selected events: the slope of the fitted

line for large events estimates 1− c̄ (or 1− Ē/R̄ in the Gash formulation), while the intercept

provides an estimate of c̄ ·S (GASH; LLOYD; LACHAUD, 1995). Studies such as Rodrigues

et al. (2021a) and Junqueira Junior et al. (2019) reported substantial variation in parameters

calibrated for Matinha across different seasons, showing that static calibration underestimates

the true variability of the system.

Comparative performance of the models

The performance of the Gash and Rutter models is generally satisfactory in temperate

conifer forests and in humid tropical forests with relatively homogeneous and persistent canopy

structure (MUZYLO et al., 2009). In a comprehensive review of nearly 80 studies, Muzylo et al.

(2009) found that the Gash models (original and revised sparse versions) were the most frequently

applied, preferred over the Rutter approach for their ease of use, lower data requirements, and

consistently reported errors — with both models achieving similar predictive accuracy in most

tested contexts. However, in forests with strong phenological seasonality and climatic conditions

that favor additional energy sources for evaporation — such as Atlantic Forest Montane FESM

fragments during prolonged dry periods — both models tend to exhibit substantial systematic

errors, whose physical origin is discussed in the next section.

2.2.4 Limitations of Classical Models in Seasonal Tropical Forests

The Gash and Rutter models work well in many settings, but they carry a set of structural

limitations that accumulate in seasonal tropical forests, which is the environment of the UFLA
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experimental site. The following subsections describe those limitations and their hydrological

consequences.

The problem of parameter nonstationarity in seasonal environments

Interception models by Gash and Rutter use canopy parameters — S, p, and Ē — assumed

constant throughout the simulation period (BY; GASH, 1979; RUTTER; MORTON; ROBINS,

1975). This assumption is appropriate when applied to hydrologically homogeneous event sets or

to periods with approximately stable vegetation structure. However, in ecosystems with marked

phenological seasonality, this condition is no longer satisfied. In tropical semideciduous forests,

seasonal variation in leaf area index (LAI) substantially alters canopy structure, modifying

storage capacity (S), cover fraction, and preferential drainage pathways (p) (MUZYLO et al.,

2009). Thus, the relationship between gross precipitation and interception becomes nonstationary

over the hydrological year. In the Matinha Montane FESM (UFLA), LAI varies approximately

between 3.7 and 5.0 m2 m−2 in the rainy season, decreasing during the dry season (RODRIGUES

et al., 2021a). Because S is directly related to foliar biomass, a model calibrated under leaf-on

conditions and applied without recalibration to the dry period tends to overestimate interception

and underestimate throughfall, introducing systematic bias in the annual water balance. Studies

at the site show marked seasonal variation in Gash model parameters, indicating that the static-

parameter assumption is not adequate to represent the full phenological cycle of the ecosystem

(RODRIGUES et al., 2021a).

Simplified representation of interception in catchment hydrological models

Widely used catchment hydrological models, such as SWAT, HBV, and VIC, do not

explicitly implement canopy interception schemes based on detailed physical processes, such as

the Gash or Rutter models. Instead, interception is represented by a conceptual canopy storage

reservoir, in which incident precipitation first fills a maximum vegetation storage capacity (S),

and the excess is converted into effective precipitation (throughfall). Conceptually, the process

can be described by:

I = min(Pg, S−Wt−1) (2.7)
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Peff = Pg − I (2.8)

where Pg is gross precipitation, I is interception, S is the maximum canopy storage capacity, and

Wt−1 is previously stored water in the canopy. This formulation reproduces the threshold behavior

of the process (i.e., small events can be almost entirely intercepted whereas larger events generate

a higher throughfall proportion). However, it remains an aggregated approximation, because

it does not explicitly resolve progressive canopy drainage, evaporation during the event, nor

the dependence of interception on rainfall intensity and intra-event pauses, processes explicitly

represented in physical interception models such as those of Gash and Rutter. In even more

simplified water-balance formulations, a constant proportional loss is sometimes adopted:

Peff = (1−α)Pg (2.9)

where α represents a fixed fraction of interception loss. This hypothesis violates two funda-

mental physical properties of the process: (i) interception exhibits threshold behavior, because

events with Pg < S are almost entirely intercepted, whereas large events generate an increasing

throughfall proportion; and (ii) the Pg–I relationship depends on antecedent canopy state (W ),

which varies continuously with the sequence of events and atmospheric conditions (BY; GASH,

1979; MUZYLO et al., 2009). Consequently, the use of a constant α tends to underestimate

interception in small and frequent events and to overestimate it in intense events, introducing

systematic errors in the water balance.

Practical difficulties of parameterization in tropical ecosystems

Estimating S by regression requires a sufficiently large set of events with an initially

dry canopy, which is rarely guaranteed in regions with frequent rainfall. The evaporation

rate Ē is particularly difficult to measure directly: when estimated as a residual of the mass

balance, it often assumes values higher than the potential evapotranspiration calculated by

Penman–Monteith — a physically paradoxical result that has been attributed to the presence of

additional energy sources not accounted for in the standard formulation (MUZYLO et al., 2009;

LEVIA; CARLYLE-MOSES; TANAKA, 2011). These additional energy sources for wet-canopy

evaporation include: heat stored in biomass and air (∆Qb), which sustains evaporation even

when net radiation is low (such as during nighttime events or on cloudy days); advection of
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sensible heat from drier areas surrounding the forest fragment (QA), which can be particularly

intense in forest remnants embedded within degraded and warmed landscapes; and downward

sensible heat flux (H) that occurs when the overlying air is warmer than the saturated canopy,

reversing the usual gradient and transferring energy to sustain evaporation (MUZYLO et al.,

2009; LEVIA; CARLYLE-MOSES; TANAKA, 2011). Table 2.1 synthesizes these mechanisms

and their impacts on interception.

Box 2.1 – Additional energy sources for wet-canopy evaporation not accounted for in the stan-
dard Penman–Monteith formulation.

Energy source Physical mechanism Impact on interception

Stored heat (∆Qb) Heat stored in air and biomass
(trunks and branches) released dur-
ing and after the event

Maintains high evaporation rates
even under low radiation or during
nighttime events

Energy advection (QA) Transport of sensible heat from un-
vegetated and warmed areas sur-
rounding the forest fragment

Intensifies evaporation in isolated
fragments within agricultural matri-
ces; becomes dominant during pro-
longed dry periods

Sensible heat flux (H) Overlying air warmer than the satu-
rated canopy; reversal of the usual
gradient

Transfers energy from the atmo-
sphere to the canopy, sustaining evap-
oration even in the absence of solar
radiation

Soil heat flux (G) Heat flux from the subsurface
warmed during the day

Smaller, but measurable, contribu-
tion to the total energy balance

Sources: Dijk et al. (2015), Michiles e Gielow (2008), Rodrigues et al. (2021a).
Fonte: The author (2026).

Empirical evidence of nonlinearity and threshold dependence

The literature reports evidence that interception in tropical forests exhibits nonlinear and

threshold-dependent behavior that classical static-parameter models cannot adequately reproduce.

By e Gash (1979) already noted, in the original formulation of the model, that the precipitation–

interception relationship changes character at the transition points between phases (wetting,

saturation, drying). More recent studies have shown that event intensity and antecedent canopy

wetness determine when and how quickly these transitions occur — and that the event-to-event

variability of these thresholds is not well represented by mean parameters calibrated over long

series (MUZYLO et al., 2009; LEVIA; CARLYLE-MOSES; TANAKA, 2011). At Matinha
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(UFLA), more than a decade of monitoring data reveal that the relationship between Pg and I

is not monotonic and linear, but displays abrupt transitions associated with canopy saturation

that vary with the time of year and with the recent history of events (RODRIGUES et al., 2021a;

Junqueira Junior et al., 2019). Junqueira Junior et al. (2019) showed that the Gash model applied

to this site produced systematic discrepancies between estimates and observations, particularly

during seasonal transitions, when LAI variation is most rapid and canopy storage capacity S is

changing continuously.

Specific gaps in interception modeling for semideciduous Atlantic Forest

The literature review allows four specific and critical gaps to be identified that motivate

the approach of this thesis. The first is the absence of joint spatiotemporal validation: most

studies validate interception models only temporally (at one or a few measurement points),

without assessing the model’s spatial generalization capacity to non-instrumented positions. The

second is the lack of models that explicitly represent seasonal parameter variation: although

the Variable Storage Gash model exists (MUZYLO et al., 2009), its systematic application in

Atlantic Forest Montane FESM across complete annual cycles remains scarce. The third is the

scarcity of studies that evaluate antecedent canopy wetness at the event scale: the system’s

“memory” is rarely quantified systematically, although it is recognized as a determining factor in

nonlinear behavior. The fourth — and most directly relevant to this thesis — is the nonexistence

of operational models capable of predicting effective precipitation in real time from readily

obtainable climatic variables, without reliance on high-cost canopy sensors that are difficult to

maintain in the field (MUZYLO et al., 2009; RODRIGUES et al., 2021a; Junqueira Junior et al.,

2019). Machine learning offers a concrete response to these gaps. By learning the relationships

between measurable climatic variables and effective precipitation from data rather than from

physical equations, algorithms such as XGBoost and LSTM avoid the need to explicitly estimate

S, Ē, and c̄, and can represent nonlinearity, threshold dependence, and hydrological memory

without manual recalibration, provided the input data are of sufficient quality and validation

respects the temporal structure of the series.
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2.3 Integrity of Pluviometric Time Series: A Structural Problem in Tropical Hydrology

The regions where rainfall matters most, where cycles are most intense and most variable,

are also the regions where long, gap-free, high-quality series are hardest to come by. In tropical

hydrology this asymmetry is well documented but rarely treated as a methodological problem

in its own right. This section treats it as such: data integrity is not a preprocessing step that

precedes the real analysis, but a constraint that shapes what can be known and what cannot.

Without reliable input data, ML algorithms learn noise rather than hydrological signal.

2.3.1 The Problem of Gaps in Monitoring Networks

Structural causes of failures in rainfall series

Gaps in pluviometric time series arise from a heterogeneous set of causes that can be

organized into three categories (TEEGAVARAPU, 2012; MENNE et al., 2012). The first is

instrumental: tipping-bucket rain gauges suffer clogging by organic debris, especially in forest

environments with high deposition of leaves and plant material over the collector; the tipping

mechanism may wear out or become miscalibrated with prolonged use; data acquisition and

telemetry systems are subject to hardware failures, memory corruption, and communication

interruptions. The second category is operational: problems in electrical power supply (power

outages, discharged batteries, lightning damage to power sources) are frequent causes of missing

data periods in remote stations, which in the Atlantic Forest are often installed in fragments of

difficult access (RODRIGUES et al., 2021a). The third category is anthropogenic: vandalism

and equipment theft — especially of solar panels and batteries — constitute a relevant cause of

data loss in isolated stations in developing tropical countries, with estimated impacts of up to

15 % annual record loss in some Brazilian networks (Agência Nacional de Águas e Saneamento

Básico, 2021). Quadro 2.2 synthesizes these causes, their expression patterns in the data, and

available mitigation strategies.
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Box 2.2 – Causes of failures in pluviometric series, data expression patterns, and mitigation
strategies.

Category Specific cause Data pattern Mitigation

Instrumental

Collector clogging Unrecorded accumula-
tion followed by sudden
discharge

Periodic cleaning; use of
protective screens

Tipping-bucket wear Gradual drift in values;
rainfall recorded during
dry weather

Semiannual calibration

Datalogger failure Continuous block of
missing data (NaN)

Redundant storage; cloud
backup

Operational
Power outage Gaps coinciding with in-

tense convective events
Solar panels with redun-
dant battery banks

Telecommunication
failure

Data available locally but
absent on the central
server

Dual telemetry (cellular +
satellite)

Anthropogenic
Vandalism/equipment
theft

Abrupt long-duration
gaps

Fencing; cameras; inci-
dent reporting

Local environmental
modification

Gradual drift due to
changes in surrounding
cover near the sensor

Monitoring of surround-
ings; field metadata

Sources: Teegavarapu (2012), Menne et al. (2012), Agência Nacional de Águas e Saneamento Básico
(2021).

Fonte: The author (2026).
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The specific impact of gaps in high-frequency series

Most quality-control studies in hydrology focus on daily or monthly data. However,

modern operational applications — real-time flood warnings, hourly runoff forecasting, cal-

ibration of catchment models at sub-hourly resolution — require high-frequency time series

(typically 5 to 60 minutes), where a 24-hour gap may correspond to the absence of 288 records

(TEEGAVARAPU, 2012). At this scale, the impact of failures is qualitatively different: an

intense and short-duration convective event (30–60 min), responsible for 80 % of the runoff of a

flood event, may be entirely missed if it occurs during a datalogger gap. The loss is qualitative as

much as quantitative: a model trained on gap-filled data will never see the extreme events that

matter most — the short, intense bursts that occur when atmospheric stress is highest, which are

also the conditions most likely to trigger station failures. This correlation between instrumental

failure and hydrologically relevant events is particularly severe because it introduces a systematic

exclusion bias of extremes in reconstructed series (MENNE et al., 2012; KIM; PACHEPSKY,

2010).

Scarcity of meteorological stations in the tropics

The problem of missing data is exacerbated by the low density of meteorological stations

in strategic tropical regions. The World Meteorological Organization (WMO) recommends a

minimum density of one station per 600 km² in mountainous regions with high spatial variability

of precipitation (World Meteorological Organization, 2008). In Brazil, analysis of the National

Water Agency (ANA) rainfall network reveals that strategic basins of the Atlantic Forest and

the Amazon often exhibit densities far below this standard, with vast areas under insufficient

monitoring (Agência Nacional de Águas e Saneamento Básico, 2021). In addition to insufficient

density, there is a severe problem of temporal discontinuity: the Brazilian rainfall network lost

more than 2,000 active stations between 1990 and 2010, resulting in series with prolonged

inactivity periods that drastically reduce the effective length of historical records available for

model calibration (Agência Nacional de Águas e Saneamento Básico, 2021).
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Hydrological consequences of poor data quality

The consequences of using incomplete or low-quality series in hydrological modeling

are systemic and difficult to detect a posteriori: they propagate silently from data to model,

from model to forecast, and from forecast to management decision (TEEGAVARAPU, 2012).

In hydrological model calibration, series with high proportions of gaps (>10 % of records)

produce parameters calibrated on a sample that is not representative of true climatic variability;

the resulting model will perform well under the underrepresented calibration conditions and

degrade under the extreme conditions that matter most from a risk-management perspective

(KIM; PACHEPSKY, 2010). In the estimation of derived hydrological indices (coefficient of

variation, extreme percentiles, frequency of events above thresholds), missing data introduce

biases that are difficult to detect without careful analysis of the temporal structure of the gaps.

2.3.2 Instrumental Errors and Quality Control in Rainfall Data

Conceptual foundations of automated quality control

Modern quality control (QC) systems in hydrometeorological networks have evolved

from case-by-case manual review toward integrated, layered frameworks. The most influential

architecture in this domain, developed for the Global Historical Climatology Network–Daily

(GHCN-Daily) database, organizes QC into three sequential levels of increasing analytical

complexity (DURRE et al., 2010). The first level encompasses absolute range tests: is the

recorded value within the physically possible limits for the region and time of year? The second

level applies internal consistency tests: is the value coherent with other records from the same

station during the same event? The third level implements spatial consistency tests: is the value

coherent with simultaneous records at neighboring stations, given the expected spatial correlation

structure for that event type? This stratified architecture is conceptually important because it

establishes a logical hierarchy — filtering the most obvious errors (physically impossible values)

before applying more sophisticated algorithms that could confuse subtle errors with valid climate

signal. Applying computationally expensive algorithms to data that contains trivially flagged

values wastes processing resources and may propagate errors into subsequent detection stages

(DURRE et al., 2010)
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A conceptual distinction central to the design of any hydrological QC system was

formalized by (HAWKINS, 1980): outliers in a dataset may be of two radically different types.

Error outliers are values produced by instrumental failures, transcription errors, or sensor

drift; they must be removed because they introduce non-informative noise. Innovative outliers

are genuinely extreme values that reflect exceptional hydrometeorological events — intense

convective storms, South Atlantic Convergence Zone (SACZ) episodes, orographically enhanced

rainfall — and must be preserved because they carry the greatest hydrological information

content for flood modeling, interception dynamics, and extreme event analysis (HAWKINS,

1980). This distinction has direct practical consequences: a QC algorithm that systematically

removes the highest values in the distribution is not “cleaning” the series; it is amputating its

capacity to inform about high-impact events. Preserving innovative outliers while removing

error outliers is the central epistemic challenge of automated QC in tropical pluviometric series,

where the asymmetric, zero-inflated distribution of precipitation makes standard parametric tests

(e.g., three standard deviations above the mean) structurally inappropriate as the sole criterion.

—————————————————————-

Typology of errors in tipping-bucket rain gauges

The tipping-bucket rain gauge is the dominant instrument in automatic hydrological

monitoring networks worldwide. Its principle is simple: each time a standardized volume

(typically 0.1 mm or 0.2 mm) accumulates, the bucket tips and records an electronic pulse,

allowing calculation of rainfall intensity and totals for any desired time interval. However, this

simple principle generates a specific typology of errors that requires careful attention. The first

type is the point spurious value: a pulse recorded in the absence of real precipitation, which

may result from mechanical vibration (heavy traffic or strong winds shaking the bucket), the

entry of insects or organic material into the mechanism, or electromagnetic interference in the

datalogger. The result is rainfall records during completely dry conditions, easily identifiable

through comparison with neighboring stations or satellite data (MENNE et al., 2012). The second

type is accumulation followed by sudden discharge: when the collector is partially obstructed,

internally retained water is suddenly released after a period of unrecorded accumulation. The

resulting pattern is characteristic: a long sequence of zeros followed by an abnormally high

value in a single record, which may exceed historical maxima of the series and be erroneously
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identified as a real extreme event (MENNE et al., 2012; TEEGAVARAPU, 2012). This pattern

is particularly insidious because it mimics short-duration intense convective events, which are

exactly the records one cannot afford to discard. The third type is false inflated zeros: records

of zero precipitation during periods when the station should clearly have recorded rainfall,

detectable through comparison with neighboring stations or satellite products. These may

result from complete clogging of the collector, failure in the electronic pulse-reading circuit, or

unintended data discard by the datalogger firmware (FUNK et al., 2015).

Specific challenges of outlier detection in precipitation

Outlier detection in pluviometric series is substantively more complex than in temperature

or discharge series, for reasons that require explicit clarification (MENNE et al., 2012). First,

precipitation is a variable with a strongly right-skewed distribution and a point mass at zero:

in semi-arid regions or during dry seasons, 90 % or more of records may be zero, and non-zero

values follow heavy-tailed distributions (gamma, lognormal, generalized Pareto), where the

probability of very high values is non-trivial (MENNE et al., 2012). A naive threshold of “three

standard deviations above the mean” applied to this distribution would automatically eliminate

genuine extreme events — the records most needed for calibrating flood-warning models. Second,

there is the problem of spatiotemporal variability of the true signal: a mesoscale convective

event may produce 80 mm in 30 minutes at one location and only 5 mm at a distance of 3 km.

Comparison with neighboring stations — the gold standard of quality control in temperature

networks — may therefore erroneously identify as an outlier an event that is simultaneously

extreme and real (KIM et al., 2024). This limitation is even more pronounced in regions of

complex topography, where orographic effects amplify precipitation at sub-kilometric scales.

2.3.3 Traditional Gap-Filling Approaches and Their Limitations

Historical evolution of gap-filling methods

The evolution of gap-filling methods for pluviometric series tracks the computational

tools and epistemological priorities of each era. Each generation of methods exposed the
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limitations of the one before it, and the case for ML-based reconstruction rests, in part, on the

accumulated evidence of where those earlier approaches fall short.

Pre-computational period (before 1970). The earliest gap-filling approaches were

deterministic and based on spatial analogy. The arithmetic mean and the normal ratio method

— which weights neighboring station values by the ratio of their mean annual precipitations —

represented the operational standard documented by (PAULHUS; KOHLER, 1952) for the United

States Weather Bureau. Their virtue was implementability without computing infrastructure;

their fundamental limitation was the incapacity to incorporate structured spatial correlations or

to quantify the uncertainty of the reconstructed value.

The double mass curve method (SEARCY; HARDISON, 1960) deserves particular

attention because it was for decades the standard procedure for detecting inconsistencies in long

series. The method consists of plotting accumulated values of one station against accumulated

values of one or more reference stations: a break in slope signals an artificial — non-climatic —

change in the record, typically attributable to a gauge relocation, observer change, or land-use

modification in the station surroundings. Its critical limitation is that it is visual and subjective,

and cannot formally distinguish between an artificial bias shift and a genuine regional climate

change signal (SEARCY; HARDISON, 1960).

Era of multivariate statistics (1970–2000). The availability of computers enabled

the incorporation of more sophisticated statistical methods. Multiple linear regression with

neighboring stations as predictors became widespread (EISCHEID et al., 1995). Its natural

extension was principal component analysis (PCA) as a dimensionality reduction tool prior to

gap-filling, which improved performance when many correlated stations were available.

A conceptually significant advance was the development of geostatistical methods, par-

ticularly kriging in its ordinary, universal, and external drift variants (MATHERON, 1963;

JOURNEL; HUIJBREGTS, 1978). Kriging offers a property that no previous method possessed:

it provides both an estimated value and an estimation variance, allowing quantification of spatial

uncertainty. Formally, ordinary kriging estimates the value at an ungauged location x0 as:

P̂(x0) =
N

∑
i=1

λiP(xi), subject to
N

∑
i=1

λi = 1 (2.10)

where the weights λi are obtained by solving the kriging system that minimizes the estimation

variance σ2
K , derived from the experimental variogram γ(h) — the variance of differences
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between values separated by lag distance h (JOURNEL; HUIJBREGTS, 1978). Kriging’s

application to precipitation gap-filling, however, requires a minimum network density that

many tropical basins — including broad regions of the Atlantic Forest — do not meet, and

assumes variogram stationarity (that the spatial correlation structure depends only on distance,

not location), which is systematically violated by convective tropical precipitation whose spatial

structure changes radically between stratiform and convective events (LY; CHARLES; DEGRÉ,

2011).

A third conceptual development relevant to the context of this thesis was multiple imputa-

tion (RUBIN, 1987), originating in biomedical statistics and gradually adopted in climatology.

Unlike single imputation — which produces one point estimate as if it were observed — multiple

imputation generates M complete plausible datasets, each with different values for missing

data, thereby capturing the uncertainty of the imputation process and allowing its propagation

into subsequent analyses. Its extension to nonparametric prediction, the missForest algorithm

(STEKHOVEN; BÜHLMANN, 2012), applies Random Forest iteratively to impute each variable

from all others, representing the direct conceptual bridge between classical gap-filling and the

machine learning approaches developed in Section 2.4.

Structural limitations of classical methods. The preceding review reveals four dimen-

sions along which all classical methods share fundamental inadequacies in the context of tropical

convective precipitation. First, inability to capture nonlinearities: the relationship between

precipitation at neighboring stations is highly nonstationary, conditioned on the synoptic pattern

and the type of precipitating system.Second, limited scalability: when the network has dozens

or hundreds of stations with different record periods, classical methods require case-by-case

decisions that are difficult to automate at the scale needed for operational gap-filling. Third,

inability to integrate heterogeneous covariates: satellite data, atmospheric reanalysis fields, and

physiographic indices are difficult to incorporate formally without resorting to ad hoc formula-

tions. Fourth, absence of multi-objective selection criteria: classical methods typically optimize

a single metric — RMSE — which yields estimates that are accurate on average but poor for

extreme events, the very events that matter most for modeling peak flows and canopy saturation

dynamics (Section 2.3.3).

—————————————————————-
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Conventional methods and their foundations

Gap-filling in pluviometric series has a long history in operational hydrometeorology. The

most widely used methods, in increasing order of statistical sophistication, are (TEEGAVARAPU,

2012). The arithmetic mean (AM) is the simplest and most commonly adopted method in

operational networks: the missing value is estimated as the mean of simultaneous values from

N neighboring stations. It is robust and easy to implement, but completely ignores differential

correlation between stations and assigns equal weight to all, regardless of distance or climatic

similarity. The inverse distance weighting (IDW) method assigns weights inversely proportional

to the distance di between the station with missing data and each neighboring station:

P̂ =

N

∑
i=1

Pi/d β

i

N

∑
i=1

1/d β

i

(2.11)

where the exponent β (typically β = 2) controls how rapidly the weight decreases with distance

(TEEGAVARAPU, 2012). IDW represents an advance over the arithmetic mean by introducing

geographic proximity as a proxy for climatic similarity, but it ignores topography, prevailing wind

patterns, and orographic barriers that modulate the spatial variability of tropical precipitation.

Multiple linear regression (OLS) fits a first-order model between the series with gaps (Y ) and

the series from neighboring stations (X1, . . . ,Xk):

Ŷ = β0 +
k

∑
j=1

β jX j + ε (2.12)

The coefficients β j are estimated by ordinary least squares (OLS) over periods of simultaneous

data. The method captures linear correlations among stations, but implicitly assumes that the

relationship is stationary (coefficients remain constant over time), which is rarely true for tropical

convective precipitation. SARIMA (Seasonal AutoRegressive Integrated Moving Average)

models the temporal structure of the individual series (seasonality and lag dependence) to predict

missing values based on the series’ own historical dynamics, without relying on neighboring

stations. The complete formulation of a SARIMA(p,d,q)× (P,D,Q)s model is:

ΦP(Bs)φp(B)∇d
∇

D
s Yt = ΘQ(Bs)θq(B)εt (2.13)
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where B is the lag operator, ∇d the difference of order d, ∇D
s the seasonal difference of period s,

and εt white noise (BOX; JENKINS, 1970). Although SARIMA captures the temporal structure

of the series, its linearity assumption renders it inadequate for tropical convective precipitation.

Violations of assumptions and fundamental limitations

All of the above methods share statistical assumptions that are systematically violated

by tropical convective precipitation (TEEGAVARAPU, 2012; KIM; PACHEPSKY, 2010). The

assumption of stationarity implies that estimated parameters (regression coefficients, ARIMA

parameters) remain valid over time; in tropical precipitation, seasonal variations in the South

Atlantic Convergence Zone (SACZ), frontal systems, and sea surface temperature substantially

alter the correlation structure among stations throughout the year, invalidating models fitted to

complete annual series. The assumption of Gaussianity or distributional symmetry is violated

by the asymmetric and heavy-tailed distribution of precipitation: least-squares-based methods

minimize mean squared error, which is dominated by performance on median values; extreme

values — rare but hydrologically critical events — receive insufficient weight in the estimation

process and are systematically underestimated (KIM et al., 2024). The most serious consequence

of this underestimation of extremes is practical: a series reconstructed by conventional methods

will exhibit attenuated upper percentiles (P95, P99) relative to the original series, equivalent

to a shrinkage of the distribution tail. A hydrological model trained on such a reconstructed

series will learn that extreme events are less frequent than they actually are and will produce

systematically conservative predictions during periods of greatest risk (TEEGAVARAPU, 2012).

Metrics for evaluating reconstruction quality

The evaluation of reconstructed series quality cannot be limited to the root mean square

error (RMSE), which penalizes only absolute deviations without assessing whether the recon-

struction preserves the distributive properties of the original series. The literature establishes a

complementary set of metrics (GUPTA et al., 2009; KNOBEN; FREER; WOODS, 2019):

• RMSE:
√

n−1 ∑t(Yt − Ŷt)2 — measures mean absolute error in variable units; sensitive to

extreme events due to quadratic terms.
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• KGE (developed in Section 2.6): decomposes error into correlation, bias, and variability,

being more informative than RMSE in hydrological contexts.

• Extreme preservation: comparison of percentiles P95 and P99 between original and

reconstructed series; a method that systematically underestimates extremes will produce

ratios Prec
95 /Pobs

95 < 1.

• Kolmogorov–Smirnov test (KS): non-parametric test of distributional equality between

reconstructed and reference series; rejection of H0 at 5 % indicates that reconstruction

significantly altered the empirical distribution of the variable (KIM; PACHEPSKY, 2010).

• Variability Maintenance Index (VMI): VMI = σrec/σobs; a VMI value below 1.0 indi-

cates excessive smoothing of natural variability.

2.3.4 Satellite and Reanalysis Products as Alternative Sources of Precipitation

Conceptual taxonomy: three physical principles of estimation

Near-global precipitation datasets are constructed from three distinct physical principles,

and understanding them matters for how their errors should be interpreted in any local application.

The first principle is atmospheric reanalysis: a numerical weather prediction model is

forced with assimilated historical observations — radiosonde profiles, surface pressure, satellite

radiances, ship reports — via four-dimensional variational data assimilation (4D-Var) and run

forward in time to produce a physically consistent four-dimensional estimate of the atmospheric

state, from which precipitation is diagnosed as a model-derived output (DEE et al., 2011;

HERSBACH et al., 2020). Reanalyses do not measure precipitation directly; they compute it as

the product of simulated atmospheric dynamics, specifically the interaction between the model’s

dynamical core (which advects moisture) and its convection parameterization scheme (which

determines when and how much condensation falls as rain). Reanalysis precipitation is therefore

only as reliable as the model’s representation of convective processes — parameterizations

that are acknowledged to be a primary source of uncertainty in numerical weather prediction,

particularly in humid tropical environments where deep convection is the dominant rainfall

mechanism (DEE et al., 2011).
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The second principle is satellite remote sensing, which retrieves precipitation indi-

rectly from observed electromagnetic signals. Two approaches dominate: thermal infrared

(TIR) retrieval uses geostationary satellite brightness temperatures at cloud tops as a proxy for

convective intensity, offering high temporal resolution but relying on the uncertain, spatially

variable relationship between cloud-top temperature and surface rainfall (HUFFMAN et al.,

2020). Passive microwave (PMW) retrieval detects the scattering and emission signatures of

hydrometeors in the atmospheric column from low-Earth-orbit sensors, providing physically

more direct measurements but limited by coarser temporal sampling (KIDD; LEVIZZANI, 2011).

In montane tropical environments, both approaches face a fundamental limitation: precipitation

often originates from warm clouds (cloud-top temperatures above the −38 °C TIR threshold)

driven by orographic lifting, a mechanism that neither TIR nor PMW algorithms reliably detect.

The third principle is gauge-satellite merging, which combines the spatial coverage of

satellite or reanalysis fields with the point accuracy of surface rain gauge observations through

statistical interpolation, regression, or machine-learning calibration (FUNK et al., 2015; VILA

et al., 2009). The resulting product inherits the strengths and weaknesses of both components:

spatial coverage from the remote sensing field, and local accuracy from the gauge network — but

also the network’s sparse and geographically uneven distribution, a particularly critical limitation

in tropical countries where gauge density is low and biased toward lowland urban areas (BECK

et al., 2019).

ERA5 and ERA5-Land: the ECMWF reanalysis family

ERA5 is the fifth-generation global atmospheric reanalysis produced by the European

Centre for Medium-Range Weather Forecasts (ECMWF), covering the period from 1940 to the

present at approximately 31 km horizontal resolution with 137 vertical levels and hourly output

(HERSBACH et al., 2020). ERA5 represents a substantial advance over its predecessor ERA-

Interim in terms of data assimilation methodology (4D-Var versus 3D-Var), horizontal resolution

(31 versus 79 km), and the volume and diversity of assimilated observations. ERA5-Land is

a companion product that replaces the land-surface component with a higher-resolution run

(≈9 km) of the ECMWF land-surface model forced by ERA5 atmospheric fields, improving the

representation of soil moisture and its feedbacks on near-surface thermodynamics (MUÑOZ-

SABATER et al., 2021).
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The physical mechanism by which ERA5 generates precipitation is critical to understand-

ing its error structure. The 4D-Var assimilation directly constrains wind, temperature, and specific

humidity, but does not assimilate precipitation observations. Precipitation emerges entirely from

the model’s convective and microphysics parameterization, inheriting the biases of those schemes.

In tropical environments, convective parameterization systematically underestimates the intensity

of deep convective events because the parameterization represents sub-grid-scale convection as a

smoothed statistical process, unable to resolve the spatial concentration of precipitation in the

cores of mesoscale convective systems (AL-RAWAS et al., 2025; SALAZAR et al., 2025). In

Brazil, ERA5 has been documented to systematically underestimate hourly precipitation above

the 90th percentile (ZANDLER et al., 2019). Additionally, the 31 km grid smooths topographic

gradients that drive orographic precipitation enhancement: in the Serra da Mantiqueira and Serra

do Mar regions, this spatial averaging blends into a single pixel rainfall regimes that may differ

by more than 500 mm year−1 between windward and leeward slopes (SUNILKUMAR et al.,

2019).

Despite these limitations, ERA5 possesses a property of great practical value for pre-

cipitation reconstruction: temporal phase fidelity. Because ERA5 assimilates synoptic-scale

atmospheric observations that determine the large-scale circulation patterns governing rainfall

timing, it tends to correctly identify when rainfall events occur — even when underestimating

their intensity — better than products based purely on satellite imagery. This property makes

ERA5 a particularly valuable predictor for machine-learning-based reconstruction of event

timing, even after intensity bias correction.

CHIRPS v2.0: gauge-corrected infrared precipitation

The Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) version

2.0 is a quasi-global daily precipitation product at approximately 5.5 km resolution covering

1981 to the present (FUNK et al., 2015). Its construction integrates three components: a monthly

climatological precipitation surface (CHPclim) derived from gauge observations; a thermal

infrared precipitation estimate from cold cloud duration (CCD) measured by geostationary

satellites; and a network of quality-controlled daily rain gauge observations that bias-correct the

satellite-IR estimates.
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CHIRPS’s primary physical limitation derives from the cold cloud duration algorithm.

The CCD approach identifies precipitating systems by thresholding cloud-top temperatures below

235 K, based on the assumption that cold cloud tops co-occur with deep convection and surface

precipitation. This assumption fails in two important ways in montane Atlantic Forest environ-

ments. First, warm rain processes — where precipitation forms and falls from clouds whose

tops remain above the 235 K threshold — are entirely undetected by the algorithm. Orographic

lifting in the Serra da Mantiqueira frequently produces precipitation from shallow convective or

stratiform systems with relatively warm cloud tops, meaning CHIRPS systematically misses this

orographic component (PAREDES-TREJO; BARBOSA; Lakshmi Kumar, 2017; ANDRADE

et al., 2024). Second, the relationship between cloud-top temperature and surface precipitation

intensity is highly variable: a deep convective cell can produce the same cold cloud-top signal

whether it generates 5 mm or 50 mm of surface precipitation, depending on its microphysical

efficiency, which TIR imagery cannot resolve.

The gauge correction step partially mitigates these biases at monthly time scales, but

its effectiveness is limited by the density of the gauge network: in Brazil, gauge coverage is

uneven, with greater density in major urban areas and lower density in forested and mountainous

regions. Where gauge density is insufficient, the satellite-IR field dominates and its systematic

limitations propagate into the corrected product. This generates the well-documented drizzle

effect: by assigning small but non-zero precipitation amounts to days with weak positive IR

signal, CHIRPS overestimates the frequency of low-intensity events (<1 mm day−1) while

simultaneously underestimating peak event intensities (BAGILIKO et al., 2025). In distributional

terms, CHIRPS tends to overestimate the lower quantiles and underestimate the upper quantiles

of the precipitation distribution — a systematic distortion directly impacting extreme event

analysis.

PERSIANN-CDR: neural network precipitation from geostationary infrared

The Precipitation Estimation from Remotely Sensed Information using Artificial Neural

Networks – Climate Data Record (PERSIANN-CDR) is a daily global precipitation product at

approximately 27 km resolution covering 1983 to the present (ASHOURI et al., 2015). It uses an

artificial neural network trained on TRMM Precipitation Radar data to estimate precipitation

from geostationary TIR brightness temperatures, subsequently bias-adjusted to GPCP monthly
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estimates. This monthly adjustment to GPCP gives PERSIANN-CDR good performance in

reproducing seasonal and annual totals at large spatial scales — the primary purpose of its

designation as a climate data record.

At the event and sub-daily scale, PERSIANN-CDR exhibits error characteristics that

differ from CHIRPS in important ways relevant to hydrological applications. Because its neural

network was trained to maximize precipitation prediction from TIR signals, it performs well

when cold cloud-top temperatures reliably co-occur with heavy precipitation — the canonical

signature of deep tropical convection. In these conditions, the network tends to overestimate

precipitation intensity because it cannot distinguish between deep convective cells with high

precipitation efficiency and those with low efficiency (MOKHTARI; SHARAFATI; RAZIEI,

2022; FARAMARZZADEH et al., 2023). Conversely, for stratiform or moderate-intensity events

where cloud-top temperatures are insufficiently cold to trigger the network’s high-precipitation

response, PERSIANN-CDR tends to underestimate. The result is a product with high variance in

the upper tail of the distribution — more extreme values than observed — which is problematic

for machine learning applications because models may learn spurious precipitation patterns from

training features, generating overconfident predictions during convective events.

Complementary bias structures: rationale for joint use

The physical characterization above reveals that the three products have bias structures

that are distinct and in several respects complementary. ERA5 underestimates convective

intensity but correctly captures event timing and synoptic-scale patterns. CHIRPS underestimates

orographic and warm-rain precipitation and distributes total rainfall over too many low-intensity

days. PERSIANN-CDR overestimates the upper tail for deep convection while underestimating

moderate stratiform events. This complementarity implies that no single product is an adequate

predictor for machine-learning reconstruction in montane Atlantic Forest environments: joint use

of multiple products after individual bias correction allows the model to exploit complementary

strengths while ensemble averaging partially cancels individual systematic errors — a bias-

variance trade-off at the data level that parallels the ensemble methods applied at the model level

(SHEN, 2018; WILLARD et al., 2022).
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Bias correction methods: from scaling to distributional adjustment

The historical development of bias correction methods reflects the progressive recog-

nition that systematic errors in precipitation products affect not only the mean but the entire

distributional shape. The earliest operational approach was the scaling factor method (also

called delta mapping), which multiplies model values by the ratio of observed to model mean

precipitation (PANOFSKY; BRIER, 1958). Its critical limitation is that it corrects only the mean,

leaving the distributional shape intact: in tropical convective precipitation, where the upper

percentiles are the most distorted in reanalysis products, a mean-only correction is inadequate.

Quantile Mapping (QM) represents the conceptual advance that addresses this limitation:

the cumulative distribution function (CDF) of the corrected product is forced to match the CDF

of the reference observations by mapping quantile to quantile (GUDMUNDSSON et al., 2012).

Formally:

Pcorr = F−1
obs [Fmodel(Pmodel)] (2.14)

where F−1
obs is the quantile function (inverse CDF) of the observed distribution and Fmodel is the

CDF of the product to be corrected (GUDMUNDSSON et al., 2012). The mapping may be

parametric (assuming gamma or lognormal distributions) or non-parametric (direct interpolation

in the empirical distribution). The principal advantage of QM over the scaling factor is that it

corrects the entire distribution shape — including the tails — rather than only the mean. For

tropical convective precipitation, whose extreme percentiles are the most distorted, this property

is decisive (GUDMUNDSSON et al., 2012).

Modern variants of QM address the limitation that when the calibration period includes

temporal trends — such as changes in extreme rainfall frequency associated with climate change

— standard QM can distort those trends by mapping them toward the historical observed distribu-

tion. The Detrended Quantile Mapping (DQM) method (CANNON; SOBIE; MURDOCK, 2015)

resolves this by removing the trend from the model field before applying the quantile mapping

and reintroducing it afterward, preserving both the historical distribution shape and long-term

trends.

An epistemological caveat is essential here to avoid over-interpretation of bias correction

results: bias correction is not a downscaling method and cannot create information absent from

the predictor (MARAUN, 2016). If ERA5 does not capture a physical precipitation pattern —
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for example, the micro-scale orographic effect of the Serra da Mantiqueira on the Matinha site

— no bias correction method will recover that signal. Corrected products are therefore tools

for supporting series gap-filling during periods without surface observations, not substitutes

for a surface pluviometric network at local scale. This distinction is conceptually essential for

interpreting the results of Article 1 with appropriate methodological caution.

Box 2.3 – Main global precipitation products used in tropical hydrology and their characteristics.

Product Estimation principle Spatial reso-
lution

Temporal
resolution

Coverage

ERA5
Hersbach et al.
(2020)

Global atmospheric reanalysis with
data assimilation (4D-Var); precipi-
tation is a model-derived output

≈ 31 km 1 hour 1940–
present

CHIRPS
Funk et al. (2015)

Rain gauge interpolation with
TRMM satellite prior field; non-
parametric regression on the grid

≈ 5.5 km Daily /
monthly

1981–
present

PERSIANN-
CDR
Ashouri et al.
(2015)

Neural network driven by infrared
imagery from geostationary satel-
lites; calibrated with GPCP

≈ 27 km Daily 1983–
present

MERGE
Vila et al. (2009)

Fusion of GOES satellite data with
INMET/ANA rain gauges for South
America; interpolation by Kriging

≈ 4 km Daily Regional
(SA)

GPM IMERG
Huffman et al.
(2020)

Fusion of passive microwave, in-
frared, and rain gauge data; refer-
ence product of TRMM/GPM

≈ 10 km 30 min 2000–
present

Fonte: The author (2026).

Systematic biases and their physical causes

Despite their unprecedented spatial and temporal coverage, these products exhibit sys-

tematic biases that compromise their direct use — without correction — in local high-resolution

applications (SUNILKUMAR et al., 2019; TIAN et al., 2007).

The drizzle effect is the most documented bias in products based on thermal infrared

imagery: the algorithm, by identifying cold cloud tops as likely precipitation, tends to register

light drizzle (<1 mm h−1) too frequently, inflating the number of low-intensity events and,

consequently, monthly totals in regions with persistent stratiform cloudiness (TIAN et al., 2007).
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In terms of exceedance frequency, this manifests as overestimation in the lower percentiles of

the distribution and underestimation in the upper percentiles.

The underestimation of convective extremes occurs for the opposite reason: very high-

intensity convective events (exceeding 50 mm h−1) are undercaptured by reanalysis products

because convection parameterization in numerical models does not resolve the spatial scale of the

most intense convective cores. In ERA5, this bias has been specifically documented for hourly

precipitation in Brazil, with systematic underestimation of events above the 90th percentile

(ZANDLER et al., 2019).

The problem of insufficient spatial resolution is particularly severe in regions of complex

topography: no global product adequately captures the contrast between windward and leeward

slopes of mountain ranges that characterizes the Atlantic Forest in the Serra da Mantiqueira and

Serra do Mar regions. The 31 km grid of ERA5, for example, blends into a single pixel rainfall

regimes that may differ by more than 500 mm year−1 (SUNILKUMAR et al., 2019).

Fusion of satellite data with in situ observations

The integration of remote sensing products with surface rain gauges through statistical

fusion or kriging with external drift (KED) substantially improves the representation of local

variability in tropical precipitation. The MERGE product, developed by INPE for South America,

applies this principle: the initial GOES field is corrected by Kriging interpolation using INMET

and ANA rain gauges as conditioning values, producing a spatial field consistent with available

surface observations (VILA et al., 2009). In independent validations for Brazil, MERGE

outperformed raw ERA5 in representing daily precipitation variability in medium-sized Atlantic

Forest catchments (TIAN et al., 2007).

Quantile Mapping and its statistical foundation

Quantile Mapping (QM) is the most rigorous and widely adopted statistical bias-

correction method for adjusting precipitation products to local regimes (PANOFSKY; BRIER,

1958; GUDMUNDSSON et al., 2012). Its principle is straightforward: the cumulative distri-

bution function (CDF) of the corrected product is forced to match the CDF of the reference

observations by mapping quantile to quantile. Formally:
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Pcorr = F−1
obs [Fmodelo(Pmodelo)] (2.15)

where F−1
obs is the quantile function (inverse CDF) of the observed distribution and Fmodelo

is the CDF of the product to be corrected (GUDMUNDSSON et al., 2012). The mapping may

be parametric (assuming gamma or lognormal distributions for Fobs and Fmodelo, respectively) or

non-parametric (direct interpolation in the empirical distribution). The main advantage of QM

over simple scaling-factor corrections (bias ratio) is that it corrects the entire distribution shape

— including the tails — and not only the mean or total. For tropical convective precipitation,

whose extreme percentiles are the most distorted in reanalysis products, this property is decisive

(GUDMUNDSSON et al., 2012).

2.4 Machine Learning in Hydrology: Foundations and Paradigms

2.4.1 The Data-Driven Hydrology Paradigm

Process-based hydrology has as its cornerstone the conviction that the behavior of a

watershed can be deduced from conservation principles (mass, energy, momentum) and functional

parameterizations that describe dominant processes. Models such as TOPMODEL, VIC, SWAT,

and HBV are built upon this tradition: each parameter has, at least in principle, a physical

interpretation, and the model respects certain properties that data alone do not guarantee (such as

long-term water balance closure) (BEVEN, 2012). The fragility of this approach lies in the set

of structural decisions that do not emerge from the data but are imposed a priori by the modeler:

which routing function to use, which evapotranspiration parameterization to adopt, how to

represent spatial heterogeneity of soil and vegetation cover. These decisions introduce structural

errors that calibration cannot eliminate — only redistribute among parameters (BEVEN, 2012;

SHEN, 2018).

Data-driven hydrology departs from the opposite pole: the model structure is not

prescribed by the modeler but learned from data. There are no transport equations, no assump-

tion of linearity, no predefined parametric loss function. The algorithm learns, from observed

input–output pairs, a representation that maps predictor variables (precipitation, temperature,

radiation, soil moisture) onto the response variable (runoff, effective precipitation, evapotran-
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spiration) (SHEN, 2018). The epistemological foundations of this approach are agnostic with

respect to the internal mechanics of the system: what matters is the fidelity of the input–output

mapping, not the interpretability of each individual parameter.

This implies assumptions distinct from process-based models. Data-driven hydrology

assumes that the system to be modeled exhibits a regularizable pattern that can be learned from

the available data; that the training data are representative of the relevant state space; and that

statistical stationarity is sufficiently valid during the training period to allow generalization to the

validation period (SHEN, 2018). When any of these conditions fail — especially the representa-

tiveness of training data relative to more extreme future climatic conditions — the ML model

loses predictive capacity outside its training domain, a problem known as the extrapolation gap

(WILLARD et al., 2022).

The Physics-aware Machine Learning (PaML) paradigm

The most sophisticated response to the extrapolation gap is the Physics-aware Machine

Learning (PaML) paradigm, whose methods Willard et al. (2022) organize into four non-mutually

exclusive classes based on the mechanism by which physical knowledge is integrated into the

model (Figure 2.1).

In physics-guided initialization, the model is pre-trained on synthetic data generated

by process-based model simulations before being fine-tuned with real observations. Physical

knowledge thus acts as an informed initial state that guides training convergence and reduces the

requirement for observational data (WILLARD et al., 2022).

In physics-guided loss functions, training is regularized by additional terms in the

objective function that penalize violations of known physical laws — such as mass conservation

or energy balance. This constraint is considered weak because it steers, but does not guarantee,

the physical consistency of predictions (WILLARD et al., 2022).

In physics-guided architecture design, certain physical properties are satisfied by con-

struction within the model architecture — such as variable positivity, monotonicity relationships,

or symmetry invariances — so that physically inconsistent predictions become structurally

impossible (WILLARD et al., 2022).

In hybrid physics-ML modeling, a process-based model and an ML model operate in a

coupled manner. Willard et al. (2022) identify four variants of this class: (i) residual modeling,
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Figure 2.1 – The Physics-aware Machine Learning (PaML) paradigm. Methods are organized
into four non-mutually exclusive classes based on the mechanism of integrating
physical knowledge: (1) Observational Bias (Data), (2) Inductive Bias (Architec-
ture), (3) Learning Bias (Loss Function), and (4) Hybrid Models. Adapted from
Willard et al. (2022).

Fonte: The author (2026).

in which ML learns the systematic errors of the physical model; (ii) physical model output as ML

input, in which process-model simulations feed the algorithms as covariates; (iii) replacement of

physical model components by ML; and (iv) weighted combination of physical and data-driven

predictions.

The most influential evidence that ML can converge toward physically coherent repre-

sentations without explicit imposition came from Kratzert et al. (2019a), who demonstrated

that an LSTM (Long Short-Term Memory) network trained simultaneously across hundreds of

catchments using only climatic forcing data develops internal states interpretable as snow storage

and soil moisture — even when these variables are not explicitly provided as model inputs.

This result suggests that, given sufficient data and multi-catchment training, temporal memory

structures can emerge spontaneously as implicitly physical representations.
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Critiques of ML in hydrology and responses from the literature

The most robust critiques of ML in hydrology are organized around three central argu-

ments (BEVEN, 2012; SHEN, 2018).

The first is the lack of physical interpretability: a well-calibrated ML model may

work for the wrong reasons — learning spurious correlations that collapse outside the training

window — with no guarantee that the learned patterns correspond to real causal mechanisms.

The literature’s response has been the adoption of explainability tools, particularly SHAP values

(SHapley Additive exPlanations), which allow quantification of the contribution of each input

variable to each individual prediction, rendering models physically auditable (elaborated in

Section 5.3.5).

The second argument concerns dependence on large data volumes: algorithms such

as LSTM typically require years of high-frequency series to learn reliable temporal patterns,

potentially rendering them unsuitable for regions with short or fragmented records. The response

lies in transfer learning strategies and multi-catchment training, which allow models trained on

data-rich systems to be adapted to data-scarce contexts (KRATZERT et al., 2019b).

The third argument is the inability to enforce water balance: purely statistical models

may violate mass conservation, producing physically impossible predictions — such as effective

precipitation exceeding gross precipitation, or negative interception. The PaML paradigm

addresses this directly: incorporating conservation laws as explicit constraints within the training

process (WILLARD et al., 2022).

Positioning of this thesis within the PaML spectrum

The approach adopted in this thesis does not fall within a single PaML class, but mobilizes

two classes in a complementary manner, one within each research axis.

Paper 1 (precipitation series reconstruction) is positioned within the hybrid modeling

subclass of physical model output as ML input (WILLARD et al., 2022, Section 3.4.2): ERA5

and ERA5-Land products are outputs of general atmospheric circulation models — and therefore

products of physical process models — used as input covariates in the ML algorithms. Quantile

Mapping corrects the systematic bias between the distribution simulated by the physical model

and the locally observed climatology, a step analogous to aligning physical model output prior to



81

its ingestion by ML. In this configuration, the physical model is not replaced but rather coupled

to ML as a provider of large-scale information that the local instrument alone could not capture.

Paper 2 (interception and effective precipitation modeling) combines two classes from

Willard et al. (2022). On one hand, the physical constraint restricting the effective precipitation

coefficient to the interval 0 < C < 1.5 and the removal of physically inconsistent predictions

prior to training correspond to the logic of physics-guided loss functions (3.1) — ensuring

that the solution space is physically admissible from the outset. On the other hand, the mono-

tonic constraints imposed on LightGBM — which structurally enforce that an increase in gross

precipitation (Pe) implies an increase in effective precipitation (Peff) — and the feature engineer-

ing entirely guided by eco-hydrological processes identified in the literature (event magnitude,

Antecedent Precipitation Index, phenological seasonality, and spatial canopy heterogeneity) cor-

respond to the spirit of physics-guided architecture design (3.3): domain knowledge embedded

in the model structure to reduce the space of physically incoherent solutions, albeit applied to

tree-based algorithms rather than neural networks.

In both papers, model selection based on multi-objective criteria that balance statistical

precision (RMSE — Root Mean Square Error) and hydrological consistency (KGE — Kling-

Gupta Efficiency) represents an additional layer of post hoc physical control: even if a model

minimizes mean error, it is selected only if it preserves the statistical structure of the observed

distribution — variability, bias, and correlation — providing an implicit check that reconstructed

series and interception estimates respect the physics of the hydrological cycle.

Interpretability and critiques of ML in hydrology

The most robust critiques of ML in hydrology are organized around three main arguments

(BEVEN, 2012; SHEN, 2018). The first is the lack of physical interpretability: a well-calibrated

ML model may work for the wrong reasons — learning spurious correlations that collapse outside

the training window. The literature’s response has been the adoption of explainability tools such

as SHAP values (developed in Section 5.3.5), which allow quantification of the contribution of

each input variable to each individual prediction. The second argument concerns dependence

on abundant data: algorithms such as LSTM typically require years of high-frequency series

to learn reliable temporal patterns, potentially rendering them unsuitable for basins with short

records. The response lies in transfer learning strategies and multi-basin training, which allow
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models trained on data-rich basins to be adapted to data-scarce basins (KRATZERT et al., 2019b).

The third argument is the inability to enforce water balance: purely statistical models may

violate mass conservation, producing physically impossible predictions. The PaML paradigm

addresses this directly: incorporating conservation laws as explicit constraints within the training

process (WILLARD et al., 2022).

2.4.2 Tree-Based Models: Random Forest and Gradient Boosting

Random Forest: bagging foundations and double randomization

Random Forest (RF), proposed by Breiman (2001), is an ensemble learning method built

upon the principle that many weak and independent models together produce better predictions

than any single strong model. Its mechanism is bagging (bootstrap aggregating): each of the B

decision trees composing the ensemble is trained on a distinct bootstrap sample of the training

set — with replacement, so that approximately 37 % of the original data are left out of each

individual tree (out-of-bag data), which can be used for an unbiased estimate of generalization

error (BREIMAN, 2001).

The central innovation of RF relative to simple bagging is the additional randomization

of attributes: at each split node, only a random subset of m attributes (typically m =
√

p for

classification and m = p/3 for regression, where p is the total number of predictor variables) is

considered when searching for the optimal split point. This double randomization — in samples

and in attributes — produces more diverse and less correlated trees, amplifying the ensemble

diversity effect and reducing the variance of the aggregated prediction by averaging (BREIMAN,

2001). The RF prediction for a new instance x is:

ŶRF(x) =
1
B

B

∑
b=1

Tb(x) (2.16)

where Tb(x) is the prediction of the b-th tree. For regression, the arithmetic mean

across trees converges, through the diversity effect, to an estimator with lower variance than

any individual tree, without increasing bias (BREIMAN, 2001). Table 2.4, at the end of

this subsection, compares RF and gradient boosting algorithms in properties most relevant to

hydrology.
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Gradient Boosting: bias reduction through sequential correction

Gradient boosting operates in the opposite direction to bagging: instead of constructing

independent trees and combining them by averaging, it builds trees sequentially, with each

new tree correcting the residual errors of the previous ones (FRIEDMAN, 2001). The general

algorithm, in the formulation of Friedman (2001), iteratively optimizes a loss function L (y, ŷ)

in function space:

Fm(x) = Fm−1(x)+η hm(x) (2.17)

where Fm(x) is the prediction at iteration m, η is the learning rate, and hm(x) is a new

tree fitted on the residuals (pseudo-gradients) of the previous model. While RF bagging reduces

variance without changing bias, gradient boosting progressively reduces bias at the cost of

increased variance, which is controlled through regularization mechanisms.

XGBoost

XGBoost (eXtreme Gradient Boosting), proposed by Chen e Guestrin (2016), is the most

widely adopted implementation of gradient boosting in data science competitions and recent

hydrological applications. Its central contribution is the introduction of a regularized objective

function with second-order Taylor expansion. The model prediction ŷi = φ(xi) = ∑
K
k=1 fk(xi) is

obtained by minimizing:

L (φ) = ∑
i
ℓ(ŷi, yi) + ∑

k
Ω( fk) (2.18)

where the regularization term Ω( fk) = γT + 1
2λ∥w∥2 penalizes trees with many leaves

(T ) and large leaf weights (w), controlling model complexity. The second-order approximation of

the loss function with respect to the previous model allows optimal leaf weights to be computed

analytically:

w∗
j = −

G j

H j +λ
(2.19)
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where G j = ∑i∈I j gi and H j = ∑i∈I j hi are the sums of first- and second-order gradients

for instances in leaf j (CHEN; GUESTRIN, 2016). XGBoost also implements native handling

of missing values (learning optimal split direction for NaNs), which is particularly relevant for

pluviometric series with gaps.

CatBoost and LightGBM

CatBoost (Categorical Boosting), developed by the Yandex team (PROKHORENKOVA

et al., 2018), introduces the concept of ordered boosting: to avoid target leakage bias that occurs

when residual statistics computed at iteration m already include information from the instance

being predicted, CatBoost uses a temporal permutation of the data and computes leaf statistics

only from prior instances in the ordering. For categorical variables, it employs target-based

encoding with Bayesian smoothing. These properties make CatBoost particularly robust in small

datasets and in datasets with mixed variable types (PROKHORENKOVA et al., 2018).

LightGBM (Light Gradient Boosting Machine) (KE et al., 2017) prioritizes computa-

tional efficiency through two innovative mechanisms: leaf-wise (best-first) growth, which splits

the leaf with the highest gain instead of splitting all leaves at a given level (level-wise), resulting

in deeper and more asymmetric trees that capture complex interactions with fewer iterations; and

histogram-based binning, which discretizes continuous variables into at most 255 bins prior to

training, drastically reducing split-search cost. A relevant property for hydrological applications

is the ability to impose monotonicity constraints between predictors and the response, forcing

the model to respect known physical relationships (KE et al., 2017).

Nonlinearity, interactions, and extrapolation limitations

Tree-based models are particularly suitable for capturing nonlinear relationships and

high-order interactions among hydrological variables (see Quadro 2.4)) because each node

split can create a stepwise response function in any direction of the feature space, without

assuming a functional form (BREIMAN, 2001; FRIEDMAN, 2001). For effective precipitation

modeling, this implies that the model can learn that the relationship between gross precipitation

and interception changes abruptly when Pg exceeds S (canopy saturation threshold), without that

threshold being specified a priori.
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The fundamental limitation shared by all tree-based models is the inability to extrapolate

beyond the training domain (extrapolation gap): decision trees are piecewise-constant models,

and their prediction for values beyond the maximum observed during training is necessarily

constant and equal to the highest observed value (WILLARD et al., 2022). In hydrology, this

manifests as systematic underestimation of extreme precipitation events not observed during

training. Regularization in XGBoost, ordered boosting in CatBoost, and leaf-wise growth in

LightGBM reduce overfitting, but they do not solve the extrapolation problem, which is a

structural limitation of tree-based approaches.

Box 2.4 – Comparison of main tree-based ensemble learning algorithms for hydrological appli-
cations.

Algorithm Core mechanism Advantages in hy-
drology

Main limitations

Random For-
est
Breiman
(2001)

Bagging + double attribute randomiza-
tion; averaging of independent trees

Robust to overfit-
ting; OOB error es-
timate; good perfor-
mance with limited
data

No extrapolation;
high memory
usage; does not
capture temporal
trends

XGBoost
Chen e
Guestrin
(2016)

Gradient boosting with L1/L2 regular-
ization and second-order Taylor expan-
sion

Native NaN han-
dling; high accu-
racy; explicit regu-
larization; fast con-
vergence

Sensitive to hyper-
parameters; no ex-
trapolation

CatBoost
Prokhorenkova
et al. (2018)

Ordered boosting with categorical en-
coding

Low bias in small
datasets; robust
with unordered
series

Slower than Light-
GBM; less flexible
for purely numeri-
cal variables

LightGBM
Ke et al.
(2017)

Leaf-wise growth + histogram binning Very fast; mono-
tonicity constraints;
captures deep inter-
actions

Prone to overfitting
in small datasets;
difficult interpreta-
tion of asymmetric
trees

Fonte: The author (2026).
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2.4.3 Recurrent Neural Networks and the Representation of Hydrological Memory

Hydrological memory and the need for stateful models

Hydrological processes have memory: the response of a catchment to a given precipitation

event depends on the antecedent state of the system — soil moisture, shallow groundwater levels,

canopy saturation state, air temperature, and vapor pressure deficit. This memory may be short,

such as the residual canopy storage capacity (Sres) that is re-established within hours, or long,

such as deep aquifer recharge that integrates precipitation over months or years (KRATZERT

et al., 2019a; KRATZERT et al., 2019b). Static regression models, such as RF and XGBoost

applied with a fixed feature window, represent memory indirectly by including antecedent-state

variables as explicit predictors. Recurrent neural networks represent memory endogenously by

maintaining a hidden state vector ht that encapsulates all relevant information from previous

time steps.

The vanishing gradient problem

Standard recurrent neural networks (RNNs) were proposed in the 1980s as an architecture

for modeling temporal sequences. Their formulation is straightforward: the hidden state ht at

each time step is a nonlinear function of the previous state ht−1 and the current input xt :

ht = σ(Whht−1 +Wxxt +b) (2.20)

The structural limitation of classical RNNs is the vanishing gradient problem: during

training via backpropagation through time (BPTT), the gradient of the error with respect to

activations many steps in the past is obtained by the product of many weight matrices. When

the eigenvalues of the matrix Wh are smaller than 1 (as is typical in networks trained with

sigmoidal saturation), this geometric product decays exponentially with the number of steps,

rendering the gradient numerically negligible for long temporal dependencies (HOCHREITER;

SCHMIDHUBER, 1997). In practice, this means that classical RNNs can only learn temporal

dependencies over a few steps — insufficient to represent hydrological memory spanning weeks

to months.
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The LSTM gating mechanism

The LSTM (Long Short-Term Memory), introduced by Hochreiter e Schmidhuber (1997),

resolves the vanishing gradient problem through a gating mechanism that controls information

flow between memory cells across time steps. The core component is the memory cell ct ,

which functions as an information “conveyor belt” across time: its gradient is preserved nearly

intact because gradient flow through the cell involves only additions and multiplications by

diagonal matrices (the gates), rather than products of dense matrices as in the classical RNN

(HOCHREITER; SCHMIDHUBER, 1997).

The full LSTM equations at each time step t, given input xt and previous states ht−1 and

ct−1, are:

ft = σ
(
Wf [ht−1, xt ]+b f

)
(2.21)

it = σ(Wi[ht−1, xt ]+bi) (2.22)

c̃t = tanh(Wc[ht−1, xt ]+bc) (2.23)

ct = ft ⊙ ct−1 + it ⊙ c̃t (2.24)

ot = σ(Wo[ht−1, xt ]+bo) (2.25)

ht = ot ⊙ tanh(ct) (2.26)

where σ(·) is the sigmoid function, tanh(·) is the hyperbolic tangent, and ⊙ denotes the

Hadamard (element-wise) product. The terms ft , it , and ot are the forget gate, input gate, and

output gate, respectively — all taking values in (0,1) and acting as analog valves that regulate

information flow.

A physical analogy to hydrological memory

The elegance of the LSTM for hydrology lies in its empirical performance and in a deeper

physical analogy carefully explored by Kratzert et al. (2019a). The memory cell ct is analogous

to the water storage of a reservoir (soil, shallow aquifer, snow): it receives inputs (precipitation,

recharge) and loses water through dissipation processes. The forget gate ft is analogous to
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reservoir losses — drainage, evapotranspiration, deep percolation: it determines what fraction of

the previous storage is retained at the next time step. The input gate it regulates how much of

the current input contributes to the stored state — analogous to the fraction of precipitation that

effectively infiltrates and recharges the reservoir (versus that which becomes surface runoff). The

output gate ot determines what fraction of the stored state becomes observable as streamflow

— analogous to the response function that transforms storage into measurable discharge at the

catchment outlet (KRATZERT et al., 2019a).

Kratzert et al. (2019b) demonstrated, in an analysis of an LSTM trained on 531 basins

from the CAMELS dataset (Catchment Attributes and Meteorology for Large-sample Studies),

that individual cells in the LSTM layer developed internal representations statistically analogous

to snow storage and soil moisture, even though these variables were not provided as inputs. This

result suggests that the LSTM does not merely mimic the data — it implicitly learns the dynamic

structure of the hydrological system.

Bidirectional LSTM and retrospective window

The bidirectional LSTM (BiLSTM) architecture processes the input sequence in two

temporal directions simultaneously: one LSTM layer in the forward direction (past → future)

and one in the reverse direction (future → past), whose hidden states are concatenated at each

time step. In missing-value reconstruction tasks (where post-gap context is available at inference

time), BiLSTM consistently outperforms the unidirectional LSTM by integrating both causal

memory and future context into the estimate. For real-time forecasting, where future information

is unavailable, the unidirectional LSTM is the appropriate design.

The choice of the retrospective window length (τ) — the number of past time steps

provided to the model as context — is a critical modeling decision. A window of τ = 360 h

(15 days) captures canopy wetting and drying cycles, shallow soil moisture dynamics, and

persistence patterns of synoptic systems responsible for tropical precipitation (KRATZERT et al.,

2019b). Excessively long windows increase computational cost and introduce long-term noise

that can degrade accuracy at the individual event scale.
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2.4.4 Interpretability and Explainability in Hydrological ML Models

Mathematical foundations of SHAP values

The adoption of high-capacity ML models in hydrology faces a legitimate cultural

obstacle: the hydrological community has a long tradition of models whose parameters are

physically interpretable. An ML model that produces accurate predictions without explaining

why is, within this tradition, a black box that generates no scientific learning and cannot be

audited for physical consistency. SHAP values (SHapley Additive exPlanations), proposed by

Lundberg e Lee (2017), address this issue by providing an additive and theoretically grounded

decomposition of any model prediction into individual contributions from each predictor variable.

The mathematical foundation of SHAP values originates from Shapley’s cooperative

game theory. For a set of p predictor variables (“players”) that collaborate to produce a prediction

ŷ (the “payout”), the Shapley value φ j of variable j is the unique attribution that simultaneously

satisfies four axioms: efficiency (∑ j φ j = ŷ−E[ŷ]), symmetry, dummy (no contribution for

irrelevant variables), and linearity. Formally (LUNDBERG; LEE, 2017):

φ j = ∑
S⊆F\{ j}

|S|! (|F |− |S|−1)!
|F |!

[
f̂S∪{ j}(x)− f̂S(x)

]
(2.27)

where F is the full set of variables, S is a subset of F \ { j}, and f̂S(x) is the model

prediction when only the variables in S are available. The SHAP value φ j therefore represents

the average marginal contribution of variable j when added to all possible coalitions of the

remaining variables (LUNDBERG; LEE, 2017).

Global versus local importance

One of the most valuable properties of SHAP values is the distinction between local

importance (for a specific prediction) and global importance (across the entire dataset). Global

importance is estimated as the mean absolute SHAP value of each variable over all instances:

¯|φ j|= n−1
∑i |φ j,i|. Local importance, in contrast, explains why the model produced a specific

prediction: for a particular precipitation event, what was the contribution of antecedent canopy
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moisture to the estimated interception? This decomposition is physically and scientifically

informative.

In effective precipitation modeling, SHAP values allow one to address questions such

as: is event intensity or antecedent canopy moisture the dominant driver of interception at this

site? Does the answer vary between seasons? Are there intensity thresholds beyond which the

contribution of certain variables changes sign? When SHAP values reveal patterns consistent

with physical knowledge — greater positive influence of intensity on throughfall proportion

above the canopy saturation threshold, greater importance of LAI during the wet season — this

validates the model and quantifies physical relationships in an exploratory manner (LUNDBERG;

LEE, 2017; SHEN, 2018).

2.5 Anomaly Detection in Hydrological Series: Conceptual Foundations

2.5.1 Concepts and Taxonomy of Anomalies in Hydrological Data

An anomaly (or outlier) in a hydrometeorological time series is, in formal terms, an

observation that deviates significantly from the expected behavior given the context of the

remaining observations (CHANDOLA; BANERJEE; KUMAR, 2009). The definitional challenge

lies not in the word “significantly,” but in the word “expected”: what is expected depends on

the adopted model of normal behavior — and in precipitation series, “normal” is intrinsically

variable (seasons, frontal systems, extreme convective events) and markedly non-Gaussian. The

literature distinguishes three fundamental types of anomalies in hydrometeorological time series

(CHANDOLA; BANERJEE; KUMAR, 2009; CLIFTON et al., 2014).

Point anomalies: a single value that is inconsistent with its temporal neighbors and with

simultaneous values of other variables. A record of 250 mm in 10 minutes during a completely

dry day, without confirmation from neighboring stations, is the paradigmatic example. It typically

corresponds to instrumental or transmission errors.

Contextual anomalies: a value that would be normal in another seasonal or climatic

context but is anomalous given the current context. A record of 80 mm day−1 in July (the dry

season in Lavras, where the historical daily maximum for that month rarely exceeds 30 mm) is a

contextual anomaly: it would be entirely routine in January. Detection requires conditioning the

analysis on seasonal context.
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Collective anomalies: a contiguous subsequence of values that is individually plausible

but collectively inconsistent. A series of 15 consecutive days with exactly constant values

of 2 mm h−1 in a convective precipitation region is collectively anomalous even though each

individual value is physically possible — the constancy pattern is incompatible with the natural

variability of precipitation.

The specific challenge in distinguishing instrumental errors from real extreme events lies

in the fact that both produce high values outside the historical experience range. The difference

is contextual and relational: a real extreme event should be corroborated by other meteorological

variables (wind, pressure, temperature) and by remote sensing information; it should occur within

a temporal window consistent with the climatology of the generating systems; and it should

exhibit an intensity profile compatible with the physics of convection, rather than a single isolated

spike surrounded by zeros (CHANDOLA; BANERJEE; KUMAR, 2009; KIM; PACHEPSKY,

2010).

2.5.2 Unsupervised Algorithms for Anomaly Detection

Isolation Forest: isolation through recursive partitioning

Isolation Forest (IF), proposed by Liu, Ting e Zhou (2008), is an anomaly detection

algorithm based on the principle that anomalous points are, by definition, few and different, and

therefore easier to isolate through random partitioning of the feature space than normal points.

The algorithm builds an ensemble of isolation trees: for each tree, a variable is randomly selected

along with a split value between its observed minimum and maximum, partitioning the space;

this process is recursively repeated until each point is isolated in its own leaf.

The average isolation depth of a point x — the mean number of partitions required to

isolate it across all trees — is inversely proportional to its degree of anomaly. Anomalous points

are isolated in few partitions (shallow trees) because they occupy low-density regions of the

feature space; normal points require many partitions (deep trees) because they are surrounded by

many similar observations. The anomaly score s(x,n) is normalized to the interval (0,1):

s(x, n) = 2−
E[h(x)]

c(n) (2.28)
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where h(x) is the path length of x in a tree, E[h(x)] its average over the ensemble, and

c(n) is the expected average path length for a set of n points in a binary search tree (BST) —

a normalization factor (LIU; TING; ZHOU, 2008). Values of s ≈ 1 indicate anomaly; s ≈ 0

indicate normality.

The suitability of Isolation Forest for precipitation series is particularly strong compared

to fixed-threshold methods, for a fundamental reason: by constructing partitions in the mul-

tivariate feature space (for example, hourly intensity × antecedent moisture × temperature

× confirmation from neighboring stations), IF can identify as anomalous a combination of

values that are individually plausible but jointly rare. A value of 60 mm h−1 during completely

dry conditions according to all neighboring stations and the MERGE product is anomalous in

multivariate space, even if 60 mm h−1 alone is historically plausible (LIU; TING; ZHOU, 2008).

Local Outlier Factor (LOF)

Local Outlier Factor (LOF), proposed by Breunig et al. (2000), is a density-based

algorithm: a point is anomalous if its local density is significantly lower than the density of its

nearest neighbors, quantified by the ratio between the local density of x and the average density

of its k nearest neighbors. Formally:

LOFk(x) =

1
k ∑

o∈Nk(x)
lrdk(o)

lrdk(x)
(2.29)

where lrdk(x) is the local reachability density of x and Nk(x) is the set of its k nearest

neighbors (BREUNIG et al., 2000). A LOFk ≈ 1 indicates that x lies in a region of similar

density to its neighbors (normal behavior); LOFk ≫ 1 indicates a local anomaly.

The advantage of LOF over Isolation Forest is its sensitivity to local anomalies: a point

may be anomalous relative to its local context even if its global distance from the median of

the distribution is not extreme. In precipitation series, this is relevant for detecting contextual

anomalies: a value of 20 mm h−1 is perfectly normal during an intense event, but anomalous if

it occurs in isolation during a typically dry August day. LOF captures this contextual anomaly

because the local density in that region of feature space (August, dry conditions, no neighboring

confirmation) is low.
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The limitation of LOF lies in its higher sensitivity to the parameter k and its greater

computational cost (O(n2) in the worst case) compared to Isolation Forest (BREUNIG et al.,

2000). For high-frequency series with thousands to millions of records, Isolation Forest is

computationally more scalable, whereas LOF is preferred when local heterogeneity in the feature

space is pronounced and data volume is moderate.

The contamination parameter and the balance between errors

Both algorithms require specification of the contamination parameter fc — the expected

fraction of anomalies in the dataset. This choice is nontrivial and determines the balance between

two types of errors with asymmetric consequences in hydrology (CHANDOLA; BANERJEE;

KUMAR, 2009):

False positives (FP): real extreme events classified as anomalies and removed from the series.

Each FP eliminates valuable information about system behavior under high-demand

conditions, reducing the ability of ML models to learn these patterns.

False negatives (FN): instrumental errors not detected and retained in the series. Each FN

contaminates the training set with false data, potentially distorting model parameters.

In high-frequency pluviometric series with prior basic quality control, contamination

values between 0.5 % and 2 % are reported as appropriate in the literature (KIM; PACHEPSKY,

2010; LIU; TING; ZHOU, 2008). Very low fc values increase FN; high values increase FP. A

robust strategy is to conduct sensitivity analysis by varying fc within the range 0.1 % to 5 %

and evaluating the impact on the extreme-value distributions of the filtered series, selecting the

value that best preserves the upper percentiles of the reference series while eliminating patterns

inconsistent with the physical behavior of precipitation events.

2.6 Model Selection and Evaluation in Hydrology: Criteria and Metrics

2.6.1 Hydrological Performance Metrics

The choice of an evaluation metric is not a minor methodological detail: it is a statement

of values. It implicitly defines what the model should optimize, which errors are penalized



94

more heavily, and which properties of the series must be preserved. In hydrology, where errors

have asymmetric physical consequences — underestimating a flood peak is more critical than

overestimating it — metric selection requires careful analysis of the mathematical properties and

biases of each index.

Limitations of NSE and RMSE

The Nash–Sutcliffe Efficiency (NSE), proposed by Nash e Sutcliffe (1970), has for

decades been the reference metric in catchment hydrology:

NSE = 1− ∑t(Qobs,t −Qsim,t)
2

∑t(Qobs,t − Q̄obs)2 (2.30)

NSE compares the residual variance of the model with the total variance of the observed

series: NSE = 1 indicates perfect fit; NSE = 0 indicates that the model performs no better than

predicting the mean of the series; NSE < 0 indicates that the mean is a better predictor than

the model. The fundamental limitation of NSE, demonstrated by Gupta et al. (2009), is that it

can be decomposed into three components (correlation, bias, and variability) that compensate

each other: a model may exhibit high NSE with substantial bias and compressed variability,

provided that temporal correlation is high. Knoben, Freer e Woods (2019) showed that NSE = 0

corresponds, in practical performance terms, to a KGE of approximately −0.41 — indicating

that the NSE = 0 threshold is overly optimistic as a discriminator between useful and useless

models.

RMSE measures mean squared error in the units of the observed variable. Its principal

limitation is that, being scalar and non-normalized, it does not decompose error sources, penalizes

errors uniformly regardless of hydrological relevance, and is sensitive to the scale of the variable,

complicating comparisons across basins or periods with different precipitation regimes.

The decomposition of KGE

The Kling–Gupta Efficiency (KGE), proposed by Gupta et al. (2009) and refined by

Kling, Fuchs e Paulin (2012), represents a significant methodological advance by explicitly

decomposing error into three independent diagnostic components:
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KGE = 1−
√
(r−1)2 +(α −1)2 +(β −1)2 (2.31)

where:

r = Cor(Qsim, Qobs) (Pearson linear correlation — temporal synchrony) (2.32)

α =
σsim

σobs
(standard deviation ratio — relative variability) (2.33)

β =
µsim

µobs
(mean ratio — systematic bias) (2.34)

The optimal KGE value is 1 (all components equal to 1). KGE was defined based on the

recognition that models with good temporal correlation may still exhibit substantial systematic

bias (β ̸= 1) or systematically underestimated variability (α < 1) — features that NSE merges

into a single number without distinction. Knoben, Freer e Woods (2019) established that KGE

≥−0.41 is functionally equivalent to NSE ≥ 0 as a criterion for a “useful” model, and that the

empirically proposed reference value KGE = 0.5 by Kling, Fuchs e Paulin (2012) corresponds to

models with substantially superior performance relative to the historical mean benchmark.

The RMSE–KGE dilemma in practice

A model with low RMSE but high KGE and a model with low RMSE but low KGE have

radically different practical implications. A model that minimizes RMSE while exhibiting low

KGE typically has α < 1: it underestimates the variability of the simulated series (producing

smoother predictions than observations), resulting in systematic underestimation of flow or

interception peaks. This behavior is functionally equivalent to a model that “works on average”

but fails when it matters most — during extreme events that dominate hydrological risk (GUPTA

et al., 2009).
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2.6.2 Multiobjective Optimization in Model Selection

Theoretical foundations: why single-metric selection fails in hydrology

Model selection based on a single performance criterion — a practice that dominated

operational hydrology for decades — rests on a tacit assumption that is rarely examined: that

there exists a single loss function capable of adequately capturing all hydrologically relevant

aspects of model behavior. In practice, this assumption fails systematically. A model calibrated

to minimize RMSE will learn to reproduce the central tendency of the distribution well, but

will systematically underestimate peak precipitation or discharge values — which, being rare,

contribute little to the quadratic loss even when they are hydrologically critical. As demonstrated

by (GUPTA; SOROOSHIAN; YAPO, 1998), models selected by RMSE alone consistently

underperform in representing peak flows, the events that matter most for flood risk assessment

and interception dynamics in canopy saturation regimes.

The Nash-Sutcliffe Efficiency (NSE) (NASH; SUTCLIFFE, 1970), despite being the

standard criterion in hydrological model calibration for over five decades, is mathematically

equivalent to 1−RMSE2/σ2
obs and therefore inherits the same sensitivity to mean-performance

values while penalizing extreme errors in a quadratic, non-robust manner. (LEGATES; MCCABE,

1999) documented that NSE values can be high even when a model systematically underestimates

flood peaks or wet-season totals, because the criterion is dominated by performance during the

more frequent moderate-intensity events.

The Kling-Gupta Efficiency (KGE), developed by (GUPTA et al., 2009) as a decomposi-

tion of the mean squared error into three physically interpretable components — linear correlation

(r), bias ratio (β = µs/µo), and variability ratio (γ = CVs/CVo) — partially addresses these

limitations by explicitly penalizing systematic bias and variance differences separately from

random error. However, optimizing KGE and RMSE simultaneously often leads to a fundamental

trade-off: models with high KGE tend to preserve distributional properties at the expense of

event-scale precision, while models with low RMSE tend to smooth extreme values to minimize

squared error. This tension is inherently a multiobjective problem that cannot be resolved by

collapsing it into a single scalar criterion without introducing subjective weighting assumptions

(EHRGOTT, 2005).
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The Pareto frontier

Selecting a single “optimal” model from a set of candidates evaluated under multiple

criteria is a multiobjective optimization problem without a trivial analytical solution. The central

concept is the Pareto frontier: in the objective space (O1,O2, . . . ,Ok), a solution A dominates

a solution B if A is at least as good as B in all objectives and strictly better in at least one.

The Pareto frontier (or set) is the collection of all non-dominated solutions: for any solution

on the frontier, it is impossible to improve one objective without worsening at least one other

(BOZORG-HADDAD et al., 2016; SHEN; TOLSON; MAI, 2022).

In the context of this thesis, with two primary objectives — minimizing RMSE and maxi-

mizing KGE — the Pareto frontier consists of models for which no other model simultaneously

presents lower RMSE and higher KGE. Choosing among models on the frontier involves a value-

based decision regarding the trade-off between absolute error and preservation of distributional

properties.

The Borda method as a compromise solution

The Borda Method (Borda Count), originally proposed in the eighteenth century by

Jean-Charles de Borda as a voting system and later adapted for multiobjective model selection,

provides an objective and traceable compromise solution (BOZORG-HADDAD et al., 2016;

SANTOS et al., 2024). The procedure is:

1. For each objective k, rank all M candidate models from best to worst according to that

objective, assigning ranks rk(m) ∈ {1, . . . ,M}.

2. Compute the Borda score of each model as the sum of its ranks across all objectives:

Borda(m) =
K

∑
k=1

rk(m) (2.35)

3. Select the model with the lowest Borda score (best aggregated position).

The most important property of the Borda Method in this context is its resistance to

single-metric dominance: by aggregating ordinal positions rather than absolute metric values,

it prevents a model with very low RMSE but very poor KGE from outperforming a model
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that is balanced across both criteria. The result is a compromise model that is simultaneously

competitive in absolute accuracy and in preservation of variability and bias (SANTOS et al.,

2024). The traceability of the criterion ensures reproducibility: any researcher replicating the

ranking obtains the same selected model.

2.6.3 Temporal and Spatial Validation Strategies

The inadequacy of random K-fold for time series

Standard K-fold cross-validation — which randomly divides the dataset into K subsets

and successively evaluates the model on each subset using the remaining data for training —

is statistically rigorous for i.i.d. (independently and identically distributed) data. Hydrological

time series fundamentally violate the independence assumption: observations close in time are

highly correlated (positive autocorrelation at scales from hours to weeks). When past and future

records of the same event are randomly assigned to training and testing sets, the model may

“memorize” patterns from that event and exhibit artificially high performance on the test set — a

phenomenon known as temporal data leakage (ROBERTS et al., 2017). The result is an overly

optimistic estimate of the model’s ability to generalize to unseen periods.

Time-Series Cross-Validation (Walk-Forward)

The appropriate temporal validation strategy for hydrological series is Time-Series Cross-

Validation (TSCV), also known as walk-forward or expanding window validation (ROBERTS et

al., 2017). The procedure is:

1. Define an initial training set (first t0 years of the series).

2. Train the model on the initial set and evaluate its performance on the subsequent ∆t years

(test window).

3. Expand the training set to include the ∆t years from the previous test.

4. Repeat until the entire series is consumed, obtaining K performance estimates over chrono-

logically ordered and previously unseen periods.
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TSCV ensures that the trained model never sees future data during training, faithfully

reproducing operational application conditions — where the model must predict the future

without knowledge of future states. The average performance across the K folds provides a

conservative (and therefore reliable) estimate of the model’s generalization capacity.

Leave-One-Point-Out (LOPO) for spatial generalization

Temporal validation assesses whether the model generalizes to new periods at the same

sensor locations; spatial validation assesses whether the model generalizes to new locations

within the same ecosystem. The Leave-One-Point-Out (LOPO) strategy is the spatial analogue of

TSCV: in each iteration, the model is trained using data from all measurement points except one,

and evaluated at the excluded point (ROBERTS et al., 2017). For the network of 32 understory

rain gauges at Matinha (UFLA), LOPO evaluates whether the model can estimate effective

precipitation at an uninstrumented forest location using climatic variables and measurements

from neighboring instrumented points — a scenario directly relevant to operational application

across the entire basin.

Figure 2.2 comparatively illustrates the random K-fold, TSCV, and LOPO validation

schemes.

Multi-year sliding windows and detection of nonstationarity

A valuable extension of TSCV is the use of sliding windows of fixed size (instead

of expanding windows), which evaluate model performance across different periods without

allowing the training set to grow indefinitely. Comparing performance between consecutive

temporal windows provides a sensitive indicator of nonstationarity and model degradation over

time: if KGE systematically declines from window to window, this signals that the system has

evolved in a way the model no longer captures — whether due to changes in precipitation regime,

progressive phenological shifts in the forest, or degradation in sensor calibration.

This diagnostic capability is particularly relevant for long-term series such as those from

Matinha, which span more than a decade and include exceptional drought periods (2014–2016)

that may have permanently altered certain structural parameters of the ecosystem (RODRIGUES

et al., 2021a).
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Figure 2.2 – Comparative illustration of validation strategies. A. Random K-fold Cross-
Validation: Data is randomly partitioned, ignoring spatiotemporal order. B. Tem-
poral Validation (TSCV): Utilizes a rolling-origin approach where the model
trains on past data (blue) to predict subsequent future periods (red), respecting
chronological order. C. Spatial Validation (Leave-One-Point-Out - LOPO): The
analogue of TSCV for space, illustrated for a sensor network like Matinha. In
each iteration, a single sensor location is withheld as the testing target (red dot) to
evaluate if the model trained on neighboring points (blue network) can generalize
to new, uninstrumented locations (ROBERTS et al., 2017).

Fonte: The author (2026).
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2.7 Synthesis of Gaps in the Literature and Research Positioning

The previous sections established four conceptual pillars — the ecohydrology of rainfall

partitioning, the problem of data integrity, the foundations of machine learning, and model

evaluation criteria — and each of them revealed structural fractures that the existing literature

has not yet resolved. This section systematically gathers these gaps, organizes them by domain,

and articulates the epistemological positioning of this thesis.

2.7.1 Gaps in Precipitation Reconstruction in Tropical Forests with Incomplete Monitoring

Networks

The problem of reconstructing pluviometric series in tropical forest environments is

superficially similar to the general problem of gap-filling in hydrometeorological time series, but

it presents specific dimensions that the literature has not addressed systematically. The review

by Teegavarapu (2012) catalogued dozens of gap-filling methods, and Kim e Pachepsky (2010)

demonstrated the superiority of nonlinear methods (decision trees, neural networks) over linear

regression and traditional models for daily precipitation in agricultural basins in the United

States. However, these studies operate in a radically different context from that investigated here

in at least three respects.

The first aspect is the temporal scale. The overwhelming majority of precipitation

gap-filling studies use daily or monthly data. When shifting to hourly resolution — necessary to

represent forest interception, which responds to events at the scale of minutes to hours — the

problem changes in nature: the hourly precipitation distribution is much more right-skewed and

contains a higher proportion of zeros than the daily distribution; spatial dependence between

neighboring stations is weaker at the hourly scale because correlation among instantaneous

convective records decays rapidly with distance; and linear regression methods lose further

adequacy because inter-station relationships are strongly nonstationary at intradaily scales.

None of the classic studies validated their methods specifically at hourly resolution in tropical

convective environments, leaving a direct methodological gap.

The second aspect concerns the preservation of distribution tails. The gap-filling litera-

ture prioritizes average-error metrics (RMSE, MAE), which are dominated by performance at

the median values of the distribution. The consequence, documented by Kim e Pachepsky (2010)
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but rarely addressed explicitly, is that models ranked best by RMSE systematically underestimate

extreme precipitation percentiles (P95, P99). For interception modeling, this is particularly critical:

large events — those that saturate the canopy and generate the greatest fraction of throughfall —

that most strongly influence annual water balance. A reconstructed series with compressed tails

will produce an interception model that systematically underestimates effective precipitation

during the most hydrologically relevant events. To our knowledge, no study in the consulted

literature proposes and validates a pluviometric gap-filling criterion specifically optimized for

the simultaneous preservation of mean-error metrics and extreme values in hourly series from

tropical forest environments.

The third aspect is the integration of quality control, anomaly detection, and gap-

filling into a unified pipeline. In practice, these three processes are frequently treated sequentially

and independently: first applying fixed-threshold quality control tests, then an anomaly detection

algorithm, and finally a gap-filling method. However, as demonstrated in Section 5.3.1, the

boundary between instrumental error and real extreme event is contextual and depends on

multivariate information that none of the three processes can fully exploit in isolation. The

proposal of an integrated pipeline that employs unsupervised anomaly detection algorithms

(Isolation Forest, LOF), informed by contextual variables (spatial confirmations, atmospheric

indices, forest phenological state), to distinguish errors from extremes and redirect data toward

removal or conditional preservation appears to constitute a novel methodological contribution in

tropical forest hydrology.

2.7.2 Gaps in Interception and Effective Precipitation Modeling in Semideciduous Atlantic

Forest

The semideciduous Atlantic Forest is one of the most studied biomes in Brazilian envi-

ronmental science, yet interception modeling in this specific ecosystem still presents gaps that go

beyond the general limitations of the Gash and Rutter models discussed in Section 2.2.4. Four

specific gaps emerge from the literature review.

The first gap is the absence of joint spatiotemporal validation. All reviewed interception

studies in the Atlantic Forest — including those conducted near the study area of this thesis

(Junqueira Junior et al., 2019; RODRIGUES et al., 2021a) — perform exclusively temporal

validation: the model is calibrated and evaluated at one or a few understory rain gauges over
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time. This strategy does not assess the model’s ability to estimate effective precipitation at

uninstrumented forest locations, which is the relevant scenario for watershed management. The

LOPO (Leave-One-Point-Out) strategy described in Section 2.6.3 is the appropriate validation

design for this objective, yet it has not been systematically applied in any consulted Atlantic

Forest interception study. The lack of spatial validation prevents determining whether models

learn sensor-location-specific relationships (e.g., the canopy effect of a particular species) or

genuinely generalizable relationships for the entire forest.

The second gap is the absence of models that explicitly and dynamically represent

seasonal variation in interception parameters. The Variable Storage Gash model (MUZYLO

et al., 2009) was proposed as an extension for variable canopy cover, but its application in

semideciduous Atlantic Forest with complete multiannual series is virtually absent in the national

literature. The few studies that calibrated the Gash model separately for wet and dry seasons —

such as Rodrigues et al. (2021a) for the UFLA site — confirmed that parameters vary substantially

between seasons but did not propose a dynamic function continuously updating S, Ē, and p

throughout the phenological cycle. Modeling this continuous temporal dynamics of parameters

therefore remains an open problem.

The third gap is the systematic quantification of canopy hydrological memory at the

event scale. Although the importance of antecedent canopy moisture (Wt) has been recognized

since the original Gash formulation (BY; GASH, 1979), its influence over long hourly series has

not been systematically quantified in the Atlantic Forest literature. Questions such as “what is the

effective decorrelation time between events that allows a new event to be treated as conditioned

on a dry canopy?” or “how do sequences of events affect monthly interception totals?” remain

without quantitative answers for the UFLA site and, more broadly, for Brazilian semideciduous

forests.

The fourth and most directly relevant gap is the absence, in the consulted literature,

of operational models capable of predicting effective precipitation Peff in real time — that is,

using only climatic variables available from conventional automatic weather stations (gross

precipitation, temperature, relative humidity, wind speed, barometric pressure) — without

requiring high-cost canopy sensors (understory rain gauges, canopy water content sensors,

dendrometers). Table 2.5 synthesizes these four gaps, the current state of the art, and the

contribution of this thesis in relation to each.
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Box 2.5 – Synthesis of specific gaps in interception and effective precipitation modeling in
semideciduous Atlantic Forest, the current state of the art, and the contribution of this
thesis.

Identified gap Current state of the art Contribution of this thesis

Joint spatiotemporal
validation

Temporal validation only at 1–4
understory rain gauges; no systematic
LOPO application in the Atlantic Forest

LOPO validation over 32
measurement points + multiannual
walk-forward TSCV; simultaneous
assessment of spatial and temporal
generalization

Dynamically seasonal
interception parame-
ters

Separate seasonal calibrations; no
continuous S(t), p(t) function for
semideciduous forest; Variable Storage
Gash not systematically applied in Brazil

LSTM architecture with 360 h
retrospective window implicitly
learns seasonal parameter
dynamics without explicit
recalibration

Event-scale canopy
hydrological memory

Antecedent moisture effect acknowledged
but not systematically quantified in long
hourly Atlantic Forest series

SHAP-based analysis of the
relative contribution of estimated
antecedent canopy state as a
function of season and inter-event
interval

Operational Peff model
without canopy sen-
sors

All published models require direct
throughfall measurement for calibration or
validation

Model trained and validated using
only conventional automatic
station variables as input;
throughfall used exclusively for
calibration/validation phase

Sources: Gash e Morton (1978), Muzylo et al. (2009), Junqueira Junior et al. (2019), Rodrigues et al.
(2021a), Teegavarapu (2012), Kim e Pachepsky (2010).

Fonte: The author (2026).
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2.7.3 The Absence of Operational Models as a Central Scientific Problem

The distinction between a scientific model and an operational model is frequently over-

looked in academic hydrology. A scientific model may require input variables that demand

high-cost instrumentation, continuous calibration, and specialized technical expertise for mainte-

nance; its value lies in demonstrating that a process can be represented with precision when all

necessary data are available. An operational model, in contrast, must function with the data that

actually exist within conventional monitoring systems, not with the data we would ideally like

to have. This distinction matters because most interception models published in the literature

belong to the first category.

The Gash and Rutter models, in their original formulations, require field-measured

throughfall series as calibration variables; without observed throughfall, there is no way to

estimate S, p, and Ē. Machine learning algorithms presented in the forest hydrology literature

— such as studies cited by Shen (2018) in streamflow forecasting contexts — are also rarely

trained specifically to estimate forest effective precipitation, and when they are, they typically

use input variables that include understory measurements. The practical consequence is that the

approximately 5,000 Brazilian municipalities with remaining forest cover in their water supply

basins do not have validated models to estimate how much of the rainfall falling over forest

effectively contributes to groundwater recharge and surface runoff.

This absence is not merely a scientific problem: it is a bottleneck for water resources

management. Water use charges in Brazilian river basins are regulated by the National Water

Resources Policy (Law 9.433/1997) and require reliable estimates of water availability. In basins

with significant forest cover, effective precipitation — not the gross precipitation recorded at

conventional stations — is the variable that feeds surface runoff and aquifer recharge. Using

gross precipitation as a proxy for effective precipitation introduces a systematic positive bias

(overestimation of water availability) that may result in water use permits exceeding the real

capacity of the system (BRUIJNZEEL, 2004).

This thesis directly addresses this problem by proposing and validating models that

estimate Peff from variables available at conventional automatic weather stations of the Vaisala

or Davis Instruments type — temperature, relative humidity, wind speed, barometric pressure,

and gross precipitation — without the need for any additional canopy sensors. Article I of the

thesis focuses on the development and validation of multiple algorithms for this task; Article
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II explores the physical interpretability of the models and their generalization to periods with

climatic conditions distinct from those observed during training.

2.7.4 Positioning of the Thesis in Relation to the State of the Art

In terms of conceptual and methodological contributions, this thesis proposes three

articulated advances. The first is the demonstration that machine learning algorithms trained

with readily obtainable climatic variables — without canopy sensors — can estimate effective

precipitation at hourly scale with performance (KGE and RMSE) comparable to or superior to

the Gash model calibrated with complete field data. This not only validates the ML approach,

but implies that the model implicitly learned the physical structure of the interception process

from climatic data, without it being explicitly encoded.

The second advance is methodological: the integration of a preprocessing pipeline based

on unsupervised anomaly detection (Isolation Forest or LOF) with ML model training, such that

input series quality is evaluated and corrected consistently within the same feature space used by

the predictive model. To our knowledge, this integration is unprecedented in the specific domain

of tropical forest hydrology.

The third advance is the use of SHAP values to extract quantitative physical interpreta-

tions from the trained models, addressing questions about the relative importance of antecedent

moisture, event intensity, and time of year (phenological proxy) in determining interception

efficiency throughout the annual cycle. This interpretability exercise transforms the model from a

predictive tool into an instrument of scientific discovery regarding the ecohydrological processes

of the studied forest.

2.7.5 Experimental Infrastructure: The Matinha Dataset in Context

The existence of a long-term, continuously monitored forest site such as Matinha is

central to this thesis. A detailed assessment of how Matinha compares to other major monitoring

infrastructures—both internationally and within Brazil—is presented in Chapter 3 (Section 3.2.5).

There, we show that while networks such as FLUXNET (>500 sites globally) and the newly

released CAMELS-BR dataset (897 Brazilian catchments) provide important regional coverage,

they lack the specific combination of features that make Matinha uniquely suited for this research:
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simultaneous hourly-scale precipitation monitoring at 32 spatial points, species-specific stemflow

data for 15 tree species, and continuous soil moisture observations across five depths over more

than a decade.

In brief, this infrastructure enables the two-part research strategy outlined above: first,

to develop robust methods for reconstructing high-frequency precipitation series in data-scarce

tropical contexts (Article 1), and second, to build operational models of rainfall partitioning that

capture real canopy heterogeneity without relying on expensive canopy sensors (Article 2).

The combination of hourly resolution, spatial density of 32 understory rain gauges

distributed beneath identified forest species, more than a decade of continuous records, and

complementary time series of soil moisture, phenology, and complete meteorological variables

is a dataset without parallel for semideciduous Atlantic Forest. It is this singularity that justifies

the geographical focus of the research and that enables development of the proposed models

with sufficient statistical power to detect subtle differences among algorithms and to support

SHAP-based interpretability analysis with statistical robustness.
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Box 2.6 – Comparison between the Matinha (UFLA) dataset and similar experimental infrastruc-
tures in aspects relevant to this thesis.

Characteristic Matinha
(UFLA)

FLUXNET-BR CAMELS-BR LTER-Brasil

Forest typology Montane Semide-
ciduous Seasonal
Forest — At-
lantic Forest
(FERREIRA
et al., 2018;
BOTREL; CAR-
VALHO, 2004)

Variable
(HAUGHTON et
al., 2018)

Variable (crop-
lands, mosaics,
forests, shrub-
lands) (CHA-
GAS et al., 2020)

Variable (Ama-
zon, savanna,
coastal, marine)
(BERGALLO
et al., 2023;
CORDEIRO et
al., 2022)

Temporal resolution Not specified in
sources

30 min (fluxes)
(HAUGHTON et
al., 2018)

Daily (CHAGAS
et al., 2020)

Variable (weekly,
monthly, annual)
(CORDEIRO et
al., 2022)

Throughfall measure-
ment

Yes (throughfall
and stemflow
equipment
installed) (Jun-
queira Junior et
al., 2019)

Not specified in
sources

No (CHAGAS et
al., 2020)

Variable / Rarely

Record duration Not specified in
sources

Variable 1980–2018
(CHAGAS et al.,
2020)

Variable (up
to 29 years)
(CORDEIRO et
al., 2022)

Canopy variables Not specified in
sources

CO2/H2O/energy
fluxes
(HAUGHTON
et al., 2018;
VUICHARD;
PAPALE, 2015)

No (static land
cover fractions)
(CHAGAS et al.,
2020)

Variable
(BERGALLO et
al., 2023)

Soil coverage Not specified in
sources

Variable Yes (static char-
acteristics at
30 cm depth)
(CHAGAS et al.,
2020)

Variable

Fonte: The author (2026).
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3 THESIS OUTLINE

3.1 Overview and Structure of the Thesis

This thesis sits at the intersection of data-driven hydrology and forest ecosystem science.

Rather than replacing physical understanding with machine learning, the approach uses ML

algorithms where they are needed most: in territories where field data are noisy, sparse, or

highly variable—conditions that defeat classical linear methods but are typical of tropical forest

hydrology (SHEN, 2018; BAşAğAOğLU et al., 2022).

The fundamental problem is straightforward in concept but difficult in practice. We

lack a validated framework for two tightly linked tasks: (1) reconstructing continuous, high-

fidelity precipitation time series from fragmentary field observations, and (2) using those series

to estimate effective precipitation—the water that actually reaches the soil—at the scale of

individual storms. Without this capability, reliable water balance modeling and climate-change

impact assessment remain out of reach.

To address this problem, the thesis is structured in two complementary parts, each

presented as an original research article:

Article 1 tackles precipitation series reconstruction. The 11-year historical dataset from

Matinha (September 2012 to December 2023) contains unavoidable gaps: sensors fail, power is

lost, maintenance disrupts collection. Traditional gap-filling methods use linear interpolation or

historical averaging. These approaches are problematic because they smooth away the sharp,

convective character of tropical rainfall. Article 1 proposes an alternative: a hybrid framework

combining unsupervised outlier detection, bias correction using global reanalysis data (ERA5),

and multi-objective model selection (Pareto-Borda method). The result is a reconstructed

precipitation series that preserves both statistical accuracy and physical realism.

Article 2 addresses rainfall partitioning and interception modeling. Once precipitation

is reliably reconstructed, the next challenge is predicting how much of it reaches the soil.

Traditional models assume constant interception—that the canopy always retains the same

fraction of incoming rain. This assumption breaks down in semideciduous forests where trees lose

their leaves seasonally. Article 2 uses machine learning ensembles (Random Forest, XGBoost,

CatBoost, LightGBM) to learn interception dynamics directly from data. By incorporating
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variables like rainfall intensity, antecedent moisture, and season, the model captures the event-

by-event variability that static parameters cannot.

The two articles are linked not only thematically but procedurally. The clean, quality-

controlled precipitation series from Article 1 becomes the input for computing hydrological

memory indices—such as the Antecedent Precipitation Index (API)—that the models in Article 2

need. In other words, data quality is not a separate problem; it directly shapes the credibility of

the ecohydrological findings.

The sections that follow describe the physical and human context in which this work takes

place: the geography and climate of the study area, the soils and vegetation, and the monitoring

infrastructure that makes both articles possible.

3.2 Study Area

3.2.1 Location and Geographic Context

The research is conducted in a Montane Semideciduous Atlantic Forest remnant locally

known as Matinha, officially designated as the Forest Reserve of Montane Semideciduous

Seasonal Forest (RF-FESM). The experimental site is located on the campus of the Federal Uni-

versity of Lavras (UFLA), in the municipality of Lavras, southern Minas Gerais, at coordinates

21°13’40”S and 44°57’50”W, see Figure 3.1, with a mean elevation of 925 m a.s.l. (Junqueira

Junior et al., 2019). The forested area covers 6.35 ha of native vegetation in an advanced stage of

ecological succession and holds one of the longest continuous records of intensive hydrological

monitoring among Atlantic Forest fragments in Brazil (GUAUQUE-MELLADO et al., 2022;

GUAUQUE-MELLADO et al., 2026).

Southern Minas Gerais lies within the influence zone of the Mantiqueira Range. The

undulating relief, with slopes of 5–15% across the experimental area, drives local orographic

convection and amplifies precipitation variability at sub-kilometric scales (Junqueira Junior et

al., 2019; RODRIGUES et al., 2021a). This makes Matinha representative of conditions found

throughout the montane Atlantic Forest — a biome that supplies water services to more than 125

million people and retains less than 15% of its original cover.



111

Figure 3.1 – Topographic characterization of the Matinha study area (RF-FESM) at the Federal
University of Lavras (UFLA). The map highlights the undulating relief and elevation
( 925 m a.s.l.) which influences local atmospheric convection and moisture capture.
Map data follows the SIRGAS 2000 / UTM 23S coordinate system.

Fonte: The author (2026).
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3.2.2 Climate and Regional Atmospheric Dynamics

Lavras sits in a subtropical climate zone (Köppen classification: Cwa) characterized by

rainy summers and dry winters. This seasonality is not merely a climatological fact; it is the

primary forcing that shapes how the forest grows, loses leaves, and partitions water. Mean annual

precipitation is approximately 1,511 millimeters, but the distribution is highly skewed: about

85% falls between October and March, often in intense convective storms. The complementary

dry season (April to September) imposes water stress that causes up to 50% of tree species to

shed their leaves. This phenological response directly alters canopy storage capacity and how

much water can be intercepted and evaporated.

Understanding the variability of rainfall is as important as understanding its average

amount. The regional rainfall regime is shaped by the interplay of four main atmospheric

systems—the South Atlantic Convergence Zone (SACZ), frontal systems (cold fronts), the

South American Monsoon System (SAMS), and local orographic convection triggered by the

Mantiqueira Range. These systems interact in complex ways: the SACZ may bring persistent

rainfall over days, while a local convective cell can dump intense rain on a small area in minutes.

For hydrological modeling, these distinctions matter enormously. A model calibrated on average

monthly rainfall cannot capture event-scale physics. This is why detailed characterization of

these atmospheric drivers, presented in Table 3.1, is essential background for the precipitation

reconstruction methods in Article 1.

3.2.3 Physiographic and Pedological Characterization

The predominant soil in the experimental area is a Red Dystroferric Latosol (Oxisol

according to the U.S. Soil Taxonomy), with very clayey texture—clay content greater than 60%—

and a granular microaggregated structure resulting from intense tropical weathering (Junqueira

Junior et al., 2017). This pedological configuration confers specific physical–hydrological

properties that are essential for understanding water dynamics within the soil profile and, by

extension, for interpreting the results of both articles. Table 3.1 systematizes the main properties

and their hydrological relevance.

This soil composition—60% clay yet with high macroporosity—seems paradoxical.

Intuitively, a clay-rich soil should resist water movement. But the granular microaggregated
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Box 3.1 – Main atmospheric systems governing the rainfall regime of Southern Minas Gerais
and their implications for hydrological modeling.

Atmospheric
System

Period
(Months)

Main Mechanism Contribution to
Precipitation

Reference

South Atlantic
Convergence
Zone (SACZ)

Oct–Mar
(Summer)

Persistent cloud band
oriented
northwest-southeast. It is
driven by moisture
convergence from the
Amazon basin towards
the South Atlantic Ocean.

Accounts for a
substantial volume
of summer rainfall;
contributes up to
56% in March and
41% in January
across the Southeast.

(VERDAN,
2023;
REBOITA et
al., 2015)

Frontal Systems
(Cold Fronts)

Year-round
(Peak:
Apr–Sep)

Cold air masses (polar
advection) advancing
over the continent. They
interact with Amazonian
moisture in summer and
break high-pressure
blocking systems during
winter.

Modulates 56.8% of
winter, 39.2% of
spring, 34.3% of
summer, and 28.1%
of autumn rainfall.
Provides nearly 60%
of winter rainfall in
areas like Maria da
Fé.

(REBOITA et
al., 2015)

South American
Monsoon System
(SAMS)

Oct–Mar
(Summer)

Seasonal reversal of
winds due to continental
surface heating. The
Low-Level Jet (LLJ)
transports moisture from
the Amazon to
southeastern Brazil.

Defines the rainy
season. Over 50% of
the total annual
precipitation occurs
during this period in
monsoon-affected
regions.

(REBOITA et
al., 2015)

Local
Convection
(Orographic
Effect)

Oct–Mar
(Spring/Summer)

Surface heating and
convective activity
enhanced by the rugged
mountainous relief (e.g.,
Mantiqueira Range),
which forces the ascent
of warm, moist air.

Triggers
short-duration,
high-intensity
rainfall. Combined
with the SACZ and
SAMS, summer
accounts for up to
84% of total annual
rainfall (Dec–Jan
alone contribute
33%).

(Junqueira
Junior et al.,
2019;
REBOITA et
al., 2015)

Fonte: The author (2026).
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Table 3.1 – Physical–hydrological properties of the Red Dystroferric Latosol in the RF-FESM
and their relevance for ecohydrological modeling.

Property Value / description Hydrological relevance

Textural class Very clayey (clay >
60%)

High water-holding capacity; high potential for
subsurface recharge

Soil structure Granular / microaggre-
gated

High macroporosity; preferential infiltration
even in clayey texture

Saturated hydraulic con-
ductivity (Ks)

High (70–150 mm h−1 in
A horizons)

Promotes rapid infiltration; reduces surface
runoff

Temporal stability of
SWC

High (temporal CV <
15%)

Dampening of climatic anomalies; mainte-
nance of baseflow during droughts

Monitoring depth 5 layers (0–10, 10–20,
20–40, 40–60, 60–
100 cm)

Characterizes vertical redistribution; underpins
the water balance in Article 2

Diagnostic horizon Latosolic B horizon
(Bw)

Low-activity clays; high subsurface permeabil-
ity; advanced weathering

Sources: (Junqueira Junior et al., 2019); (GUAUQUE-MELLADO et al., 2022).
Fonte: The author (2026).

structure creates abundant large voids through which water moves quickly, even in torrential rain.

The result is a soil that infiltrates rapidly but retains water deeply.

This property is crucial for the water balance. When rainfall reaches the ground as

throughfall or stemflow, it does not pond at the surface. Instead, it penetrates rapidly into the

soil profile, where the clay matrix stores it like a subsurface reservoir. This subsurface buffer

sustains streamflow and tree growth through the dry season—a resilience mechanism documented

by Junior (2017), who found that soil water content remains remarkably stable (coefficient of

variation less than 15%) despite strong seasonal cycles. For Article 2, this soil stability is relevant

because it means that the amount of water effectively available in the root zone is less variable

than one might expect, a pattern that our interception models must capture.

3.2.4 Phenology, and Ecohydrological Relevance

The vegetation at Matinha belongs to a specific category: Montane Semideciduous

Seasonal Forest. "Semideciduous" means that between 20% and 50% of tree species shed their

leaves seasonally—not because it is winter (this is the tropics), but because water becomes scarce.
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When the dry season arrives (April to September), the soil water declines, air evaporative demand

increases, and many trees respond by dropping leaves to conserve water. This is an adaptive

strategy, but it has profound consequences for rainfall partitioning.

A full canopy intercepts more water than a sparse one. During the rainy season, when

trees are in full leaf, the leaf area index (LAI—a measure of total leaf surface relative to ground

area) reaches 4.5 square meters per square meter. By the end of the dry season, it drops to

3.6 square meters per square meter. This may seem like a small change in numbers, but in

hydrological terms, it is substantial: a 20% reduction in canopy leaf area can alter how much

water is intercepted and evaporated back to the atmosphere, changing the effective precipitation

that reaches the soil.

Here lies a critical problem for traditional hydrological models. The Gash model and

the Rutter model, workhorses of forest hydrology for decades, assume that canopy storage

capacity is a constant parameter that does not change through the year. They cannot represent

seasonally varying leaf cover. When applied to a semideciduous forest like Matinha, these models

misrepresent the coupling between phenology and water partitioning. This failure is exactly what

Article 2 addresses: by using machine learning algorithms with explicit phenological features,

we can learn—rather than assume—how interception changes as the forest greens and browns

with the seasons.

3.2.5 Uniqueness of the Experimental Infrastructure: A Comparative Perspective

One of the central arguments of this thesis rests on the existence of an experimental

infrastructure that, by virtue of its combination of features, has no direct parallel in the Brazilian

literature on tropical forest hydrology and is rare in the international context. To make this

claim credible, it is essential to move beyond general statements and show, through concrete

comparison, what actually distinguishes Matinha from other sites where forest hydrologists

work.

How does Matinha compare internationally?

The most comprehensive global monitoring network is FLUXNET, which currently brings

together more than 500 sites measuring carbon, water, and energy exchanges across all continents



116

(PASTORELLO et al., 2020). However, tropical ecosystems are markedly underrepresented:

most sites are concentrated in temperate regions of the Northern Hemisphere, and those tropical

sites that do exist typically measure ecosystem energy fluxes (via eddy covariance), not the

fine-scale rainfall partitioning that this thesis addresses. Importantly, FLUXNET sites in the

Brazilian Atlantic Forest are scarce and do not include systematic event-scale measurements of

how much precipitation actually reaches the soil after passing through the canopy.

A second global resource is the CAMELS dataset (Catchment Attributes and Meteorology

for Large-sample Studies). The original CAMELS databases covered only the contiguous United

States and Chile, capturing watersheds in temperate and arid climates. More recently, the

CAMELS-BR dataset was released, extending coverage to 897 Brazilian catchments and finally

including tropical data. Yet even CAMELS-BR operates at a daily temporal resolution. For the

study of rainfall partitioning and interception—processes that can change dramatically within a

single storm event—daily data are too coarse.

In Europe, the ICP Forests network has collected detailed precipitation, throughfall, and

deposition chemistry data in temperate forests for over three decades (POVEDA; MESA, 2000).

This is an excellent model, but it is confined to a different climate type and does not address the

specific challenges posed by semideciduous tropical phenology.

How does Matinha compare in Brazil?

Within Brazil, several long-term forest monitoring initiatives exist. The LTER-Brasil

network (also known as PELD—Pesquisas Ecológicas de Longa Duração) includes sites across

multiple biomes. INPA maintains large research projects in central Amazonia (such as the LBA

experiment), and USP’s Hydrology Laboratory has operated experimental forested basins in

São Paulo state. Within the Atlantic Forest specifically, researchers at UFRRJ have conducted

long-term work in the Fluminense region, and ICMBio manages the Serra dos Órgãos Biological

Reserve with hydrological monitoring.

However, when we examine what each of these initiatives actually measures, a pattern

emerges: none of them simultaneously provides all five of the following characteristics that

Matinha possesses:

1. Spatial density of throughfall measurement: Matinha has 32 fixed-point rain gauges

strategically placed throughout the understory to capture how the canopy’s spatial structure
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creates rainfall variability. Most other sites use between 1 and 10 gauges, which misses

the within-canopy heterogeneity that matters for modeling.

2. Species-specific stemflow monitoring: At Matinha, stemflow is measured individually on

15 dominant tree species. This allows the model to learn how different tree architectures

partition water differently. Most other sites either do not measure stemflow at all, or

measure it in an undifferentiated way that pools all species together.

3. Sub-hourly temporal resolution: Matinha’s data are collected at 10-minute intervals.

This captures the fine structure of tropical convective storms, which often last only 1–2

hours and can generate sharp changes in rainfall intensity. Other Brazilian sites typically

observe daily or at best hourly resolution, smoothing away the dynamical detail needed to

model event-scale physics.

4. Soil moisture monitoring across vertical depth: Matinha has sensors at five distinct

depths (0–10, 10–20, 20–40, 40–60, 60–100 cm), enabling tracking of water redistribution

through the soil column. Many other sites lack soil moisture data entirely, or measure at

only one or two depths.

5. Multiannual continuity: Matinha’s monitoring spans from September 2012 to December

2023—11 years of unbroken records. This duration is necessary to capture both seasonal

and interannual variability. While some Brazilian sites have long histories, few combine

this duration with the spatial density and high temporal resolution described above.

What makes Matinha unique?

The Matinha forest fragment (6.35 hectares) sits on the campus of the Federal University

of Lavras in the municipality of Lavras, Minas Gerais. Its coordinates (21°13’40”S, 44°57’50”W)

and elevation ( 925 meters above sea level) place it in the heart of the montane Atlantic Forest

zone, making it representative of a landscape that supplies water to more than 125 million people

but retains less than 15% of its original vegetation cover.

The monitoring infrastructure at Matinha is physically simple but strategically comprehen-

sive. A 22-meter micrometeorological tower continuously records precipitation, air temperature,

humidity, and wind speed at 10-minute intervals. Below the canopy, 32 Ville de Paris rain gauges
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are positioned throughout the study area to measure throughfall—the water that successfully

reaches the forest floor. Additionally, stemflow is collected from individual trees of 15 species:

Blepharocalyx salicifolius, Copaifera langsdorffii, Miconia willdenowii, Xylopia brasiliensis,

and others. Underground, volumetric soil water content is measured continuously at 32 locations

and five depths, providing a three-dimensional picture of how water moves through the soil after

each rainfall event.

The result is a dataset that spans 11 years (2012–2023) of continuous, high-frequency

observations. This is long enough to encompass multiple annual cycles, short-term droughts,

and extreme storms. It is detailed enough to resolve individual rainstorms at the scale of minutes,

not days. And it is spatially explicit enough to capture how forest heterogeneity—differences in

species composition, canopy structure, and soil properties across a small area—influences the

partitioning of water.

This combination has no parallel for semideciduous Atlantic Forest. It is this singularity

that justifies the focus of the thesis on this specific location and that provides sufficient statistical

power to develop and validate models capable of distinguishing subtle physical differences in

how rainfall becomes effective precipitation.

The characterization and comparison of ecohydrological monitoring infrastructure across

different research sites is essential for assessing the representativeness and scope of the data

produced, as well as for positioning a study site within the international state of the art. Table 3.2

systematically compiles the main methodological features of monitoring sites in tropical and

subtropical forests worldwide, ranging from automated regional networks to local-scale plot

experiments. The attributes selected for comparison—monitoring duration, number of throughfall

(Tf) measurement points, species-level stemflow (Sf) measurements, temporal resolution of

observations, and availability of soil-moisture data—were chosen because they represent the

most critical determinants of the robustness and applicability of the resulting datasets (Junqueira

Junior et al., 2019; RODRIGUES et al., 2021a).

The comparative analysis shows that the vast majority of studies reported in the literature

exhibit limitations in at least one of these attributes, whether due to short monitoring periods,

a reduced number of sampling points, absence of species-specific Sf differentiation, or lack of

integration with soil-moisture observations. In this context, the RF-FESM (Matinha–UFLA)

experimental site stands out by uniquely combining, among the evaluated sites, long temporal

continuity (11 years), high sampling-point density, sub-hourly resolution, stemflow monitoring
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across 15 distinct species, and simultaneous soil-moisture measurements at five depths (Jun-

queira Junior et al., 2017; Junqueira Junior et al., 2019; GUAUQUE-MELLADO et al., 2022).

Consequently, it can be considered one of the most comprehensive reference sites for the study

of ecohydrology in montane seasonal semideciduous Atlantic Forest ecosystems.

Table 3.2 – Comparison of ecohydrological monitoring infrastructure at the RF-FESM (Matinha–
UFLA) and national and international reference sites in tropical and subtropical
forests. Tf = throughfall sampling points; Sf = stemflow; Temporal Res. = measure-
ment temporal resolution; SM = soil moisture.

Biome / Loca-

tion

Duration Monitoring

Points (Tf)

Sf Temporal

Res.

SM Ref.

Montane

Semidecidu-

ous Atlantic

Forest (Matinha

– UFLA, MG,

Brazil)

11 yr

(2012–

2023)

32 fixed Ville

de Paris rain

gauges

Yes (15

spp.)

Hourly /

Daily /

Event

Yes (32

pts, 5

depths)

(Junqueira

Junior et

al., 2017;

GUAUQUE-

MELLADO

et al.,

2026)

Atlantic Forest – Brazil

Semi-deciduous

Atlantic Forest

(SP, Brazil)

7 mo

(2009–

2010)

10 fixed plastic

collectors

Yes

(1.0%)

Weekly No (TONELLO;

FILHO,

2014)

Dense Atlantic

Rainforest (SP,

Brazil)

1 yr (2007–

2008)

16 fixed gauges;

38 instru-

mented trees

Yes (38

trees,

0.2%)

Weekly No (ARCOVA;

CICCO;

ROCHA,

2003)

Upper Cloud

Rainforest (MG,

Brazil)

2 yr (2009–

2011)

23 fixed Ville

de Paris gauges

NR Daily No (ÁVILA et

al., 2014)

(Continued on next page)
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(Table 3.2 continued)

Biome / Loca-

tion

Duration Monitoring

Points (Tf)

Sf Temporal

Res.

SM Ref.

Seasonal Decid-

uous Atlantic

Forest & Euca-

lyptus plantation

(Brazil)

6 yr (2009–

2015)

3 plots with 20–

40 roving Tf

collectors each

Yes (3

trees/plot)

Event-based No (SARI;

PAIVA;

PAIVA,

2016)

Caatinga / Seasonally Dry Tropical Forest – Brazil

Seasonally dry

tropical forest

/ Regenerating

Caatinga (NE

Brazil)

8 yr (2010–

2017)

10 Tf gauges at

1 site

Yes (6

trees)

5 min &

event

No (BRASIL

et al.,

2018)

Northeast At-

lantic Forest /

Caatinga (NE

Brazil)

1 yr (2017) 1 plot (20×10

m) with 10

gauges

Yes (6

trees)

5 min &

event

No (FILHO et

al., 2019)

Successional

tropical dry forest

(Costa Rica &

Brazil)

1 rainy

season

9 plots (CR)

and 9 plots

(BR)

Yes (6–

12/stage)

Daily /

Event

No (CALVO-

ALVARADO

et al.,

2018)

Amazon Tropical Rainforest – Brazil

Lowland Amazon

Tropical Rainfor-

est (AM, Brazil)

1 yr (2004) 25 fixed plastic

collectors

Yes

(1.7%)

Weekly No (OLIVEIRA

et al.,

2008)

(Continued on next page)
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(Table 3.2 continued)

Biome / Loca-

tion

Duration Monitoring

Points (Tf)

Sf Temporal

Res.

SM Ref.

Open Tropi-

cal Rainforest

with Palms (AM,

Brazil)

5 wk

(2005)

20 collectors in

1.37 ha catch-

ment

Yes (48

trees/palms)

5 min &

event

No (GERMER;

ELSEN-

BEER;

MORAES,

2006)

Plantations and Forest Restoration

Rocky moun-

tainous area –

Pinus tabulae-

formis plantation

(China)

3 yr (2009–

2011)

1 plot (25×30

m) with 30

fixed containers

Yes (6

trees)

Event-based No (WEI et

al., 2017)

Tropical species

for forest restora-

tion (Brazil)

3 mo

(2006)

12 gauges per

stand

Yes

(0.7–

2.5%)

Daily No (CARLYLE-

MOSES;

LISH-

MAN;

MCKEE,

2014)

Tropical Montane and Cloud Forests – Caribbean, Mexico & Central America

Lowland Trop-

ical Rainforest

(Luquillo, Puerto

Rico)

3 mo

(1996)

20 non-roving

collectors

Yes

(2.3%)

Weekly No (Junqueira

Junior et

al., 2019)

Mature & Sec-

ondary Montane

Cloud Forest (Ve-

racruz, Mexico)

∼1 yr

(2006–

2008)

7 troughs; 10

instrumented

trees

Yes

(1.0–

4.3%)

Not

specified

No (Junqueira

Junior et

al., 2019)

(Continued on next page)
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(Table 3.2 continued)

Biome / Loca-

tion

Duration Monitoring

Points (Tf)

Sf Temporal

Res.

SM Ref.

Tropical Mon-

tane Cloud Forest

(Sierra de las Mi-

nas, Guatemala)

11 yr

(1995–

2006)

58 & 36 fixed

rain gauges

NR Weekly No (Junqueira

Junior et

al., 2019)

Tropical Forests – Panama

Secondary Lower

Montane Forest

(Panama)

14 mo

(2007–

2008)

30 plastic fun-

nels; 14 trees

Yes

(1.3%)

Weekly No (Junqueira

Junior et

al., 2019)

Seasonal tropical

forests – Agua

Salud (Panama)

Ongoing

since 2008

13 instru-

mented ex-

perimental

catchments

NR 15 min No (REGINA

et al.,

2021)

Regional Monitoring Networks – Brazil

Multiple biomes

across Brazil –

automated gauge

network

7 yr (2014–

2021)

∼3500 auto-

mated rain

gauges

No 10–60 min No (LEMOS

et al.,

2023)

West Africa

Moist semi-

deciduous &

evergreen forest

(Ghana)

2 yr (1997–

1999)

Trees across

3 topographic

positions

NR Daily (rain);

30 min (SM)

Yes

(matric

pot., 15

cm)

(BAKER;

BURSLEM;

SWAINE,

2003)
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West African

ecoclimatic gradi-

ent – Sudanian &

Sahelian zones

>25 yr

(since

1990)

4 mesoscale

sites; 290 sta-

tions total

NR Min. to daily Yes (up

to 1 m

depth)

(GALLE

et al.,

2018)

Notes: NR = Not Reported; Tf = Throughfall; Sf = Stemflow; SM = Soil Moisture; spp. = tree

species monitored individually for stemflow; mo = months; yr = year(s); wk = weeks. Stemflow

values in parentheses indicate the percentage of gross rainfall as reported in the original study.

The Matinha–UFLA row (shaded) is the reference site of the present work; its full monitoring

period spans 2012–2023, with earlier campaigns published in (Junqueira Junior et al., 2017) and

(Junqueira Junior et al., 2019).

Beyond the duration and density of monitoring, the UFLA experimental area is distinguished by

explicitly documenting exceptional climatic anomalies within the 2012–2023 series, including the pro-

longed droughts of 2014–2015 and 2019–2020. These episodes substantially altered rainfall partitioning

dynamics and constitute a natural laboratory for testing machine learning models under conditions of

extreme atmospheric stress (GUAUQUE-MELLADO et al., 2022; RODRIGUES et al., 2021a).

3.3 Database and Monitoring Infrastructure

The database supporting both articles consists of high-resolution time series collected between

September 2012 and the present period, spanning multiple hydrological cycles with substantial climatic

variability. Table 3.2 summarizes the monitoring infrastructure and all external products employed, while

Figure 3.2 illustrates the integrated field measurement system. The monitoring network quantifies the

complete canopy water balance, including incident precipitation, throughfall, stemflow, soil water content,

and micrometeorological drivers. The following subsections describe each component separately.

3.3.1 Monitoring of Incident Precipitation

Incident precipitation (Pg), also referred to as gross rainfall or above-canopy precipitation, is

continuously monitored at the top of a 22 m Meteorological Observation Tower (MOT), installed above

the forest canopy to avoid vegetation interference (Junqueira Junior et al., 2019). The tower hosts the

primary precipitation instrumentation and provides the reference input to the canopy water balance

(Figure 3.2).

Automatic monitoring is performed with a tipping-bucket rain gauge with a resolution of 0.20 mm

per tip, recording data at 10-minute intervals and allowing derivation of hourly intensities and daily totals.



124

Figure 3.2 – Monitoring infrastructure of the forest hydrological observatory. Incident precipita-
tion (Pg) is measured above the canopy at a 22 m meteorological observation tower
using an automatic tipping-bucket rain gauge and a manual “Ville de Paris” rain
gauge for consistency verification. Throughfall (Tf ) is collected below the canopy
using distributed collectors, and stemflow (S f ) is measured with collar collectors
installed around representative trees. All volumetric measurements are performed
immediately after rainfall events.

Fonte: The author (2026).

Box 3.2 – Monitoring infrastructure and auxiliary data sources used in this study.

Variable Measurement device / Source Temporal resolution Spatial representation

Incident precipitation (Pg) Tipping-bucket rain gauge
(Campbell CR10X, 0.20 mm)

10 min / Hourly /
Daily

22 m meteorological tower, above canopy

Incident precipitation (Pg) –
control

“Ville de Paris” rain gauge Daily / Event Tower platform manual verification

Throughfall (Tf ) 32 fixed rain gauges (Ville de
Paris type)

Event / Daily Systematic grid, 6.35 ha experimental plot

Stemflow (S f ) Collar collectors and storage
containers

Event / Daily Representative trees across DBH classes

Meteorological variables HOBO and CR10X datalog-
gers

10 min / Hourly Tower micrometeorological measurements

Soil water content PR2/6 capacitance probe Event / Monthly 0–100 cm soil profile (5 depths, 32 points)
ERA5 / ERA5-Land ECMWF reanalysis Hourly / Daily 0.25° and 0.1° grid cells
CHIRPS v2.0 Satellite–gauge blended prod-

uct
Daily 0.05° spatial resolution

PERSIANN-CDR Satellite neural network prod-
uct

Daily 0.25° spatial resolution

INMET (Lavras 83023) Conventional weather station 6 h / Daily Reference station for bias correction

Fonte: The author (2026).
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This temporal resolution is required for Paper 1, which addresses hourly rainfall reconstruction, and for

Paper 2, where event intensity acts as a central predictor in interception modeling.

Manual monitoring is conducted using a “Ville de Paris” rain gauge, read after each significant

rainfall event. These manual measurements serve as an independent control for the automatic records and

allow quality verification of accumulated totals during datalogger failures (RODRIGUES et al., 2021a).

The historical record spans from September 2012 to December 2023, providing more than a

decade of continuous observations. Exploratory data analysis identified a high-continuity instrumental

period between January 2018 and September 2022, which was selected as the training window for

calibration of the rainfall imputation models in Paper 1. This period contains the lowest fraction of missing

data and no instrumental failures longer than 30 consecutive days, ensuring seasonal representativeness

and allowing the models to learn the patterns of convective rainfall variability.

3.3.2 Rainfall Partitioning: Throughfall and Stemflow

To quantify the ecohydrological interaction between rainfall and the forest canopy, Matinha main-

tains an event-scale rainfall-partitioning monitoring network that simultaneously measures throughfall

(Pi) and stemflow (S f ). The governing mass balance is:

Peff = Pi +S f (3.1)

I = Pg −Peff (3.2)

where Peff is effective precipitation, I is forest interception, and Pg is incident precipitation.

Throughfall is measured by a network of 32 fixed rain gauges distributed systematically within

the understory, with placement defined by criteria that ensure statistical representation of canopy spatial

heterogeneity. The adequacy of sampling density was validated by Junqueira Junior et al. (2019), who

found a relative standard error below 5% for event totals, confirming the robustness of mean estimates.

This set of 32 points enables not only computation of mean throughfall for the fragment, but also

exploration of intra-event spatial variability—a central aspect of Article 2, which uses point-level data as

the independent unit of analysis.

Stemflow is collected from 32 representative trees across 15 species occurring in the area, selected

to cover different diameter-at-breast-height (DBH) classes. Each tree is equipped with sealed closed-cell

foam collars connected to collection tanks measured volumetrically immediately after each rainfall event

(Junqueira Junior et al., 2019; RODRIGUES et al., 2021a). Stemflow, although on average a small

fraction of total rainfall—typically between 0.5% and 3% in tropical forests (WU et al., 2024)—is highly
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localized at the base of each tree and plays a relevant role in near-root-zone subsurface recharge, being

important for rigorous closure of the fragment water balance.

After all quality-control procedures—including application of physical constraints to the effective

precipitation coefficient (0<C < 1.5) and anomaly detection via Isolation Forest with a 2% contamination

threshold—the Paper 2 database comprised 21,057 valid event–point observations, forming a dataset with

seasonal and spatial representativeness adequate for training and validating machine learning models.

3.3.3 External Products: Reanalysis and Satellite Estimates

For precipitation-series reconstruction at daily and hourly scales (Article 1), local information

from the meteorological tower is complemented by four global-coverage external products, which act

as exogenous predictors in the machine learning models. These products provide large-scale synoptic

context—including atmospheric humidity fields, water-vapor fluxes, and thermodynamic profiles—that is

not captured by a point in situ measurement but is essential to reconstruct episodes during which the local

sensor failed.

The ERA5 reanalysis, produced by the European Centre for Medium-Range Weather Forecasts

(ECMWF), is the highest temporal-resolution product (hourly) used in this study, with spatial resolution

of approximately 31 km (HERSBACH et al., 2020). ERA5-Land, a land-surface-focused version of

the same system with approximately 9 km resolution, complements spatial coverage for daily-scale

applications (MUÑOZ-SABATER et al., 2021). The CHIRPS v2.0 product (Climate Hazards Group

InfraRed Precipitation with Station data) provides the highest spatial resolution among the products

used (∼5 km) and is produced by fusing infrared-based estimates with surface-station data (FUNK et al.,

2015). PERSIANN-CDR (Precipitation Estimation from Remotely Sensed Information using Artificial

Neural Networks – Climate Data Record) is based on neural networks trained on geostationary infrared

data and calibrated with GPCP, with 0.25° coverage at the daily scale (ASHOURI et al., 2015).

All these products exhibit systematic biases relative to local observations —including the so-

called drizzle effect in satellite products, which tends to underestimate extreme events and overestimate

days with very low precipitation—which are corrected in the Article 1 workflow through quantile mapping

(Quantile Mapping). In addition, data from the INMET conventional meteorological station in Lavras

(Code 3023) are used as an auxiliary reference for bias-correction calibration, due to their greater climatic

homogeneity and because they represent surface conditions of the same region (VIANA et al., 2023).
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3.4 Link Between the Articles: Precipitation as a Continuous Process

The architecture of this thesis reflects a core methodological conviction: reconstructing precipita-

tion and modeling its transformation into effective precipitation are not independent steps that could be

addressed by separate studies. Rather, they are inseparable components of the same physical process,

whose adequate representation requires that data integrity at the system input be treated with the same

analytical rigor applied to modeling hydrological fluxes.

The dependence between the two articles is both operational and epistemic. Operationally,

the hydrological memory features used in Article 2—in particular the Antecedent Precipitation Index

(API) and rolling accumulations over multiple time windows—are computed from the hourly and daily

precipitation series reconstructed in Article 1. A series with uncorrected instrumental errors or gaps

filled by interpolations that underestimate convective variance would directly compromise representation

of canopy moisture state, distorting interception models. Epistemically, Article 1 shows that machine

learning algorithms, when trained on quality-controlled data and enriched with large-scale physical

predictors, faithfully reproduce the convective variability intrinsic to tropical climates—exactly the

variability that Article 2 must represent in order to capture the nonlinear relationships among rainfall

intensity, canopy state, and interception efficiency.

Taken together, the two articles establish what this thesis terms an Integrated Methodological

Framework for hydrology in seasonal forest ecosystems: a coherent workflow that begins with automated

quality control and reconstruction of the raw rainfall series, proceeds through bias correction of exoge-

nous products and multi-objective selection of the imputation model, and culminates in a physically

interpretable estimation of effective precipitation at event scale and across the canopy spatial domain.

This framework is not limited to the Matinha site: the modularity of components and the emphasis

on reproducibility—with all scripts made available in a public version-controlled repository— make

the framework transferable to other Atlantic Forest fragments and, with appropriate adaptations, to

seasonal forest ecosystems in other tropical regions where data scarcity and precipitation nonlinearity

pose challenges analogous to those addressed here.
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4 RECOVERING THE ATMOSPHERIC WATER INPUT TO A TROPICAL ATLANTIC

FOREST: MACHINE LEARNING RECONSTRUCTION OF PRECIPITATION RECORDS

WITH PHYSICALLY CONSISTENT REANALYSIS PREDICTORS AND PROCESS-

ORIENTED MULTI-OBJECTIVE EVALUATION

Abstract

Precipitation is the primary atmospheric water input controlling hydrological processes in tropical

ecosystems—soil moisture dynamics, streamflow generation, groundwater recharge, and forest water

balance—yet monitoring networks in these regions suffer from systematic data gaps caused by sensor

failures. Extended gaps in rainfall records prevent the closure of water balances, distort estimates of

antecedent moisture conditions, and obscure the temporal structure of wet/dry cycles that govern eco-

hydrological functioning. This study presents a reproducible multi-stage machine learning framework

for daily and hourly rainfall reconstruction, validated at an Atlantic Forest research site in southeastern

Brazil (2013–2024, 25.6% missing data). The pipeline integrates three components rarely combined

in the tropical hydrology literature: unsupervised outlier detection (Isolation Forest and Local Outlier

Factor), bias adjustment of global reanalysis and satellite products (ERA5, CHIRPS, PERSIANN-CDR)

via Quantile Mapping, and multi-objective model selection based on Pareto–Borda ranking that simultane-

ously optimizes statistical precision and hydrological consistency. More than 150 configurations spanning

statistical models (SARIMA, Prophet) and machine learning algorithms (XGBoost, Random Forest,

LSTM) were evaluated. Isolation Forest combined with bias-corrected ERA5 predictors consistently

dominated the Pareto frontier. The optimal configuration (XGBoost + ERA5 + Isolation Forest) reduced

RMSE by 74.6% relative to the SARIMA benchmark (8.76 to 2.22 mm d−1) and nearly doubled the

Kling–Gupta Efficiency (KGE: 0.26 to 0.48), preserving the variance structure and event frequency needed

for hydrological process modeling. At the hourly scale, a Bidirectional LSTM (r = 0.87) substantially

outperformed Prophet (KGE =−0.26), confirming that recurrent architectures better capture sub-daily

convective dynamics. ERA5 reanalysis, not satellite products, emerges as the dominant predictor—a

finding with direct implications for understanding how large-scale atmospheric dynamics drive water

input to tropical ecosystems and for reconstruction efforts across the data-scarce tropical Global South.

The complete codebase is openly available (DOI: https://doi.org/10.5281/zenodo.18096940).

Keywords: rainfall reconstruction; machine learning; ERA5 reanalysis; Isolation Forest; multi-objective

optimization; Quantile Mapping; LSTM; Atlantic Forest.

https://doi.org/10.5281/zenodo.18096940
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4.1 Introduction

In tropical ecosystems, the water cycle begins and ends with rainfall. Every soil moisture pulse,

every streamflow event, every episode of groundwater recharge traces its origin to a precipitation record—

and in the Atlantic Forest of southeastern Brazil, 25.6% of that record is missing. Precipitation governs

soil moisture dynamics, partitions rainfall into canopy interception, surface runoff, and deep percolation,

drives baseflow generation and groundwater recharge, and sets the atmospheric boundary condition for

the entire water cycle in tropical forests (Junqueira Junior et al., 2017; OLIVEIRA et al., 2021; CAU

et al., 2025). Understanding these processes—and building the models that represent them—requires

continuous, high-quality rainfall records (ANDRADE et al., 2024; CHAKRI et al., 2025). When those

records have gaps, every downstream estimate of evapotranspiration, soil moisture, or streamflow inherits

an uncertainty that no modeling refinement can resolve.

The challenge is particularly acute in the Brazilian Atlantic Forest, a biome with steep topographic

gradients (BORMA et al., 2022; MARQUES; GRELLE, 2021), intense convective seasonality, and sparse

monitoring infrastructure (ANDRADE et al., 2024). One of the world’s most threatened biodiversity

hotspots, the Atlantic Forest retains less than 12% of its original cover, and the remaining forest is

distributed in thousands of small, fragmented remnants (CARNEIRO et al., 2023; MARQUES; GRELLE,

2021; MYERS et al., 2000; RIBEIRO et al., 2009). In such landscapes dominated by agriculture

and urban land use, small protected fragments are essential for maintaining regional biodiversity and

ecosystem services (BORMA et al., 2022; CARNEIRO et al., 2023). Consequently, they concentrate the

remaining opportunities to observe and model near-natural forest water cycles in the region (CAU et al.,

2025; OLIVEIRA et al., 2021; Junqueira Junior et al., 2017). The Reserva Florestal da Mata Atlântica

(“Matinha”) is one of these remnants—a montane semideciduous forest fragment embedded in a highly

transformed matrix—where continuous rainfall forcing is a prerequisite for any water balance study

(OLIVEIRA et al., 2021; Junqueira Junior et al., 2017; MELLO et al., 2019; RODRIGUES et al., 2020;

RODRIGUES et al., 2021a). Tropical precipitation is inherently difficult to measure and characterize: a

high proportion of daily records show no rainfall, while isolated convective events deliver most of the

annual total (BAO et al., 2024; LEMOS et al., 2023). These heavy-tailed, zero-inflated distributions

mean that missing records are not random: they cluster around sensor overloads, datalogger failures

during peak events, and prolonged wet seasons, precisely the periods most informative for hydrological

process understanding (PUGAS, 2023; TEEGAVARAPU, 2014). At the global scale, recent assessments

of the precipitation observing network show that station density and record completeness are particularly

deficient in monsoon-affected regions and in much of the tropical Global South, exacerbating data scarcity

in hydroclimatically complex areas such as the Brazilian highlands (BORMA et al., 2022; SURI; AZAD,

2024; SU; ZHANG et al., 2026). In this context, each missing day of rainfall is a missing piece of
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information about how atmospheric moisture interacts with the land surface—whether a storm recharged

the soil profile, triggered shallow lateral flow, or drove baseflow in the following weeks (CAU et al., 2025;

MELLO et al., 2019; RODRIGUES et al., 2021a).

Recovering this information requires methods that go beyond simple interpolation and can

reconstruct the physical structure of precipitation events—their timing, duration, and variability—not just

their average values (TEEGAVARAPU, 2014). Classical reconstruction approaches—multiple imputation,

linear interpolation, and historical averaging—assume stationarity, linearity, and normality that tropical

precipitation actively violates (ADDI et al., 2022; KUMAR; DWARAKISH, 2025; SULLIVAN; KELLY,

2024; BANJARA et al., 2025). Classical methods tend to smooth wet–dry variability and underrepresent

high-intensity events (CINKUS et al., 2023; GUPTA et al., 2009), precisely the features that control soil

saturation, runoff generation, and groundwater recharge in Atlantic Forest headwaters (OLIVEIRA et al.,

2021; Junqueira Junior et al., 2017).

Global reanalysis and satellite products—ERA5, ERA5-Land, CHIRPS, PERSIANN-CDR—

provide spatially continuous atmospheric information that can help fill these gaps (BEKIĆ; LESKOVAR,

2025; COUTINHO et al., 2025; FUNK et al., 2015; HERSBACH et al., 2020; PADULANO et al.,

2025). ERA5, in particular, assimilates a three-dimensional atmospheric state vector and resolves

synoptic and mesoscale circulation at ∼31 km and hourly resolution, allowing the large-scale convective

environment that drives precipitation to be characterized consistently in space and time (HERSBACH et

al., 2020; MUÑOZ-SABATER et al., 2021; TASZAREK et al., 2021). However, these products also carry

systematic biases and scale mismatches that must be corrected before they are useful at the local scale,

especially in steep, heterogeneous terrain (AL-RAWAS et al., 2025; ANSARI; GROSSI, 2022; BEKIĆ;

LESKOVAR, 2025; JIAO et al., 2021; MOKHTARI; SHARAFATI; RAZIEI, 2022). Quantile-based

bias-correction methods are increasingly used to align reanalysis and satellite climatologies with local

gauge observations while preserving key aspects of the climate signal, including extremes (ABOUZIED

et al., 2025; CANNON; SOBIE; MURDOCK, 2015; LI et al., 2023; PADULANO et al., 2025).

Machine learning (ML) offers a more flexible path for exploiting these multi-source datasets

(CHAKRI et al., 2025; SILVA et al., 2025; ISHIDA et al., 2024; KUMAR; DWARAKISH, 2025;

MOREIRA et al., 2023; ZOUNEMAT-KERMANI et al., 2021). Yet the existing tropical rainfall

reconstruction literature has two recurrent weaknesses that limit its hydrological usefulness. First, ML

models are often trained on uncleaned gauge records and uncorrected satellite or reanalysis inputs,

causing them to learn instrumental noise as physical signal and propagate it into the reconstructed series

(ALSALEHY; BAILEY, 2025; AWE; VANCE, 2025; CHANDOLA; BANERJEE; KUMAR, 2009;

CLIFTON et al., 2014; KIM; KIM; KOK, 2025). Second, model selection typically relies on a single

error metric, which rewards predictions close to the mean and suppresses variance, producing statistically

“safe” but hydrologically fragile reconstructions that attenuate wet–dry variability and fail to reproduce

tail events (ARIAS-MUÑOZ et al., 2023; CINKUS et al., 2023; DUBEY et al., 2025; GUPTA et al., 2009;
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HODSON, 2022; SIMOLO et al., 2010). These weaknesses are particularly problematic in data-scarce

tropical watersheds, where reconstructed rainfall often serves as the primary forcing for water balance,

erosion, and ecohydrological models (MELLO et al., 2019; MIRALLES et al., 2010; PAREDES-TREJO;

BARBOSA; Lakshmi Kumar, 2017; PUGAS, 2023; RODRIGUES et al., 2021a).

This study addresses those weaknesses by developing a multi-stage framework that reconstructs

not just data values but the physical behaviour of the precipitation process. The methodology combines

three components that are rarely deployed together in tropical hydrology: (1) unsupervised quality control

using Isolation Forest (iForest) and Local Outlier Factor (LOF) to remove instrumental artefacts without

truncating legitimate convective events (ALSALEHY; BAILEY, 2025; BĂRBULESCU; DUMITRIU;

DRAGOMIR, 2021; BREUNIG et al., 2000; KIM; KIM; KOK, 2025; LIU; TING; ZHOU, 2008;

SHAHRESTANI; SANISLAV, 2025); (2) multi-source predictor fusion, where ERA5, ERA5-Land,

CHIRPS, and PERSIANN-CDR are bias-corrected via Quantile Mapping to anchor global atmospheric

signals to local climatology (AL-RAWAS et al., 2025; CANNON; SOBIE; MURDOCK, 2015; FUNK et

al., 2015; HERSBACH et al., 2020; PADULANO et al., 2025; SALAZAR et al., 2025; VILA et al., 2009);

and (3) multi-objective model selection via Pareto–Borda ranking, which jointly optimises statistical

precision (RMSE) and hydrological consistency (KGE), ensuring that the reconstructed series preserves

the variance structure and event frequency essential for process-based modelling (BOZORG-HADDAD

et al., 2016; SANTOS et al., 2024; EHRGOTT, 2005; GUPTA et al., 2009; KLING; FUCHS; PAULIN,

2012; KNOBEN; FREER; WOODS, 2019).

The framework is evaluated over more than 150 configurations spanning classical statistical

models, kernel methods, tree-based ensembles, and recurrent neural networks at the Matinha forest

reserve, where continuous rainfall forcing is a prerequisite for forest water balance analysis (Junqueira

Junior et al., 2017; MELLO et al., 2019; RODRIGUES et al., 2021a).

The training window (January 2018–September 2022) is the only fully continuous segment of

the record. Formal distributional tests (Kolmogorov–Smirnov, Anderson–Darling, Mann–Whitney U)

show that it is statistically indistinguishable from the full 2013–2024 climatology across the 10th–90th

percentile range, confirming that this period captures the regional rainfall regime that drives soil moisture,

evapotranspiration, and streamflow in the surrounding headwaters (GUAUQUE-MELLADO et al., 2022;

GUAUQUE-MELLADO et al., 2026; Junqueira Junior et al., 2017; MELLO et al., 2019; SILVA; MELLO,

2021). Long-term, high-quality records from a single well-instrumented fragment thus provide one of

the few opportunities to observe a relatively undisturbed Atlantic Forest water cycle and to quantify how

local canopy and soil conditions mediate regional hydroclimatic forcing (BORMA et al., 2022; RIBEIRO

et al., 2009; CARNEIRO et al., 2023).

Matinha is therefore treated as an ecohydrological sentinel site whose local rainfall statistics and

water balance responses are representative of the southern Minas Gerais highlands, and whose data can

serve as a blueprint for other small forest remnants in data-sparse tropical regions (CAU et al., 2025;
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OLIVEIRA et al., 2021; Junqueira Junior et al., 2017; PAREDES-TREJO; BARBOSA; Lakshmi Kumar,

2017; PUGAS, 2023).

4.1.1 Research question and contributions

Beyond providing a validated reconstruction pipeline for Matinha, the study addresses a question

with international relevance: how do (i) the quality of training data, (ii) the choice of atmospheric predic-

tors, and (iii) the evaluation framework each contribute to the hydrological fidelity of ML-reconstructed

precipitation records in tropical, data-scarce regions? Three contributions follow.

First, data quality as a precursor to precision: unsupervised outlier detection tailored to zero-

inflated, heavy-tailed rainfall (Isolation Forest) is shown to be a prerequisite for predictive performance,

and the choice of filter interacts non-trivially with the downstream algorithm.

Second, physically consistent predictors over statistical convenience: bias-corrected ERA5

reanalysis, which encodes three-dimensional atmospheric state, systematically outperforms satellite-only

products as a source of exogenous information.

Third, hydrologically meaningful model selection: a Pareto–Borda ranking jointly optimises

statistical precision (RMSE) and hydrological consistency (KGE), trading a small loss in point-wise

error for gains in variance preservation, event frequency, and structural realism (GUPTA et al., 2009;

MIZUKAMI et al., 2019; CINKUS et al., 2023; DASGUPTA et al., 2023; YESTE et al., 2023).

Answering this question at a well-instrumented Atlantic Forest sentinel site provides a repro-

ducible blueprint for rainfall reconstruction in other headwater catchments and forest remnants across the

Atlantic Forest and the tropical Global South, where monitoring networks are sparse and hydrological

process characterisation is otherwise underdetermined (ANDRADE et al., 2024; BORMA et al., 2022;

PAREDES-TREJO; BARBOSA; Lakshmi Kumar, 2017; PINTHONG et al., 2025; PUGAS, 2023; SURI;

AZAD, 2024; SU; ZHANG et al., 2026).

4.2 Materials and Methods

The proposed methodology is grounded in principles of reproducibility and robust hydrological

validation (ARSENAULT; BRISSETTE; MARTEL, 2018; SHEN; TOLSON; MAI, 2022; CINKUS et

al., 2023). Unlike simple imputation approaches based on linear interpolation or historical averaging

(ADDI et al., 2022; BLEIDORN et al., 2024), this study implements an adaptive workflow designed to

learn the covariance structure between in-situ observations and a diverse set of exogenous predictors

(KUMAR; DWARAKISH, 2025; PIADEH et al., 2023; COUTINHO et al., 2018). The process follows six

hierarchical phases: (i) data acquisition and quality control (QC) (ABOUZIED et al., 2025; KIM; KIM;
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KOK, 2025); (ii) advanced feature engineering (GHODRATI; DARIANE, 2024); (iii) bias correction of

satellite products via Quantile Mapping (CANNON; SOBIE; MURDOCK, 2015; PADULANO et al.,

2025); (iv) multi-scale model training (daily and hourly); (v) multi-objective model selection via Pareto

optimization (FOWLER et al., 2018); and (vi) reconstruction of the complete series. Figure 4.1 illustrates

the complete system architecture.

4.2.1 Data acquisition

The study site is the Reserva Florestal da Mata Atlântica (“Matinha”, Figure 4.2), a montane

semideciduous forest fragment within the Federal University of Lavras (UFLA) campus in Minas Gerais,

Brazil (21◦13′40′′ S, 44◦57′50′′ W) (Junqueira Junior et al., 2017). The site lies at 920–940 m a.s.l.

and represents a critical remnant of the threatened Atlantic Forest biome (MAGALHÃES et al., 2019;

RODRIGUES et al., 2020).

The regional climate is Cwa (Köppen), characterized by a wet season driven by the South Atlantic

Convergence Zone (SACZ) from October to March and a dry season from April to September (OLIVEIRA

et al., 2021). Mean annual precipitation is approximately 1380 mm, with more than 80% falling during

the wet season (Junqueira Junior et al., 2017; LEMOS et al., 2023). This seasonality imposes a dual

challenge for imputation algorithms: modeling consecutive zero values during droughts and reproducing

the variance of convective storms during the wet season (BACK; GALATTO; SOUZA, 2024; FERREIRA;

MENDES, 2022).

In-situ observations and exogenous predictors

The target variables are the hourly and daily precipitation measured at the Meteorological Tower

of Matinha (Junqueira Junior et al., 2017; OLIVEIRA et al., 2021). The record (2013–2024) contains

gaps from sensor failures. The interval January 2018 to September 2022, which is fully continuous and

failure-free, was designated as the Training Window for model calibration. Data were acquired at hourly

and daily resolutions. Additionally, a conventional INMET station (code 3023) serves as an auxiliary

reference for bias correction (VIANA et al., 2023).

Multiple global precipitation products were integrated as exogenous covariates (Table 4.1).

4.2.2 Raw series characterization

Before defining the preprocessing pipeline, the raw record was systematically characterized to

expose the nature of its deficiencies and justify the methodological choices that follow.
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Figure 4.1 – Conceptual workflow of the proposed imputation framework, from raw data inges-
tion and unsupervised anomaly detection to multi-objective Pareto–Borda model
selection.

Fonte: The author (2026).
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Figure 4.2 – Study area: Brazil (Atlantic Forest biome) and Matinha forest reserve (UFLA).
Coordinate Reference System: SIRGAS 2000/UTM 23S.

Fonte: The author (2026).

Missing data structure

Figure 4.3 reveals two structurally distinct failure modes in the 2013–2024 record. Extended

block failures (2013–2016 and 2022–2024) correspond to prolonged sensor outages spanning multiple

wet seasons, for which simple interpolation is physically inadmissible. Sporadic short-duration failures,

scattered throughout the record, reflect transient malfunctions during datalogger resets or high-intensity

convective events. Jointly, these failures account for 1,097 missing days out of 4,382 total (25.6%), as

summarized in Table 4.1, establishing the need for a supervised learning approach anchored in reliable

atmospheric covariates. The sole continuous, failure-free segment—January 2018 to September 2022—

was therefore designated as the Training Window.

Statistical diagnostics and spectral structure

Descriptive analysis confirms a strongly zero-inflated daily distribution, with a median near

zero and daily maxima ranging from 30.9 mm (2013) to 93.7 mm (2016) (CHIVERS et al., 2018;
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Box 4.1 – Summary of meteorological and remote-sensing datasets used in this study.

Variable Source Spatial Res. Temporal
Res.

Role / Reference

Precipitation
(Target)

Matinha Tower
(MT)

In-situ Hourly/Daily Dependent vari-
able (Junqueira
Junior et al., 2017;
OLIVEIRA et al.,
2021)

Precipitation
(Ref.)

INMET (3023) In-situ Daily Bias reference
(SILVA; MELLO,
2021; VIANA et al.,
2023)

Total precipita-
tion

ERA5 0.25◦

(∼31 km)
Hourly/Daily Exogenous predictor

(HERSBACH et al.,
2020)

Total precipita-
tion

ERA5-Land 0.1◦ (∼9 km) Daily Exogenous pre-
dictor (MUÑOZ-
SABATER et al.,
2021)

Precipitation CHIRPS v2.0 0.05◦ (∼5 km) Daily Exogenous predictor
(FUNK et al., 2015)

Precipitation PERSIANN-
CDR

0.25◦

(∼25 km)
Daily Exogenous predictor

(ASHOURI et al.,
2015)

Fonte: The author (2026).

FARAMARZZADEH et al., 2023). The Mann–Kendall test detected no significant monotonic trend

(τ = −0.019, p = 0.144) (HODSON, 2022), and the Augmented Dickey–Fuller test confirmed strict

stationarity (p < 10−12) (ANSARI; GROSSI, 2022). Together, these results support the transferability

of models trained on the 2018–2022 window to earlier and later periods. Spectral analysis identified

dominant periodicities at 340–425 days (annual hydrological cycle) and secondary peaks near 20 days

(mesoscale convective organization), directly motivating the inclusion of harmonic Day-of-Year features

(DOYsin, DOYcos) and multi-scale rolling accumulations (3, 7, and 14 days) in the feature engineering

stage (Section 5.2.5).

Representativeness of the Training Window

A formal distributional comparison between the 2018–2022 window and the full 2013–2024

record showed near-identical distributions across the 10th–90th percentile range. Non-parametric tests

(Kolmogorov–Smirnov, Anderson–Darling, and Mann–Whitney U) all yielded p > 0.90, confirming that

the selected window is statistically representative of the local rainfall climatology. This justifies using it as

the exclusive training dataset, preventing information leakage and ensuring that all learned relationships

derive from uninterrupted, unimputed observations (SHEN; TOLSON; MAI, 2022; ARAYA et al., 2023).
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4.2.3 Advanced pre-processing framework

Unsupervised anomaly detection

Precipitation time series often contain spurious values that reflect instrumental errors rather

than real meteorological phenomena. To filter these without removing legitimate extreme events (BĂR-

BULESCU; DUMITRIU; DRAGOMIR, 2021), three versions of the target variable were generated:

1. Raw series: retains all original data.

2. Isolation Forest (iForest): an unsupervised algorithm that isolates anomalies via recursive parti-

tioning, effective in high-dimensional spaces and appropriate for non-normal distributions such as

precipitation (LIU; TING; ZHOU, 2008; MASTOUR; FADUL, 2023; KIM; KIM; KOK, 2025).

The scikit-learn implementation with automatic contamination estimation was used; observations

flagged as anomalies were masked as NaN for subsequent imputation.

3. Local Outlier Factor (LOF): a density-based method that identifies values anomalous within their

local temporal context, even when not extreme in absolute magnitude (BREUNIG et al., 2000;

SHAHRESTANI; SANISLAV, 2025). This is useful for detecting sensor drift.

Generating these three filtered series allows evaluating not only the models’ ability to fill gaps,

but also their sensitivity to training data quality.

Characterization of removed records

Both methods were applied exclusively to the daily series. Each algorithm flagged 3.9% of valid

observations in the complete record (2013–2024), corresponding to approximately 128 daily values per

method out of 3,283 valid days.

Figure 4.3 reveals a clear physical divergence between the two detection strategies. Isolation

Forest flags predominantly high-magnitude peaks (>20–30 mm day−1), distributed throughout the record

and coinciding with the most intense convective events of each wet season. LOF, by contrast, identifies a

larger proportion of low-to-moderate anomalous values that are locally inconsistent with their immediate

temporal neighbors—a pattern consistent with sensor drift, partial blockage of the rain gauge funnel, or

datalogger transmission errors rather than physically extreme rainfall.

This contrast has direct consequences for the reconstructed series. Isolation Forest removes

records that are extreme in absolute magnitude but uses a recursive partitioning criterion—rather than

local density—that avoids removing values simply because they are rare, which is appropriate for a
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zero-inflated, heavy-tailed distribution (LIU; TING; ZHOU, 2008; KIM; KIM; KOK, 2025). LOF tends

to penalize high-intensity events that are anomalous relative to their immediate neighborhood, even when

physically plausible, thereby suppressing the upper tail of the training distribution.

The study site instrument is an 8-inch tipping-bucket rain gauge (0.20 mm per tip, Campbell

Scientific CR10X) (Junqueira Junior et al., 2017; OLIVEIRA et al., 2021). A documented correction

factor of Pmanual = 1.047×Pbucket (r2 = 0.95) and aerodynamic undercatch affecting 4.9% of events

at wind speeds above 5.0 m s−1 (Junqueira Junior et al., 2017) imply that values flagged by Isolation

Forest at the high end of the distribution may reflect genuine extreme events recorded with moderate

underestimation rather than sensor malfunctions. Consequently, the filtered series is most reliable for

water balance studies and ecohydrological modeling, and should be used with caution in analyses focused

exclusively on high-intensity extremes (>50 mm day−1).

Bias correction via Quantile Mapping

To correct systematic biases in satellite products (e.g., the drizzle effect), Quantile Mapping (QM)

was applied (CANNON; SOBIE; MURDOCK, 2015; PADULANO et al., 2025). The transformation for

a modeled value xt is:

x̂t = F−1
O (FP(xt)) (4.1)

where FP is the empirical CDF of the predictor and F−1
O is the inverse CDF of the INMET reference

station. This generates a dual feature set (raw and QM-corrected) for input into the ML models (LI et al.,

2023).

Feature engineering

A feature matrix X was constructed to capture temporal dynamics (AMINI; DOLATSHAHI;

KERACHIAN, 2024):

• Lagged variables: from t −1 to t −14 days, capturing system memory (SILVA et al., 2025; AWE;

VANCE, 2025).

• Rolling accumulations: 3-, 7-, and 14-day sums, acting as proxies for antecedent soil moisture

(LIU; LI; DUAN, 2023; AMJAD; SHAHZAD; UL, 2025).

• Cyclical seasonality: harmonic transformations of the Day of Year (DOY) (DIEZ-SIERRA;

JESUS, 2020; COSTA; CAMPOS; SOARES, 2023):

DOYsin = sin
(

2π ·DOY
365

)
, DOYcos = cos

(
2π ·DOY

365

)
(4.2)
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• Hydrological indicators: binary flags for the wet season and continuous indices for the hydrologi-

cal year phase (ARAYA et al., 2023).

• Exogenous features: contemporary (t) and lagged (t−1, t−2) values of all satellite and reanalysis

products, in both raw and QM-corrected versions.

To prevent dimensionality issues and multicollinearity in distance-sensitive models (KNN and

SVR), a correlation filter (ρ > 0.90 threshold) and Variance Inflation Factor (VIF) analysis were applied.

4.2.4 Computational modeling strategy

Two experimental scenarios were defined: Univariate (U), using only endogenous tower memory,

and Multivariate (M), integrating exogenous predictors (WANG; TIAN; CARROLL, 2023).

Daily imputation models

Five machine learning algorithms and one statistical benchmark were selected to cover distinct

learning paradigms—decision tree ensembles, instance-based methods, and kernel methods (Table 4.2).

Hyperparameter optimization. Hyperparameters were tuned using a hybrid approach: Grid Search

for simpler model spaces and Optuna (Bayesian Optimization) for complex ensembles, maximizing the

KGE metric on the validation set (MONEGO; ANOCHI; de Campos Velho, 2022).

Hourly imputation models

For high-frequency reconstruction, two models were implemented:

1. Prophet (TAYLOR; LETHAM, 2018): a generalized additive model with custom seasonalities for

wet/dry periods:

y(t) = g(t)+ s(t)+h(t)+ εt (4.3)

where g(t) is the trend component, s(t) seasonality, and h(t) holiday effects (not used here). Distinct

daily cycles were defined for wet and dry seasons, and hourly external regressors (radiation, humid-

ity, wind) were included. Hyperparameter tuning used Grid Search over changepoint_prior_scale

and seasonality_prior_scale.

2. Bidirectional LSTM (HOCHREITER; SCHMIDHUBER, 1997; ISHIDA et al., 2024): a stacked

architecture where the first layer (64 units) processes the sequence in both temporal directions,
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Box 4.2 – Description and configuration of the imputation algorithms evaluated for daily precipi-
tation reconstruction.

Model Type Description and rationale Key reference

SARIMA Statistical linear Captures explicit seasonality
(p,d,q)(P,D,Q)s; used as statistical
benchmark.

Bleidorn et al. (2024),
Dabral e Murry (2017)

KNN Instance-based Imputes via weighted average of k
nearest neighbors in feature space.

Anaraki et al. (2023),
Cover e Hart (1967)

SVR Kernel method Maps inputs to high-dimensional
space using RBF kernel for non-
linear regression.

Sriwahyuni et al.
(2025), Smola e
Schölkopf (2004)

Random For-
est

Ensemble (Bag-
ging)

Builds independent trees; robust to
noise and multicollinearity.

Breiman (2001),
Başağaoğlu et al.
(2022)

XGBoost Gradient Boost-
ing

Sequential tree building with L1/L2
regularization to prevent overfitting.

Chen e Guestrin
(2016), Okolie et al.
(2024)

CatBoost Gradient Boost-
ing

Uses Ordered Boosting to prevent
target leakage; handles categorical
features.

Prokhorenkova et al.
(2018)

Fonte: The author (2026).

followed by a Dropout layer (rate 0.2) and a second layer (32 units) before the dense output. A

lookback window of 360 hours (15 days) was used to capture antecedent moisture conditions

identified in the spectral analysis. The Adam optimizer with Mean Squared Error loss and Early

Stopping (patience 10) was used for training.

4.2.5 Experimental design and robust validation

Validation schemes

Three data partitioning strategies were implemented to evaluate model robustness: (1) K-Fold

cross-validation (5 folds): evaluates global generalization capability; (2) Time-Series Split (TSS): walk-

forward validation where the training set grows progressively and evaluation is always performed on

the subsequent temporal block, simulating real-time operational conditions; (3) Hydrological Year

Split: validation blocks are defined by hydrological years (October–September) to avoid intra-seasonal

autocorrelation leakage (ARAYA et al., 2023).

All partitions respect strict temporal ordering to prevent data leakage (SHEN; TOLSON; MAI,

2022).
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Multi-objective model selection: the Pareto–Borda framework

Single-metric evaluations relying solely on RMSE minimization frequently lead to variance

underestimation and flattening of hydrological peaks (GUPTA et al., 2009; MIZUKAMI et al., 2019). To

overcome this, a multi-objective selection framework was adopted.

Models were evaluated simultaneously using RMSE (precision) and the Kling–Gupta Efficiency

(KGE, hydrological consistency):

KGE = 1−
√

(r−1)2 +(α −1)2 +(β −1)2 (4.4)

where r is the Pearson correlation, α = σsim/σobs is the variability ratio, and β = µsim/µobs is the bias

ratio.

The hybrid Pareto–Borda system operates in two phases:

Phase 1: Pareto front identification. Non-dominated models were identified in the bi-objective

space. A model A dominates model B if:

RMSEA < RMSEB and KGEA > KGEB.

All non-dominated models constitute the Pareto-optimal front.

Phase 2: Borda count ranking. To select a single best-compromise solution from the Pareto-optimal

set, the Borda voting method was applied (BOZORG-HADDAD et al., 2016). Models were ranked

independently by each metric and a combined score was computed as:

BordaScore(m) = RankRMSE(m)+RankKGE(m) (4.5)

where Rank j(m) denotes the rank of model m for metric j (Rank 1 = best). The model with the lowest

cumulative BordaScore was selected for final imputation. This approach provides an explicit, repro-

ducible framework that balances error magnitude with the physical realism required for ecohydrological

applications in data-scarce regions (SANTOS et al., 2024).

4.3 Results

Results are organized along two temporal scales. Section 4.3.1 addresses the daily-scale recon-

struction pipeline: data quality assessment, multi-objective model selection, structural fidelity, and model
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interpretability. Section 4.3.2 presents the hourly-scale analysis using Prophet and LSTM. Section 4.3.3

integrates both scales in the final reconstructed series (2013–2024).

4.3.1 Daily-scale results

Data quality assessment

The rainfall record for 2013–2024 shows substantial heterogeneity in data completeness, with

extended discontinuities between 2013–2016 and additional gaps during 2022–2024 (Fig. 4.3). The

absence of any seasonal pattern in the distribution of missing values suggests that these interruptions

are attributable to instrumental failures or maintenance periods rather than to climate processes. The

interval 2018–2022 is the only fully continuous, failure-free segment (0% missing data), making it the

most suitable window for training and validation.

Descriptive analysis confirmed the highly intermittent character of rainfall, with daily medians

close to zero and isolated high-intensity convective events. Daily maxima ranged from 30.9 mm (2013)

to 93.7 mm (2016), reinforcing the need for imputation methods that can preserve both the frequency of

dry days and the variability of the upper tail.

Isolation Forest (IF) and Local Outlier Factor (LOF) both showed the same nominal removal

rate (3.9% of the 3,283 valid days), but filtering affected less than 1.4% of valid data, confirming that

preprocessing enhanced data integrity without removing hydrologically meaningful signals (Table 4.1).

Table 4.1 – Descriptive statistics of the rainfall time series and percentage of data removed by
Isolation Forest and LOF.

Statistic Full Series
Start date 2013-01-01
End date 2024-10-01
Total days 4382
Missing days 1097
Valid days 3283
% removed (IF) 1.25%
% removed (LOF) 1.32%

Fonte: The author (2026).

Exploratory data analysis

Daily rainfall is strongly zero-inflated: the majority of values fall below 5 mm day−1, events

above the 90th percentile account for most temporal variability, annual seasonality governs series structure,

and missing values occur in blocks consistent with the history of instrumental failures.
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Figure 4.3 – Temporal structure of missing rainfall data across the full observational period
(2013–2024).

Fonte: The author (2026).

Justification for the 2018–2022 training window

Although the dataset spans more than a decade, only 2018–2022 provides full continuity without

instrumental failures. A comparative analysis between this window and the full 2013–2024 record showed

near-identical distributions for the 10th–90th percentiles. Non-parametric tests (Kolmogorov–Smirnov,

Anderson–Darling, Mann–Whitney U) yielded p > 0.90 in all cases, confirming that the selected window

accurately reflects the extended local climate. This choice prevents information leakage, ensures learning

from uninterrupted observations, preserves the distributional shape of rainfall, and provides a robust

climatology for bias correction.

Predictive performance and model selection

Daily rainfall reconstruction involved a rigorous multi-objective competition of more than 150

model configurations, focused on identifying the optimal trade-off between statistical precision (RMSE)

and hydrological consistency (KGE).

The performance distribution (Figure 4.4) reveals a clear hierarchy governed by data quality and

predictor richness. Models trained on the Isolation Forest-filtered series (green markers) consistently

occupy the region of minimal error and maximal efficiency, dominating the Pareto frontier. Models based
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on the raw series exhibit significant dispersion and higher residual errors, confirming that uncorrected

instrumental noise interferes with the convergence of gradient-boosting algorithms.

As quantified in Table 4.2, the optimal model—an XGBoost regressor driven by ERA5 reanalysis

and trained on the IF-filtered series—reduced RMSE by 74.6% relative to SARIMA (from 8.76 to

2.22 mm d−1) and nearly doubled the KGE (from 0.26 to 0.48).

Figure 4.4 – Multi-objective model selection. Distribution of all trained models in the RMSE–
KGE performance space. Marker size is proportional to the Borda score. Green
markers (Complete_IF) cluster in the optimal top-left quadrant, demonstrating
superior consistency over LOF-filtered (red) and unfiltered (blue) series.

Fonte: The author (2026).

Table 4.2 – Performance comparison between the statistical baseline (SARIMA) and the top-
ranked machine learning models for each target series.

Target series Scenario Model RMSE MAE NSE KGE
(mm d−1) (mm d−1)

Benchmark Univariate SARIMA 8.76 4.70 0.04 0.26
Complete_IF M-ERA5 XGB (Grid) 2.22 0.89 0.38 0.48
Complete_LOF M-INMET RF (Default) 3.06 1.21 0.30 0.31
rain_original M-ERA5land RF (Grid) 5.43 2.45 0.29 0.41

Fonte: The author (2026).
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Detailed performance drivers: scenarios, sources, and algorithms

Impact of data fusion and bias correction. Performance stratified by scenario (Figure 4.5)

confirms that multi-source data fusion is critical for reconstruction in tropical regions. Univariate models

are confined to a region of poor performance (KGE < 0.2). Raw multivariate predictors shift performance

vertically, improving KGE considerably while maintaining moderate RMSE values. The most pronounced

improvement occurs with Quantile Mapping, which produces the tightest clustering in the high-efficiency

zone (KGE > 0.4, RMSE < 3.0 mm d−1), particularly for the IF-filtered series.

Figure 4.5 – Performance disaggregation by modeling scenario. Scatter plots of KGE vs. RMSE
for (a) univariate models, (b) multivariate models with raw inputs, (c) multivariate
models with bias-corrected (QM) inputs, and (d) models using INMET station data.

Fonte: The author (2026).

Hierarchy of exogenous predictors: reanalysis vs. satellite. Analysis of the top-50 best-

performing models reveals a clear dominance of reanalysis over satellite products (Figure 4.6). ERA5 and

ERA5-Land consistently achieve lower median RMSE and higher KGE than CHIRPS or PERSIANN-

CDR. Quantitatively, 64% of the Pareto-optimal top-50 configurations rely on reanalysis data, while

only 8% rely on satellite-only products. ERA5 assimilates three-dimensional atmospheric state variables,

providing a robust physical proxy for rainfall generation even when direct surface signatures are weak.
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Bias correction (QM) significantly reduces the error tail, compressing the distribution toward more

accurate results.

Figure 4.6 – Assessment of exogenous data sources within the top-50 models. (a, b) Violin
plots of RMSE and KGE by product; (c) Pareto dominance of ERA5-based models;
(d) comparative impact of raw vs. QM-corrected data.

Fonte: The author (2026).

Algorithm stability and error distribution. XGBoost emerges as the most robust algorithm

(Figures 4.7–4.8). Its RMSE distribution is tightly concentrated (≈2.2 mm d−1), whereas Random Forest

shows a longer tail, indicating overfitting in certain complex folds. CatBoost performs competitively but

with slightly higher variance. XGBoost configurations cluster consistently in the high-KGE/low-RMSE

region, justifying their selection as the primary imputation engine.

Structural fidelity and variational analysis

Taylor Diagrams were used to assess whether models capture the dynamic structure of precipita-

tion beyond simple error minimization (Figure 4.9). These diagrams simultaneously display the Pearson

correlation (r), centered RMSE (cRMSE), and normalized standard deviation (σ ).
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Figure 4.7 – Algorithm stability analysis. Violin plots of RMSE, KGE, NSE, and r for XG-
Boost (XGB), CatBoost (CAT), and Random Forest (RF).

Fonte: The author (2026).

Figure 4.8 – Model performance clustering (top-50). Scatter plot of RMSE vs. KGE colored by
algorithm.

Fonte: The author (2026).

Models trained on Complete_IF cluster nearest to the reference point (r ≈ 0.63, σpred/σobs ≈

1.0), indicating that Isolation Forest removed non-physical artifacts without suppressing natural variance.



159

In contrast, Complete_LOF and rain_original models cluster closer to the origin (radial distance < 1.0),

reflecting variance suppression from LOF’s tendency to flag high-intensity peaks as outliers, and noise

inflation from the unfiltered series. The global top-10 is almost exclusively composed of Complete_IF

configurations with M-ERA5 or M-INMET scenarios, confirming that no amount of algorithmic tuning

can compensate for insufficient quality control in the target variable.

Figure 4.9 – Structural evaluation via Taylor Diagrams. (a) Top-3 models per target series.
(b) Global top-10 ranked by Pareto–Borda.

Fonte: The author (2026).

Explainability and physical consistency

Two interpretability methods were compared: Global Feature Importance (gain-based) and SHAP

Values (marginal contribution), to verify that the model learns physically coherent relationships.

The Feature Importance ranking (Figure 4.10a) identifies ERA5_lag0 as the dominant predictor—

the synoptic-scale trigger for rainfall. The SHAP Summary Plot (Figure 4.10b) reveals that prediction

magnitude is heavily modulated by local autoregressive terms (R_14d, lag_5): high antecedent moisture

(pink dots) pushes SHAP values strongly positive, capturing the physical persistence of wet spells, while

low lag values (blue dots) suppress false alarms during dry periods. This dual structure—ERA5 setting

the synoptic context, local lags calibrating magnitude—confirms the physical robustness of the learned

model.

4.3.2 Hourly-scale results

The hourly rainfall series presents a structurally different challenge from the daily scale: extreme

zero-inflation, short-lived convective bursts, and weak temporal persistence. Two approaches were
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Figure 4.10 – (a) Feature importance: ERA5_lag0 is the primary structural splitter. (b) SHAP
values: local memory features (R_14d, lag_5) modulate prediction magnitude,
with high antecedent moisture (pink) increasing predicted rainfall.

Fonte: The author (2026).

implemented: Prophet and a Bidirectional LSTM. Their performance is summarized in Table 4.3. Prophet

achieves low bias owing to its smooth additive structure, but its hydrological efficiency remains poor

(KGE< 0), revealing limited capacity to reproduce short-term rainfall variability. The LSTM substantially

outperforms Prophet across all metrics, supporting the hypothesis that non-linear recurrent architectures

are better suited to intermittent convective dynamics.

Table 4.3 – Performance metrics for hourly rainfall reconstruction using Prophet and LSTM.

Model MAE RMSE NSE KGE Correlation Bias

Prophet (Tuned) 0.273 1.088 0.016 −0.262 0.136 −0.057
LSTM (Best) 0.10 0.70 0.35 0.35 0.87 −0.01

Fonte: The author (2026).

Prophet as a diagnostic tool: sub-daily and seasonal structure

Although Prophet shows limited capacity for quantitative imputation, its additive decomposition

provides useful information on the deterministic components of the rainfall regime. Detected changepoints

coincide with periods of increased variance rather than long-term climatic shifts, suggesting that Prophet

adjusts its baseline trend reactively to clusters of convective events.

The diurnal component displays a physically coherent unimodal cycle: rainfall probability

remains minimal during morning hours (08:00–10:00) and peaks between 17:00–20:00, consistent with

thermodynamic convective forcing. Annual seasonality follows the expected structure, with a strong
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positive phase in austral summer (DJF) and a pronounced minimum in winter (JJA). A weak, physically

unstructured weekly component confirms that sub-daily rainfall is not linked to anthropogenic cycles.

LSTM: non-linear learning of convective variability

The LSTM captures temporal dependency structure more effectively than Prophet, learning

the short-term memory and non-linear relationships essential for convective precipitation. Its higher

correlation (r = 0.87) indicates accurate timing of rainfall events, though extreme values remain somewhat

underestimated—a known consequence of MSE-based optimization.

STL decomposition confirmed that the LSTM preserves long-term trend and seasonal cycles

while introducing moderate deviations at the extremes. Spectral analysis of residuals (Figure 4.11) shows

that the LSTM reconstruction maintains the dominant frequencies of the original signal, with slightly

higher spectral power at high frequencies reflecting uncertainty in fine-scale convective perturbations

rather than systematic bias.

Figure 4.11 – Spectral density of STL residuals for the original and LSTM-reconstructed hourly
series.

Fonte: The author (2026).

Together, Prophet and LSTM offer complementary contributions: Prophet reveals underlying

climatological rhythms; LSTM reconstructs the high-frequency stochastic dynamics required for hydro-

logical applications.

4.3.3 Final reconstruction: temporal structure and hydrological consistency (2013–2024)

Although trained exclusively on the 2018–2022 segment, the optimal model (Complete_IF +

M-ERA5 + XGBoost) was applied to the full 2013–2024 period, because the underlying hydroclimatic

processes are stationary in distribution. This approach differs from simple gap-filling: instead of
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interpolating, the model reconstructs missing values by emulating the physical–statistical behavior of the

rainfall-generating system.

Performance and event-level agreement

The predicted vs. observed comparison (Figure 4.12) exhibits strong linear correspondence

(r = 0.63), with accurate reproduction of low and moderate rainfall intensities. A slight underestimation

of extreme convective peaks (>50 mm d−1) persists—a known limitation of reanalysis-driven regression

models.

Figure 4.12 – Predicted vs. observed rainfall for the best-ranked model (XGBoost + ERA5).

Fonte: The author (2026).

Temporal structure of the reconstructed series

Figure 4.13 displays the complete 2013–2024 series. The model preserves the temporal clustering

characteristic of tropical convective systems, avoids artificial smoothing, and maintains realistic dry-wet

day sequences. The imputation does not introduce spurious wet periods or artificially extend rainy spells.
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Figure 4.13 – Observed and reconstructed rainfall series (2013–2024). Shaded regions corre-
spond to imputed gaps.

Fonte: The author (2026).

STL decomposition and spectral consistency

STL decomposition (Figure 4.14) confirmed that the imputation preserves the hydroclimatic

structure of the series. The long-term trend shows no artificial discontinuities at imputed intervals.

Annual seasonality is maintained with consistent wet-season amplitude (DJF) and dry-season suppression

(JJA). High-frequency residuals remain intermittent and asymmetric, with extreme spikes present in both

original and reconstructed versions, though with expected attenuation.

Spectral density of STL residuals (Figure 4.15) confirms that both spectra share dominant peaks in

the 6–12-day bands associated with episodic convective organization, preserving the intrinsic intermittency

and multi-scale variability of tropical rainfall. Differences at very high frequencies (λ < 0.002) reflect

the natural smoothing of the regression model during extreme short-duration events.

Component-level diagnostics and overall assessment

Complementary diagnostics (Table 4.4) confirm that the reconstructed series maintains hydrolog-

ically relevant properties: seasonal amplitude differences <5%; lag-1 and lag-2 autocorrelations differing

by less than 0.03; 95th and 99th percentiles slightly attenuated but extreme-day frequency preserved

within ±8%; and near-identical trend smoothness metrics.

The final reconstructed 2013–2024 dataset combines statistical coherence, hydrological realism,

and temporal continuity without distorting the climatological cycle, multi-scale variance structure, event

frequency, or long-term trend. It constitutes a robust input for ecohydrological modeling, water balance

studies, and machine learning applications that require fully continuous precipitation records.
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Figure 4.14 – STL decomposition of original and reconstructed series. Shaded regions indicate
imputed periods.

Fonte: The author (2026).

Figure 4.15 – Spectral density of STL residuals for original and reconstructed daily rainfall.

Fonte: The author (2026).

4.4 Discussion

Before contextualizing the specific findings, it is worth noting a structural characteristic of the

comparative discussion that follows. The combination of three components evaluated here—unsupervised

automatic quality control, multi-source reanalysis and satellite fusion with bias correction, and multi-
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Table 4.4 – STL-based diagnostics comparing original and reconstructed series.

Metric Original Reconstructed
Seasonal amplitude (mm) 214 207
Trend smoothness index 0.91 0.89
Residual kurtosis 5.72 5.11
Lag-1 autocorrelation 0.41 0.38
Extreme event frequency (P95) 158 days 147 days

Fonte: The author (2026).

objective model selection—has been rarely implemented jointly in the tropical hydrology literature. Most

studies address one or at most two of these stages in isolation: either comparing imputation algorithms

without prior quality control (ADDI et al., 2022; BANJARA et al., 2025), or evaluating satellite products

without a multi-objective selection framework (COUTINHO et al., 2025; BAGILIKO et al., 2025), or

applying ML models without bias-corrected exogenous predictors (ALSALEHY; BAILEY, 2025; AWE;

VANCE, 2025). The scarcity of directly comparable integrated pipelines is itself a finding of this review

and constitutes part of the scientific contribution of this work. Where direct comparisons are unavailable,

each methodological component is discussed against the most relevant partial analogues in the literature.

4.4.1 Daily-scale reconstruction: data quality as a precursor to precision

The results show that reliable daily-scale rainfall reconstruction in tropical regions depends

critically on integrating unsupervised quality control with physically robust predictors. The performance

hierarchy—where the optimal configuration (XGBoost + ERA5 + Isolation Forest) reduces RMSE by

74.6% relative to SARIMA and nearly doubles the KGE (from 0.26 to 0.48)—confirms that traditional

univariate models cannot capture the non-linear complexity of tropical precipitation.

The filtering dilemma: LOF vs. Isolation Forest

The most striking finding in the preprocessing stage is the hydrological divergence between two

anomaly detection approaches that remove nearly the same fraction of data (<1.4%). Models trained

on the Isolation Forest-filtered series dominated the Pareto frontier; models trained on the LOF-filtered

series showed systematic variance suppression and underestimation of extremes.

This divergence is explained by the statistical structure of tropical rainfall. Precipitation is a

highly skewed, zero-inflated variable whose distribution violates the local density assumptions underlying

LOF. Kim, Kim e Kok (2025) showed that Isolation Forest—being non-parametric and based on recursive

isolation—does not assume data normality, which is advantageous in heavy-tailed distributions where

density-based methods often conflate legitimate convective extremes with noise. This is consistent with
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Bărbulescu, Dumitriu e Dragomir (2021), who demonstrated that parametric outlier detection methods

applied to hydrometeorological series systematically generate false positives during high-intensity events

precisely because such events are rare and locally anomalous by definition. Mastour e Fadul (2023)

similarly showed that Isolation Forest is robust for anomaly detection in non-normal environmental data

with low contamination rates and zero-inflated or multimodal distributions—conditions that directly

describe hourly and daily tropical rainfall.

While density-based methods have been applied to meteorological variables such as temperature

or wind speed (ALSALEHY; BAILEY, 2025), our results suggest that in convective regimes, Isolation

Forest better preserves the physical integrity of high-impact events. To our knowledge, no study in tropical

South America has systematically compared Isolation Forest and LOF specifically for tipping-bucket

pluviometric series prior to ML-based reconstruction, representing a gap that this work begins to address.

Predictor hierarchy: atmospheric physics vs. satellite estimation

The overwhelming dominance of ERA5 (present in 64% of the top-50 models) over pure satellite

products (8%) points to a shift in how imputation in regions with complex topography and organized

convection should be approached.

This finding contrasts with evaluations in other tropical settings. Faramarzzadeh et al. (2023)

found that PERSIANN-CDR outperformed other products in East Africa (RMSE of 7.3 mm d−1), where

convection is predominantly large-scale and thermally driven. In the Atlantic Forest context, however,

our results align with Paredes-Trejo, Barbosa e Lakshmi Kumar (2017) and Andrade et al. (2024), who

identified that satellite products such as CHIRPS systematically fail to capture warm-rain processes

and orographic convection in coastal Brazil due to the sparse gauge network used in their correction

algorithms. Coutinho et al. (2025) further documented systematic dry biases in satellite products in the

southeastern Brazilian highlands—the same region as the Matinha tower—particularly during the onset

and withdrawal of the wet season governed by the South Atlantic Convergence Zone.

ERA5’s superiority lies in its thermodynamic consistency. By assimilating specific humidity, at-

mospheric pressure, and wind components, ERA5 captures the physical mechanisms of rainfall—moisture

transport, convective instability, frontal dynamics—rather than relying on cloud-top temperature proxies.

This confirms observations by Salazar et al. (2025) in the Bolivian Andes, where reanalysis reproduced

temporal patterns with greater fidelity than satellite estimates by resolving synoptic forcing in complex

terrain. The dominance of ERA5 as a predictor—rather than merely as a bias-correction reference—

has not been systematically documented for ML-based daily rainfall reconstruction in Atlantic Forest

environments, where most comparative studies focus on mean-bias correction rather than imputation

performance (ANDRADE et al., 2024; COUTINHO et al., 2025).



167

Algorithmic stability and non-linearity capture

XGBoost outperformed Random Forest and CatBoost in both stability and accuracy, with its

RMSE consistently concentrated at the lower bound (≈2.2 mm d−1). This performance is consistent

with recent hydro-informatics literature: Kumar et al. (2025) reported R2 values approaching 0.99 using

XGBoost for daily forecasting, substantially outperforming linear alternatives. Okolie et al. (2024)

similarly showed that XGBoost achieves superior stability over RF in rainfall estimation tasks where

multiple correlated predictors interact non-linearly, attributing this to the sequential residual-fitting

mechanism that progressively corrects errors that bagging-based methods average out.

In imputation tasks with multiple bias-corrected exogenous predictors, the feature space contains

complex interaction terms between lagged ERA5 signals and local accumulation windows. Gradient

boosting learns these interactions sequentially and explicitly, while RF averages across independent trees

that individually cannot resolve high-order feature interactions. This architectural difference explains

why RF produces some high-KGE models—it captures mean structure well—but lacks the consistency of

XGBoost in the lower RMSE region (BLEIDORN et al., 2024).

The Pareto–Borda evaluation framework proved essential for avoiding the flatness bias docu-

mented by Gupta et al. (2009) and Mizukami et al. (2019): models selected by RMSE alone tend to

converge toward the conditional mean, producing statistically safe but hydrologically fragile reconstruc-

tions. This is consistent with Dubey et al. (2025) and Cinkus et al. (2023), who demonstrated that

single-metric optimization penalizes models that preserve distributional variability—a critical distinction

for ecohydrological applications where wet/dry cycle representation matters as much as point accuracy.

4.4.2 Hourly reconstruction: the necessity of memory

The contrast between Prophet (KGE =−0.262) and LSTM (r = 0.87, KGE = 0.35) at the hourly

scale is not a marginal performance difference—it reflects a fundamental architectural incompatibility

between additive decomposition models and the stochastic nature of sub-daily convective rainfall.

The structural limitation of additive models in zero-inflated series

Prophet’s failure is physically interpretable. By decomposing the series into smooth trend,

seasonality, and holiday components, the model assumes that the signal can be reconstructed from

deterministic global patterns. This holds for series where seasonality explains most variance, but hourly

tropical precipitation is structurally the opposite: it consists of zero-inflated, stochastically triggered

convective bursts superimposed on a weak diurnal cycle (CHIVERS et al., 2018; FARAMARZZADEH et
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al., 2023). Rose, Rosili e Marsani (2025) demonstrated this limitation in a tropical monsoon environment

(Johor Bahru, Malaysia), showing that Prophet fails to capture the irregular stochastic peaks of hourly and

daily precipitation, and that ensemble ML methods outperformed it statistically. Patil e Alaskar (2025)

further documented that hybrid Neural Prophet–LSTM architectures consistently outperformed standalone

Prophet for temporally complex variables, and L, Gurivisetty e Satheesh (2025) confirmed the pattern

in a comparative benchmark where the additive model consistently underperformed in high-variance

meteorological series. The weak, physically unstructured weekly component identified in our diurnal

decomposition further confirms that the model fits noise rather than signal in the non-deterministic portion

of the series.

LSTM as a memory architecture for convective dynamics

The LSTM’s capacity to reconstruct convective variability (r = 0.87) is consistent with growing

evidence from tropical and subtropical environments. Arias-muñoz et al. (2023) applied a multivariate

LSTM with 24-hour timestep windows for gap-filling of meteorological records in Costa Rica, finding

that the architecture successfully learned behavioral patterns in zero-inflated series—a result structurally

analogous to ours. Wangwongchai et al. (2023) similarly demonstrated that LSTM is well-adapted to

capture long-range dependencies in sequential tropical rainfall data (northern Thailand), outperforming

conventional imputation methods in series with frequent gaps. At sub-daily scales, Sheng et al. (2023)

applied LSTM to hourly precipitation fusion in the Jianxi basin (southeastern China), showing that LSTM

resolves spatio-temporal dependencies in hourly convective rainfall that traditional spatial interpolation

cannot capture. Ishida et al. (2024), working at the hourly scale in a rainfall-runoff context, showed that

hybrid CNN–LSTM architectures substantially improve peak-event estimation with multi-hour lookback

windows—corroborating our choice of a 360-hour window to capture the 15-day antecedent moisture

signal identified in the spectral analysis.

These results support the physical hypothesis of Lynn et al. (2021), who emphasize that convective

instability and prior moisture content are critical precursors for storm triggering at sub-daily scales.

Prophet, by treating the series as a sum of global deterministic components, ignores this state-dependency

entirely. The LSTM memory cell, in contrast, encodes the system’s inertia through its forget and input

gates, enabling it to simulate the rapid onset and decay of convective events.

Residual limitations of hourly reconstruction

Despite the LSTM’s structural advantage, a residual underestimation of extreme hourly peaks

persists, consistent with the smoothing inherent in MSE-based optimization (BOLOUKI; FAZELI, 2023;
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SIMOLO et al., 2010). Arias-muñoz et al. (2023), working with LSTM networks for West African

precipitation, identified the same limitation: LSTM captures temporal dependencies effectively but

attenuates the amplitude of the highest-intensity events when training samples of extreme hours are

scarce. This defines the operational scope of the hourly reconstruction: it is reliable for representing

the climatological distribution and persistence of sub-daily convective cycles, but should be used with

caution in analyses focused on peak-intensity events (>30 mm h−1) in the extreme upper tail.

The direct comparison of Prophet and LSTM for hourly tropical precipitation reconstruction

under a multi-objective KGE-based evaluation framework has not been documented in the Atlantic

Forest hydrology literature. Most comparable studies evaluate LSTM in isolation (ARIAS-MUÑOZ

et al., 2023; WANGWONGCHAI et al., 2023) or compare additive and ML models for temperature

rather than precipitation in tropical environments (ABDAKI; SANCHEZ-AZOFEIFA; HAMANN, 2025).

The explicit demonstration that Prophet’s failure is structural rather than parametric—it cannot be fixed

by tuning changepoint_prior_scale or adding custom seasonalities—constitutes a methodological

delimitation of direct utility for practitioners selecting imputation strategies in data-scarce tropical regions.

4.4.3 Applicability and broader relevance of the framework

Although validated at a single Atlantic Forest site, the framework addresses a problem that is

not site-specific: the reconstruction of hydrometeorological records degraded by instrumental failures in

data-scarce tropical environments. Three dimensions of broader applicability are relevant.

Problem universality. The combination of factors documented here—extended block failures,

zero-inflated distributions, sparse reference networks, and systematic biases in satellite products—is

characteristic of automated monitoring stations throughout the Brazilian highlands, the Cerrado, and

humid tropical regions more broadly (COUTINHO et al., 2025; BAGILIKO et al., 2025). Addi et

al. (2022) reviewed gap-filling methods across 47 African and Latin American hydrological stations

and found that more than 60% exhibited missing-data rates exceeding 20%, with block failures as the

dominant pattern—identical to the 25.6% rate and block structure documented at Matinha. The need for a

pipeline that goes beyond linear interpolation is therefore structural in tropical hydrology (BANJARA et

al., 2025; SULLIVAN; KELLY, 2024).

Downstream applications. The reconstructed 2013–2024 series is an input for a range of

critical downstream analyses. Continuous daily and hourly records are required for: (i) ecohydrological

modeling demanding full water balance closure (Junqueira Junior et al., 2017; OLIVEIRA et al., 2021);

(ii) calibration and validation of rainfall-runoff models used in flood early warning systems (ISHIDA

et al., 2024; CINKUS et al., 2023); (iii) computation of hydrological indices (Q95, base flow, drought
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indicators) that are undefined in the presence of gaps (ARSENAULT; BRISSETTE; MARTEL, 2018);

and (iv) training future ML models that require fully continuous precipitation inputs.

Operational and low-cost monitoring contexts. The framework is particularly relevant for

emerging low-cost monitoring networks (citizen science rain gauges, IoT pluviometers) where data quality

and completeness are typically lower than at the Matinha tower. Because the pipeline relies on freely

available global products (ERA5, CHIRPS, PERSIANN-CDR) as exogenous predictors, deployment

requires no additional instrumentation beyond the target gauge. The complete codebase is publicly

available (DOI: https://doi.org/10.5281/zenodo.18096940), enabling direct replication and adaptation

without proprietary software or specialized computational infrastructure.

4.4.4 Limitations, transferability, and conditions for replication

Three intrinsic limitations define the scope of the reconstructions, and four structural conditions

govern transferability to other sites.

Intrinsic limitations

Propagation of sensor uncertainty. The supervised model uses the tower tipping-bucket gauge

as ground truth, inevitably internalizing its instrumental biases. The documented correction factor

Pmanual = 1.047 × Pbucket (r2 = 0.95) and aerodynamic undercatch at wind speeds above 5.0 m s−1

(Junqueira Junior et al., 2017) imply that the model reconstructs a signal that already carries this physical

bias, which propagates to all imputed periods.

Attenuation of extreme events. Residual underestimation of extreme rainfall (>50 mm day−1)

persists across all configurations, consistent with Bolouki e Fazeli (2023), who showed that MSE-based

loss functions incentivize convergence toward the conditional mean at the expense of tail variance.

Simolo et al. (2010) documented the same phenomenon in statistical reconstruction methods, noting that

extreme-day frequency can be preserved (as shown in Table 4.4) while event intensity is attenuated. KGE

as a secondary criterion partially mitigates this but does not eliminate it.

Spatial scale mismatch. A scale gap exists between ERA5 predictors (≈31 km) and point-scale

rainfall at the Matinha tower. As Bouregaa (2025) notes, statistical downscaling cannot reproduce

sub-kilometer convective microphysics absent from the large-scale dynamic signal, so reconstruction skill

may degrade during episodes generated by highly localized convective cells unresolved at the reanalysis

grid scale.

https://doi.org/10.5281/zenodo.18096940
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Conditions for transferability

(i) Training window—the most restrictive condition. The most critical requirement is a

continuous, failure-free segment of sufficient length for model calibration. At Matinha, 4.5 years were

available. In sites with shorter continuous segments (<2 years), the statistical representativeness tests

described in Section 4.2.2 should be applied before proceeding. Sites with no adequate continuous period

would require alternative strategies such as leave-one-year-out cross-validation or transfer learning from a

gauged donor catchment (SHEN; TOLSON; MAI, 2022; ARSENAULT; BRISSETTE; MARTEL, 2018).

(ii) Quantile Mapping reference station. Bias correction relies on a nearby reference gauge

(INMET-Lavras) with adequate data quality. In remote regions lacking such a reference, ERA5 itself can

serve as the QM anchor after cross-validation, but this degrades correction capacity in the upper tail and

introduces additional uncertainty (CANNON; SOBIE; MURDOCK, 2015; PADULANO et al., 2025).

(iii) Isolation Forest contamination parameter. The contamination=’auto’ setting is appro-

priate for the low anomaly rates observed at Matinha (<1.4% of valid days). In networks with higher

instrumental noise rates—common where maintenance is infrequent—the contamination parameter

should be calibrated against a manually validated reference period to avoid over-filtering legitimate

extreme events (KIM; KIM; KOK, 2025; MASTOUR; FADUL, 2023).

(iv) LSTM lookback window. The 360-hour (15-day) window was motivated by spectral

analysis identifying dominant intra-annual periodicities near 20 days associated with mesoscale convective

organization under the SACZ (BAO et al., 2024; SILVA et al., 2025). In regions with different dominant

oscillatory modes—the 30–40-day Madden–Julian Oscillation in the equatorial tropics or 7–10-day

synoptic cycles in subtropical regions—the lookback window should be recalibrated against the local

power spectrum before training (ISHIDA et al., 2024).

The remaining pipeline components—the Pareto–Borda selection framework, feature engineering

strategy (lagged variables, rolling accumulations, harmonic DOY encoding), and model architecture

choices— are context-independent by design and require no site-specific adaptation. The public availabil-

ity of the complete codebase enables practitioners to apply the framework to new sites by modifying only

the four parameters described above.

4.5 Conclusions

This study set out to test whether combining rigorous quality control, physically consistent exoge-

nous predictors, and multi-objective model selection could substantially improve rainfall reconstruction in

a data-scarce tropical environment. The results confirm it can—and point to some clear practical lessons.



172

The choice of outlier detection method matters far more than it might appear. Both Isolation

Forest and LOF remove a similar fraction of data, but they target different kinds of values. LOF tends

to flag high-intensity events as anomalous because they are locally rare, which suppresses the variance

of the training series. Isolation Forest removes non-physical artifacts without penalizing the upper tail,

making it the better choice for zero-inflated, heavy-tailed tropical rainfall.

ERA5 reanalysis dominated as a predictor, appearing in 64% of the top-50 configurations, while

satellite-only products contributed to fewer than 10%. The advantage is physical: ERA5 assimilates

three-dimensional atmospheric state variables—humidity, pressure, wind—that directly govern rainfall

generation. Satellite products that rely on cloud-top temperature proxies or sparse gauge networks

miss the warm-rain and orographic convection processes that drive rainfall in the Atlantic Forest. Bias

correction via Quantile Mapping further compresses the error distribution and is essentially non-optional

when using any of these global products.

XGBoost, trained on the IF-filtered series with ERA5 predictors, reduced RMSE by 74.6%

relative to the SARIMA benchmark and nearly doubled the Kling–Gupta Efficiency. The Pareto–Borda

framework was central to this result: without it, single-metric optimization would have selected models

that are accurate on average but smooth out the wet/dry variability that matters most for ecohydrological

modeling.

At the hourly scale, the LSTM (r = 0.87) outperformed Prophet (KGE = −0.26) by a wide

margin. Prophet’s additive decomposition cannot accommodate the stochastic, state-dependent nature of

sub-daily convective rainfall. The LSTM’s memory architecture can—it learns the antecedent moisture

conditions that govern when and how hard it rains. This is not a tuning problem; no amount of adjusting

Prophet’s hyperparameters will change its fundamental structure.

The reconstructed 2013–2024 series preserves the seasonality, autocorrelation, and distributional

properties of the original observations, with extreme-day frequency maintained within 8% and seasonal

amplitude within 5%. The recovered record restores the physical information content that gap-filling

approaches cannot: the temporal clustering of wet spells that governs soil moisture recharge, the frequency

of high-intensity events that drives overland flow generation, and the dry-season intermittency that controls

baseflow recession in Atlantic Forest streams. These are not just statistical properties—they are the

signatures of the hydrological processes that continuous rainfall forcing is meant to represent. The

openly available pipeline can be adapted to other tropical monitoring stations with minimal configuration

changes, extending the capacity to reconstruct process-relevant precipitation records in regions where

hydrological understanding is most limited and most needed.



173

Acknowledgements

This study was supported by the National Council for Scientific and Technological Development

(CNPq, grant 402066/2023-5) and the Coordination for the Improvement of Higher Education Personnel

(CAPES, Finance Code 001). The authors thank the staff of the Meteorological Tower of Matinha (UFLA)

for long-term data collection and maintenance.



174

REFERENCES

ABDAKI, M.; SANCHEZ-AZOFEIFA, A.; HAMANN, H. F. A Machine Learning Approach
for Filling Long Gaps in Eddy Covariance Time Series Data in a Tropical Dry Forest. Journal
of Geophysical Research: Biogeosciences, v. 130, n. 1, p. 1–28, 2025. ISSN 21698961. Doi:
10.1029/2024JG008375.

ABOUZIED, G. A. E. N. A. et al. Completion of the Central Italy daily precipitation
instrumental data series from 1951 to 2019. Geoscience Data Journal, v. 12, n. 1, p. 1–18, 2025.
ISSN 20496060. Doi: 10.1002/gdj3.267.

ADDI, M. et al. Evaluation of imputation techniques for infilling missing daily rainfall records
on river basins in Ghana. Hydrological Sciences Journal, Taylor & Francis, v. 67, n. 4, p.
613–627, 2022. ISSN 21503435. Doi: 10.1080/02626667.2022.2030868. Disponível em:
https://doi.org/10.1080/02626667.2022.2030868.

AL-RAWAS, G. et al. Integrated quantile mapping and spatial clustering for robust bias
correction of satellite precipitation in data-sparse regions. Sustainability, MDPI, v. 17, n. 18,
p. 8321, 2025. Doi: 10.3390/su17188321.

ALSALEHY, A. S.; BAILEY, M. Improving Time Series Data Quality: Identifying Outliers and
Handling Missing Values in a Multilocation Gas and Weather Dataset. Smart Cities, 2025. Doi:
10.3390/smartcities8030082.

AMINI, A.; DOLATSHAHI, M.; KERACHIAN, R. Real-time rainfall and runoff prediction by
integrating BC-MODWT and automatically-tuned DNNs: Comparing different deep learning
models. Journal of Hydrology, 2024. Doi: 10.1016/j.jhydrol.2024.130804.

AMJAD, M.; SHAHZAD, N.; UL, W. Accuracy assessment of potential alternatives to observed
precipitation for extremes over complex topography. Theoretical and Applied Climatology,
Springer Vienna, 2025. ISSN 1434-4483. Doi: 10.1007/s00704-024-05232-x. Disponível em:
https://doi.org/10.1007/s00704-024-05232-x.

ANARAKI, M. V. et al. Modeling of monthly rainfall–runoff using various machine learning
techniques in wadi ouahrane basin, algeria. Water, MDPI, v. 15, n. 20, p. 3576, 2023. Disponível
em: https://doi.org/10.3390/w15203576.

ANDRADE, J. M. et al. Efficiency of global precipitation datasets in tropical and subtropical
catchments revealed by large sampling hydrological modelling. Journal of Hydrology, 2024.
Doi: 10.1016/j.jhydrol.2024.131016.

ANSARI, R.; GROSSI, G. Performance evaluation of raw and bias-corrected ERA5
precipitation data with respect to extreme precipitation analysis: case study in Upper Jhelum
Basin, South Asia. Theoretical and Applied Climatology, v. 150, p. 1409–1424, 2022. Doi:
10.1007/s00704-022-04239-6.

ARAYA, D. et al. Towards robust seasonal streamflow forecasts in mountainous catchments:
impact of calibration metric selection in hydrological modeling. Hydrology and Earth System
Sciences, 2023. Doi: 10.5194/hess-27-4385-2023.



175

ARIAS-MUÑOZ, A. C. et al. Comparative analysis of traditional methods and a deep learning
approach for multivariate imputation of missing values in the meteorological field Resumen. p.
33–50, 2023. Doi: https://www.redalyc.org/journal/6998/699878490005/index.html.

ARSENAULT, R.; BRISSETTE, F.; MARTEL, J.-L. The hazards of split-sample validation in
hydrological model calibration. Journal of Hydrology, 2018. Doi: 10.1016/j.jhydrol.2018.09.027.

ASHOURI, H. et al. PERSIANN-CDR: Daily precipitation climate data record from multisatellite
observations for hydrological and climate studies. Bulletin of the American Meteorological
Society, v. 96, n. 1, p. 69–83, 2015. ISSN 00030007. Doi: 10.1175/BAMS-D-13-00068.1.

AWE, O. O.; VANCE, E. A. (Ed.). Practical Statistical Learning and Data Science
Methods: Case Studies from LISA 2020 Global Network. [S.l.]: Springer Nature, 2025.
(STEAM-H: Science, Technology, Engineering, Agriculture, Mathematics & Health). Doi:
10.1007/978-3-031-72215-8. ISBN 9783031722141.

BACK, Á. J.; GALATTO, S. L.; SOUZA, G. da S. Analysis of the seasonality of rain in Brazil
from 1990 to 2022. Concilium, 2024. Doi: 10.53660/CLM-2770-24B27.

BAGILIKO, J. et al. Bias correction of satellite and reanalysis products for daily rainfall
occurrence and intensity. 2025. Preprint. arXiv:2510.27456v1.

BANJARA, I. P. et al. AI for enhanced water quality data imputation: a deep learning perspective.
Environmental Science: Advances, Royal Society of Chemistry, v. 4, p. 817–823, 2025. Doi:
10.1039/d4va00367e.

BAO, J. et al. Intensification of daily tropical precipitation extremes from more organized
convection. Science Advances, v. 10, n. 8, p. 1–11, 2024. ISSN 23752548. Doi:
10.1126/sciadv.adj6801.
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5 MEMORY-DRIVEN RAINFALL INTERCEPTION IN A SEASONAL ATLANTIC

FOREST: A PHYSICAL-ENHANCED MACHINE LEARNING APPROACH TO IDEN-

TIFY THE KEY DETERMINANTS OF SPATIOTEMPORAL VARIABILITY

Abstract

Rainfall interception (I) plays a critical role in the hydrological cycle and water balance, yet

its predictive modeling remains a challenge in semideciduous tropical forests characterized by large

spatial and temporal phenological variations. Traditional analytical models, which typically assume

stationary canopy parameters, and standard Machine Learning (ML) models trained solely on concurrent

meteorological variables often fail to capture the hysteretic effect of antecedent conditions. In this study,

we employed high-resolution meteorological data and in-situ throughfall and stemflow measurements

to train and evaluate four ML algorithms: Random Forest (RF), eXtreme Gradient Boosting (XGB),

Light Gradient Boosting Machine (LGBM), and Categorical Boosting (CatBoost). To account for the

memory effect of the forest canopy, we introduced antecedent rolling averages (24 h to 720 h) of key

hydrological variables as exogenous predictors. Under spatial Leave-One-Point-Out (LOPO) cross-

validation, XGBoost emerged as the most accurate and robust predictor, achieving a coefficient of

determination (R2) of 0.652, a Root Mean Square Error (RMSE) of 0.200, and a Kling-Gupta Efficiency

(KGE) of 0.696. Feature importance analysis via SHapley Additive exPlanations (SHAP) confirmed

that antecedent precipitation and prior relative humidity are the predominant drivers of interception,

significantly outweighing concurrent meteorological factors. By capturing the hysteretic dynamics

of canopy wetting and drying cycles, this memory-driven ML framework offers a robust, data-driven

alternative for operational ecohydrological modeling in seasonally dry tropical environments, particularly

under ongoing climate change scenarios.

Keywords: rainfall interception; machine learning; Atlantic Forest; hydrological memory; SHAP;

effective precipitation; spatiotemporal variability

5.1 Introduction

Rainfall interception (I) and effective precipitation (Pe f f ) are fundamental components of the ter-

restrial water balance, governing the partitioning of incoming rainfall (P) into canopy storage, throughfall

(T ), and stemflow (S) (BAKAR; LATIF; LEE, 2023). Interception represents the fraction of precipitation

temporarily retained by the canopy and subsequently returned to the atmosphere through evaporation,

whereas effective precipitation (Pe f f = T +S) constitutes the net water input that drives soil moisture

dynamics, groundwater recharge, and runoff generation (Junqueira Junior et al., 2019; MELLO et al.,
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2024). As the first hydrological filter in forested catchments, interception exerts a first-order control on

both the magnitude and timing of water fluxes reaching the soil system (LUCAS-BORJA et al., 2023;

Junqueira Junior et al., 2017).

Reported interception rates vary widely across forest ecosystems. In remnants of the Brazilian

Atlantic Forest, annual interception typically ranges between 12.3% and 18.5% (Junqueira Junior et

al., 2017; Junqueira Junior et al., 2019; SARI; PAIVA; PAIVA, 2016), while losses exceeding 40% of

gross precipitation have been documented during dry periods or in fragmented landscapes (FILHO et al.,

2019; RODRIGUES et al., 2021a). Comparable variability has been reported globally, with interception

accounting for approximately 12% of annual rainfall in subtropical forests (CHEN; GUESTRIN, 2016)

and up to 25% in humid temperate systems (SPITTLEHOUSE; MALONEY, 2023). A global synthesis

across 166 forest sites estimates that 10.5% of continental rainfall is returned to the atmosphere via

canopy evaporation (ZHONG et al., 2022). Despite its hydrological relevance, interception remains

one of the most difficult components of the water balance to regionalize due to its pronounced spatial

heterogeneity, event-scale nonlinearity, and sensitivity to antecedent conditions (MUZYLO et al., 2009;

SIDLE; ZIEGLER, 2017).

Historically, interception has been quantified using empirical relationships or physically based

analytical models such as the Rutter and Gash formulations (GASH; MORTON, 1978; NÁVAR, 2017).

While these models provide a valuable theoretical framework, they conceptualize the canopy as a quasi-

static reservoir and require site-specific parameterization of storage capacity (S) and evaporation rates

(E/R), parameters that vary substantially across space and time (MUZYLO et al., 2009; LINHOSS;

SIEGERT, 2020). As a result, their predictive skill often deteriorates at the individual event scale, where

reported coefficients of determination commonly fall between 0.21 and 0.48 (LINHOSS; SIEGERT,

2020). This limitation reflects the fact that interception is not a fixed fraction of rainfall, but a state-

dependent process modulated by rainfall intensity, antecedent moisture conditions, canopy structure, and

atmospheric demand (YU et al., 2022; SCHMIDT et al., 2020; RODRIGUES et al., 2021a).

Recent advances in machine learning (ML) offer a promising pathway to overcome these con-

straints by learning complex, nonlinear relationships without assuming temporal stationarity or site-

invariant parameters (MOHAMMED; MENGISTE; GEBREMICHAEL, 2025; SREENIVASU et al.,

2024). Tree-based ensemble algorithms, such as Random Forest and Gradient Boosting Machines,

have demonstrated strong predictive performance in a wide range of hydrological applications (DAS;

SACHINDRA; CHANDA, 2022; FALLAHI et al., 2025). However, most ML-based interception studies

remain limited in number, often prioritize predictive accuracy over physical interpretability, and rarely

evaluate model robustness under both spatial and temporal validation frameworks (WILLARD et al.,

2022; OLIVEIRA et al., 2024). Consequently, the extent to which data-driven models can generalize

across heterogeneous forest landscapes while preserving physically meaningful behavior remains largely

unresolved.
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This gap is particularly evident in Atlantic Forest ecosystems, where long-term monitoring

networks exist but interception dynamics have rarely been analyzed simultaneously across multiple

sites and seasons (Junqueira Junior et al., 2019). Moreover, the interaction between persistent dry

spells, antecedent moisture memory, and interception efficiency under a changing climate remains

poorly quantified, which limits the ability to assess future water availability in this biodiversity hotspot

(RODRIGUES et al., 2021a; GUAUQUE-MELLADO et al., 2026).

This study addresses these challenges by integrating a 10.4-year high-resolution monitoring

dataset from 32 plots in a montane semi-deciduous Atlantic Forest remnant with a physically enhanced,

feature-based machine-learning framework (as first highlighted by Bezerra et al. (2026)). A physical-

enhanced formulation refers to a modeling strategy in which the input variables are explicitly selected,

transformed, or constrained so that they represent meaningful physical quantities or mechanisms of the

underlying process. Instead of relying solely on abstract or purely data-driven features, the inputs are

constructed to reflect conservation laws, material properties, transport phenomena, or other physically

interpretable aspects. This enhances model interpretability, improves generalization, and ensures consis-

tency with known physical behavior (BEZERRA et al., 2026). An ensemble of four tree-based algorithms

were evaluated (XGBoost, Random Forest, LightGBM, and CatBoost) under complementary spatial

(Leave-One-Point-Out) and temporal validation schemes to explicitly contrast spatial transferability and

temporal non-stationarity. Hydrological memory is explicitly represented through engineered antecedent

precipitation indices, and model transparency is further assessed with SHapley Additive exPlanations

(SHAP).

The specific objectives of this work are to: (i) model the spatiotemporal variability of the effective

precipitation coefficient (CPe f f ) at the event scale; (ii) identify dominant physical drivers, threshold

behavior, and memory effects governing interception efficiency by means of a physically-enhanced ML

framework; and (iii) operationalize the optimized framework into the Intercep-ML platform to support

real-time ecohydrological assessment. The framework moves beyond static parameterizations toward

a dynamic, memory-driven representation of rainfall partitioning, offering a scalable and physically

interpretable tool for water-resources management in one of the world’s most threatened forest biomes.

5.2 Methodology

5.2.1 Study Area and Site Description

The research was conducted in a remnant forest watershed located in Lavras, Minas Gerais

State, southeastern Brazil (Figure 5.1) (21◦13′40′′ S, 44◦57′50′′ W; 918–920 m a.s.l.), within the Atlantic

Forest biome. The region exhibits a highland tropical climate (Köppen classification: Cwa), with a
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mean annual precipitation of approximately 1,580 mm, concentrated between October and March. The

dry season extends from April to September, with monthly rainfall typically below 50 mm. The mean

annual temperature ranges between 19.4◦C and 21◦C, with minimum values around 14.4–16◦C in July

and maximums of 22.5–25◦C in January. The sampled forest area covers about 100 ha of secondary

montane forest, regenerated for approximately 35–40 years following agricultural abandonment. The

canopy height averages 25–30 m, with a mean leaf area index (LAI) of 4.2 ± 0.6 Junqueira Junior et al.

(2017).

Figure 5.1 – Geographic location of the study site (Matinha Forest Reserve, Lavras, MG) show-
ing the distributed sensor network. Data sources: IBGE, UFLA, and Google/Maxar
(SIRGAS 2000 / UTM 23S).

Fonte: The author (2026).

A total of 32 spatial monitoring points were systematically installed using a stratified sampling

design to represent different microhabitats (dense canopy, canopy gaps, and transitional zones) and

topographic positions. The mean inter-point distance was approximately 40 m. All coordinates were geo-

referenced using a differential GPS (accuracy < 1 m) under the UTM system (datum SIRGAS 2000, zone

23S). This spatial network captures the micro-scale heterogeneity in canopy structure and hydrological

processes typical of the Atlantic Forest ecosystem (Junqueira Junior et al., 2019; RODRIGUES et al.,

2021a).
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Table 5.1 – Summary of rainfall event dataset used for hydrological and modeling analyses.

Indicator Value
Study period 22 Sep 2012 – 13 Feb 2023
Continuous monitoring duration 10.39 years
Number of rainfall events 744
Spatial monitoring points 32
Initial event–point observations 23,808
Median gross rainfall per event 10.7 mm
Range of gross rainfall 0.1–282.5 mm

Fonte: The author (2026).

5.2.2 Data Collection Protocol

Field monitoring was carried out continuously from 22 September 2012 to 13 February 2023,

encompassing 10.39 years of uninterrupted hydrological observations with a total of 744 discrete rainfall

events. Events were defined as one or more precipitation periods separated by at least 12 consecutive

hours without rainfall. All events with gross precipitation (Pe > 0 mm) were included to ensure full

representation of rainfall conditions across the monitoring period. The dataset comprises 23,808 initial

event–point observations, of which 21,057 were retained after quality control (QC) procedures. A

summary of the dataset characteristics is presented in Table 5.1.

Instrumentation and Measurement

Gross (external) precipitation (Pe) was measured using a tipping-bucket rain gauge (0.2 mm per

tip) installed in an open area free from obstructions. Throughfall (Pi) was measured using 32 funnel-type

collectors (283 cm2 open-area each) positioned under the canopy at 1.5 m above the forest floor to avoid

splash-in. Stemflow (S f ) was measured using collars installed at breast height on 3–5 representative trees

per monitoring point, with flow directed to calibrated collection containers. All volumetric measurements

were performed 4 h after each rainfall event to guarantee the complete drainage of the canopy (Junqueira

Junior et al., 2019; RODRIGUES et al., 2021a).

5.2.3 Hydrological Variable Computation

For each discrete rainfall event t and spatial monitoring point j, the fundamental hydrological

variables were computed following the experimental protocols described by Junqueira Junior et al. (2019).

The effective precipitation (Peff) was defined as the sum of throughfall (T ) and stemflow (S f ):
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Peff( j,t) = T( j,t)+S f ( j,t) (5.1)

I( j,t) = Pe(t)−Peff( j,t) (5.2)

C( j,t) =
Peff( j,t)

Pe(t)
(5.3)

where Pe(t) is the gross precipitation measured in an open area (mm); T( j,t) is the throughfall

collected under the canopy at point j (mm); S f ( j,t) represents the stemflow generated by representative

trees at point j (mm); Peff( j,t) is the effective precipitation (mm); I( j,t) quantifies the canopy interception

losses (mm); and C( j,t) is the effective precipitation coefficient (dimensionless). Any calculated values

falling outside physical boundaries (e.g., C < 0) were excluded during the quality control stage.

5.2.4 Hydrological Modeling Workflow

The proposed modeling framework integrates hydrological principles with advanced ensemble

learning to characterize rainfall partitioning (Figure 5.2). The workflow follows five critical stages:

1. Data Curation and Standardization: Raw records were ingested and timestamp-validated to

ensure chronological alignment.

2. Physical Plausibility Filtering: Extreme rainfall events (Pe > 150 mm) were identified as non-

plausible outliers and removed. The effective precipitation coefficient (C) was restricted to

0 < C < 1.5, an upper limit that accounts for localized rainfall concentration and branch-drip

effects in complex multi-layered canopies (Junqueira Junior et al., 2019; ZIMMERMANN;

ZIMMERMANN, 2014).

3. Hydrological Feature Engineering: A high-dimensional set of 48 engineered features was

generated to encode the “hydrological memory” of the system, including Antecedent Precipitation

Indices (API), non-linear interaction terms (Pe ×API7d), and phenological markers.

4. Multidimensional Outlier Detection: Statistical noise was filtered using a month-stratified

Isolation Forest algorithm with a 2% contamination threshold.

5. Parallelized Optimization and Robust Validation: The predictive engine was tuned via a

Bayesian optimization framework (Optuna). Models were evaluated using spatial (LOPO) and

forward-chaining temporal (TSCV) cross-validation schemes.
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Figure 5.2 – Hydrological modeling workflow illustrating sequential steps from raw data prepro-
cessing to model training and validation.

Fonte: The author (2026).

Identification of Critical and Stable Monitoring Points. To examine contrasting spatial be-

haviors within the monitoring network, two reference points were identified based on the coefficient of

variation (CV = σ/µ) of XGBoost-predicted CPe f f values across the full record. The Critical Point is

defined as the monitoring location with the highest CV, indicating maximum sensitivity to event-scale

variability in rainfall partitioning. The Stable Point is the location with the lowest CV, representing

the most temporally consistent response. This classification uses model predictions rather than raw

observations to minimize the influence of instrument noise, and follows the approach of Rodrigues et al.

(2021a) for identifying ecohydrological hotspots within the network.
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Quality Control and Outlier Detection

A physical constraint was applied to the effective rainfall coefficient (C), restricting values to 0 <

C < 1.5. Measurements exceeding this range were discarded as potential instrumental artifacts. Statistical

outlier detection was subsequently performed using the Isolation Forest algorithm (contamination = 0.02),

stratified by spatial point and calendar month (LIU; TING; ZHOU, 2008). After all quality-control steps,

21,057 valid event–point observations remained.

5.2.5 Feature Engineering

The feature engineering process was designed to extract hydrologically meaningful features repre-

senting event magnitude, antecedent wetness, seasonality, and spatial heterogeneity to build the physically

enhanced machine learning models (BEZERRA et al., 2026) and improve interpretability. Following the

rationale of ecohydrological modeling (Junqueira Junior et al., 2017), the features were grouped into

temporal, rainfall-related, antecedent, interactive, and spatial categories. Table 5.2 summarizes their

mathematical formulation and ecohydrological interpretation.

The final dataset consisted of 48 features (16 continuous + 32 categorical dummies) and 21,057

event–point observations, forming a physically interpretable basis for machine learning training. The

target variable is the effective precipitation coefficient (C).

5.2.6 Modeling

To capture the intricate non-linear dependencies between atmospheric drivers and canopy struc-

ture, this research leveraged four complementary decision-tree ensemble architectures: Random Forest

(RF), XGBoost (XGB), CatBoost (CAT), and LightGBM (LGBM). These algorithms were prioritized

for their proven robustness in managing ecohydrological datasets, which are typically characterized by

high-dimensional non-stationarity and non-normal distributions (BREIMAN, 2001; SREENIVASU et

al., 2024). The specific architectural rationale and the optimized hyperparameter search spaces for each

implementation are synthesized in Table 5.1.

While Random Forest provides exceptional stability against sensor noise through bagging,

the gradient boosting variants (XGB, CAT, and LGBM) were selected for their superior capacity to

minimize bias in longitudinal series and identify sharp physical thresholds during minor rainfall events

(CHEN; GUESTRIN, 2016; MOHAMMED; MENGISTE; GEBREMICHAEL, 2025). Within the LGBM

framework, a monotonic constraint (Pe ↑⇒C ↑) was enforced to ensure the model’s behavior remains
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Box 5.1 – Summary of machine learning models and search space hyperparameter ranges.

Model Description Key Parameters
Random Forest Bagging ensemble of deci-

sion trees; robust to non-
linearity and interactions
(BREIMAN, 2001).

Trees: 200–250; depth: 12–15;
min samples leaf: 2–4; min split:
5–10.
criterion: squared_error,
absolute_error, f riedman_mse,
poisson.

XGBoost Regularized gradient
boosting with optimized
tree construction (CHEN;
GUESTRIN, 2016).

Trees: 200–250; depth: 6–8;
learning rate: 0.01–0.1; subsample: 0.8–
0.9;
colsample: 0.7–1.0.

CatBoost Boosting optimized for
categorical features using
ordered target statistics
(PROKHORENKOVA et
al., 2018).

Iterations: 400–600; depth: 6–8;
learning rate: 0.01–0.1; subsample: 0.8–
0.95;
L2 leaf reg.: 1–10.

LightGBM Histogram-based gradient
boosting with leaf-wise
growth; allows monotonic
constraints (KE et al.,
2017).

Trees: 200–250; depth: 8–12; leaves:
31–50;
learning rate: 0.05–0.1; L1/L2: 0.0–
1.0;
monotonic constraint: Pe ↑⇒C ↑.

Fonte: The author (2026).

strictly congruent with the fundamental principles of canopy saturation (Junqueira Junior et al., 2019;

MELLO et al., 2024).

5.2.7 Validation Strategy

Model performance was evaluated exclusively under out-of-sample validation schemes (MAH-

MOOD; KHAN, 2009). Three complementary strategies were implemented. First, forward-chaining

temporal cross-validation (TSCV) (ARSENAULT et al., 2023; ROBERTS et al., 2017) was applied using

a rolling training window, preserving the chronological order of events and preventing information leakage

across time. Second, spatial robustness was assessed using a Leave-One-Point-Out (LOPO) approach

(SCHMIDT et al., 2020), in which all observations from one monitoring point were withheld for testing

while the model was trained on the remaining points. Third, predictive stability was examined through

rolling multi-year windows of fixed length (five years), allowing the assessment of model consistency

under changing climatic conditions.

The key distinction between TSCV and the third scheme, rolling 5-year windows (ROLL5Y), is

how past data contribute to training. TSCV accumulates all available history in each fold (expanding

window), whereas ROLL5Y uses a fixed-length window of exactly five years that advances one year

at a time, discarding observations older than five years. This design isolates the model’s skill under

recent climatic conditions and explicitly tests temporal stability across the drought–wetting cycles of the
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2012–2023 period. Starting from 2017 (trained on 2012–2016), the window advances annually, yielding

seven train–test splits.

Moreover, the proposed feature-engineering physically enhanced framework was assessed for

physical consistency by means of the Shapley Additive Explanations (SHAP) method (LUNDBERG;

LEE, 2017). This analysis allows verifying whether the learned relationships are aligned with the

expected physical behavior of the process, ensuring that the model responses are not only accurate but

also physically plausible (SCHMIDT et al., 2020; KING et al., 2022; WILLARD et al., 2022).

5.2.8 Performance Evaluation

Model performance was evaluated using the coefficient of determination (R2):

R2 = 1− ∑
n
i=1(Ci −Ĉi)

2

∑
n
i=1(Ci −C̄)2 (5.4)

the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE):

RMSE =

√
1
n

n

∑
i=1

(Ci −Ĉi)2 MAE =
1
n

n

∑
i=1

∣∣Ci −Ĉi
∣∣ (5.5)

and the Kling–Gupta Efficiency (KGE) (GUPTA et al., 2009), integrating correlation, bias, and

variability components:

KGE = 1−
√
(r−1)2 +(β −1)2 +(γ −1)2 (5.6)

where r is the linear correlation coefficient, β is the bias ratio (µĈ/µC), and γ is the variability

ratio (σĈ/σC).

Residual diagnostics included normality (Shapiro–Wilk test), autocorrelation (Durbin–Watson

statistic), and heteroscedasticity assessment through residual–fitted value relationships.

5.3 Results

5.3.1 Dataset Quality Control and Outlier Detection

A total of 23,808 initial event–point observations were derived from the forest monitoring

network across 32 plots over a 10.4-year period. After applying the multi-stage quality control protocol,

21,057 valid observations were retained, representing a total retention rate of 88.4%. The filtering process

primarily addressing physical inconsistencies (2,372 observations removed for exceeding physical bounds,

CPe f f > 1.5) was followed by the identification of 475 statistical outliers via the Isolation Forest algorithm.
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Box 5.2 – Optimized hyperparameters for ensemble regressors following Bayesian optimization
with temporal cross-validation.

Model Optimized Hyperparameters
Random Forest (RF) n_estimators = 400, max_depth = 8,

min_samples_split = 7, min_samples_leaf = 5
XGBoost (XGB) n_estimators = 250, max_depth = 10,

learning_rate = 0.0137, subsample = 0.883,
colsample_bytree = 0.633

LightGBM (LGBM) n_estimators = 250, max_depth = 13,
learning_rate = 0.0201, num_leaves = 24,
subsample = 0.751

CatBoost (CAT) iterations = 600, depth = 7, learning_rate = 0.05
Fonte: The author (2026).

The refined dataset exhibited a mean effective precipitation coefficient (C = Peff/Pe) of 0.617 and a

standard deviation of 0.340.

The Isolation Forest algorithm, configured with a 2% contamination threshold, was applied

separately for each month to capture phenological and climatic seasonality without imposing global bias.

Despite the presence of high-intensity events, the extreme event correction (threshold > 150 mm) did not

find events requiring splitting in this specific subset, ensuring that the observed variability reflects natural

canopy–rainfall interactions.

5.3.2 Hyperparameter Optimization and Model Configuration

Hyperparameter optimization was performed using a Bayesian optimization framework imple-

mented via the Optuna library, coupled with a temporal cross-validation strategy based on TimeSeriesSplit.

For each ensemble regressor, candidate hyperparameter sets were evaluated using three temporal folds,

and model selection was guided by joint assessment of R2 and RMSE. Table 5.2 summarizes the optimized

configurations.

The Bayesian optimizer converged to low learning rates for both gradient boosting models,

XGBoost (0.0137) and LightGBM (0.0201), at the lower boundary of the search space (0.01–0.20,

log scale), indicating that slower, more conservative gradient updates were preferred given the high

dimensionality and spatial heterogeneity of the dataset. XGBoost selected the maximum allowed depth

(10) and a low colsample_bytree (0.633), consistent with a model that benefits from deep trees operating

on subsets of features to avoid overfitting to spatially redundant one-hot encoded point indicators.

LightGBM selected a lower num_leaves (24 out of 20–100), which together with depth = 13 produces

relatively narrow trees, aligning with the leaf-wise growth strategy of this algorithm. Random Forest

converged to the maximum n_estimators (400) and minimum depth (8) with the most conservative leaf
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Table 5.3 – Predictive performance metrics for the effective precipitation coefficient (C) across
validation schemes (TSCV: Time Series Cross-Validation; LOPO: Leave-One-Point-
Out; ROLL5Y: Rolling 5-Year).

Model Scheme R2 RMSE MAE KGE

RF TSCV -0.315 0.389 0.281 0.349

LOPO 0.641 0.203 0.151 0.698

ROLL5Y 0.030 0.284 0.221 0.253

XGB TSCV -0.264 0.382 0.272 0.365

LOPO 0.652 0.200 0.150 0.696

ROLL5Y 0.118 0.271 0.209 0.302

LGBM TSCV -0.281 0.384 0.274 0.364

LOPO 0.583 0.219 0.170 0.601

ROLL5Y 0.104 0.273 0.210 0.285

CAT TSCV -0.226 0.376 0.268 0.354

LOPO 0.438 0.254 0.201 0.474

ROLL5Y 0.175 0.262 0.202 0.255

Fonte: The author (2026).

constraints (min_samples_leaf = 5), reflecting the bagging strategy’s preference for more trees with

greater regularization.

5.3.3 Model Performance and Validation Robustness

The predictive performance of the four ensemble regressors was assessed using R2, RMSE, MAE,

and KGE under three independent validation frameworks: TSCV, LOPO, and rolling 5-year temporal

validation (ROLL5Y).

Comparative Algorithm Performance Across Validation Schemes

Table 5.3 summarizes the predictive performance across all validation strategies. Under TSCV, all

models exhibited negative R2 values and relatively low KGE scores (< 0.40), indicating limited temporal

predictive skill when extrapolating across time. This behavior suggests that the interception process is

strongly influenced by non-stationary drivers and event sequencing effects not fully captured under strict

temporal splitting.

Under LOPO, XGBoost achieved the highest overall performance (R2 = 0.652, RMSE = 0.200,

MAE = 0.150, KGE = 0.696), followed by Random Forest and LightGBM. These results demonstrate

strong spatial generalization, indicating that the engineered features effectively encode site-invariant

physical controls. The ROLL5Y validation yielded marginally positive predictive skill, with CatBoost

achieving the best performance (R2 = 0.175). Notably, the performance gap between CatBoost (R2 =
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0.175, KGE = 0.255) and XGBoost (R2 = 0.118, KGE = 0.302) under ROLL5Y suggests that algorithm

sensitivity to non-stationary climatic regimes differs: CatBoost’s ordered boosting may better handle

distributional shifts across drought–wetting cycles. This finding underscores the value of multi-model

ensembles when projecting interception under changing climate.

Climatological Consistency under Event-Scale Non-Stationarity

To illustrate event-scale model behavior directly, Figure 5.3 presents the event-level time series

and 1:1 scatter for XGBoost under LOPO validation. At the individual event scale, the model achieves

R2 = 0.652 and RMSE = 0.200, with notable scatter concentrated at the extremes: events with CPe f f <

0.30 (high interception, typically small events on dry canopy in July–August) and events with CPe f f > 1.0

(localized rainfall concentration) show the largest deviations. The scatter is expected given the inherent

stochasticity of individual interception events; the model’s value lies in correctly reproducing the seasonal

envelope and central tendency of partitioning rather than in perfect event-by-event prediction.
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Figure 5.3 – Event-level performance of XGBoost under LOPO validation. (a) Time series
of observed and predicted CPe f f across the full 10.4-year record. (b) 1:1 density
scatter; R2 = 0.652, RMSE = 0.200, MAE = 0.150.

(a) Time series of observed and predicted CPe f f across the full 10.4-year record.

(b) 1:1 density scatter; R2 = 0.652, RMSE = 0.200,
MAE = 0.150.

Fonte: The author (2026).

Despite negative R2 values under TSCV, the ensemble models exhibit strong seasonal fidelity.

Comparison between observed monthly mean effective precipitation coefficients and model predictions

reveals high temporal agreement (Figure 5.4). The models successfully internalized the system clima-

tology, capturing the transition between the dry season (high interception losses) and the rainy season

(increased effective precipitation). The models remain robust for long-term water balance estimation and

seasonal ecohydrological analyses, despite limited skill at the individual event scale.
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Figure 5.4 – Comparison between observed and modeled monthly mean effective precipitation
coefficients (C). The ensemble models reproduce the seasonal cycle with high
fidelity, capturing both wet-season maxima and dry-season minima, despite reduced
event-scale performance under strict temporal validation.

Fonte: The author (2026).

Seasonal Performance and Distributional Consistency

All comparisons reported in this section operate at the individual rainfall event scale, the native

resolution of the model, stratified by season for visualization only (Figure 5.5).

Seasonal stratification revealed a distinct performance gradient across all ensemble models.

XGBoost achieved R2 = 0.918 and KGE = 0.879 during the dry season versus R2 = 0.816 and KGE =

0.779 during the rainy season under LOPO validation. Random Forest and LightGBM followed the same

gradient (RF: dry R2 = 0.748, KGE = 0.797; rainy R2 = 0.666, KGE = 0.707). The superior dry-season

skill likely reflects not only the dominance of clearer physical controls under moisture-limited conditions,

but also the lower variance of events during this period, a factor that can inherently facilitate prediction.

The distributional comparison between observed and predicted CPe f f reveals consistent patterns

and systematic differences across all models. During the rainy season (17,146 events), the observed

distribution presents a mean of 0.625, median of 0.661, and an IQR of 0.452 (Q25 = 0.408; Q75 = 0.860),

reflecting the wide variability in canopy saturation states. XGBoost reproduces the mean with near-zero
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bias (predicted mean = 0.616; bias =−0.009) and median adequately (0.695), but compresses the spread

substantially: IQR = 0.320 (Q25 = 0.481; Q75 = 0.800), representing a compression of 0.132 relative

to the observed IQR. RF, LightGBM, and CatBoost show even stronger compression (IQR = 0.254,

0.266, and 0.219, respectively), indicating that ensemble averaging systematically smooths the tails

of the distribution, underestimating both the high-interception events (C < 0.3) and the near-complete

throughfall events (C > 0.90).

During the dry season (3,911 events), the observed IQR is wider (0.522; Q25 = 0.318; Q75 =

0.840) than during the rainy season (0.452), reflecting the high variability from sporadic events on a

drying canopy. All models substantially overestimate the lower quartile (XGB Q25 = 0.477 vs. observed

0.318; difference = 0.159), indicating that the extreme interception efficiency of early post-dry-spell

events is not fully captured despite the inclusion of API and dry-day count features. The observed median

(0.600) is lower than the predicted median across all models (XGB: 0.693; RF: 0.695; LGBM: 0.693;

CAT: 0.706), confirming a systematic positive bias during the dry season (XGB bias =+0.030).

Taken together, the violin plots in Figure 5.5 illustrate these findings visually: the rainy season

distributions are more elongated in the observations (IQR = 0.452) than in any model (max IQR = 0.320

for XGB), while the dry season distributions are more compact in the models (XGB IQR = 0.319) than

in the data (IQR = 0.522). The models successfully reproduce the seasonal shift in central tendency but

consistently underestimate the distributional spread, particularly during the dry season.

Figure 5.5 – Seasonal distribution of observed and predicted effective precipitation coefficients
for dry and rainy seasons across all ensemble models.

Fonte: The author (2026).
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5.3.4 Spatiotemporal Variability of Interception and Effective Precipitation

Seasonal Dynamics and Critical vs. Stable Points

Seasonal analysis revealed a pronounced oscillation in interception efficiency at both monitoring

points, governed by the phenological state of the canopy and rainfall intensity (Figure 5.6).

The Critical Point (P120) is characterized by systematically lower CPe f f values and higher

interception losses throughout the year, ranging from a mean of 0.315±0.254 in June to 0.536±0.290 in

January, an intra-annual amplitude of 0.221. Its overall distribution is wide and skewed toward low values

(Q25 = 0.186; Q75 = 0.732; IQR = 0.546), indicating pronounced sensitivity to event-scale variability.

In contrast, the Stable Point (P30) maintains consistently higher CPe f f values (overall mean = 0.718 vs.

0.479 at P120; median = 0.768 vs. 0.498) with a more compact distribution (Q25 = 0.573; Q75 = 0.900;

IQR = 0.327), reflecting reduced sensitivity to antecedent moisture conditions.

Figure 5.6 presents the monthly mean ± standard deviation for both points alongside the full

distribution of all 32 monitoring locations, allowing the structural contrast between P120 and P30 to be

placed in the spatial context of the network. The difference between the two points is most pronounced

during June–April, reaching a maximum in April (C̄ = 0.835 at P30 vs. 0.445 at P120; ∆ = +0.390)

and nearly disappearing in May (∆ = −0.007), which coincides with the end of the wet season and a

transitional phenological state of the semi-deciduous canopy. This seasonal convergence in May is more

likely explained by structural canopy changes, including leaf area reduction at the onset of the dry season,

than by a simple event-by-event storage saturation dynamic, since a single moderate event is sufficient to

saturate canopy storage capacity.

This distinction is most pronounced during small-to-moderate rainfall events (Pe ≤ 15 mm): the

interception fraction at P120 is on average 60.8% higher than at P30 for events in this size range (P120:

mean CPe f f = 0.345, interception = 65.5%; P30: mean CPe f f = 0.593, interception = 40.7%). The

structural characteristics of P120 that may explain this persistent pattern, such as denser canopy closure,

higher LAI, or different drainage architecture, are discussed in Section 5.4.
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Figure 5.6 – Monthly distribution of the effective precipitation coefficient (C = Peff/Pe) at the
Critical (P120) and Stable (P30) monitoring points. (a) Monthly mean ± standard
deviation of observed (solid lines) and XGBoost-predicted (dashed lines) CPe f f at
P120 (red) and P30 (blue); shaded bands represent ±1 SD. (b) Monthly boxplot
distribution of observed CPe f f across all 32 monitoring points (grey), with the
Critical point (P120, red diamonds) and Stable point (P30, blue squares) overlaid as
mean ± SD.

Fonte: The author (2026).

Spatial Heterogeneity and Antecedent Moisture Scenarios

Spatial mapping of the mean effective precipitation coefficient reveals a complex mosaic of

rainfall partitioning across the study area (Figure 5.7). To isolate the effect of antecedent moisture from

seasonal and event-size confounding, three canopy wetness scenarios were simulated under controlled

conditions: January (rainy season), Pe = 20 mm, varying only antecedent precipitation indices (API7d)

while keeping all other features fixed. XGBoost was used exclusively for this analysis as it achieved

the highest spatial generalization performance under LOPO validation (R2 = 0.652, RMSE = 0.200,

KGE = 0.696; Table 5.3).

The three scenarios represent:

• Dry Canopy: API7d = 2 mm, 10 dry days, minimum antecedent wetness, maximum available

canopy storage.

• Intermediate: API7d = 15 mm, 3 dry days, partial antecedent saturation.
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• Wet Canopy: API7d = 40 mm, 0 dry days, maximum antecedent wetness, reduced available

canopy storage.

Simulation results (Figure 5.7) demonstrate that antecedent moisture exerts a strong spatial control

on rainfall partitioning. Under Wet Canopy conditions, the mean CPe f f across all 32 monitoring points

reaches 0.809 (Pe f f = 16.2 mm), compared to 0.713 under Dry Canopy conditions (Pe f f = 14.3 mm),

a difference of +1.9 mm (+13.5%) in effective precipitation for the same gross event. The spatial

heterogeneity within each scenario is also pronounced: under Dry Canopy, CPe f f ranges from 0.510 to

0.874 across monitoring points (range = 0.364), while under Wet Canopy the range narrows to 0.330

(0.633–0.963), indicating that high antecedent wetness partially homogenises the spatial response by

pre-saturating canopy storage at most locations.

These spatial gradients are consistent with the structural heterogeneity of the monitoring network:

locations with denser multi-strata canopy and higher leaf area systematically present lower CPe f f values

regardless of antecedent moisture scenario, reinforcing the designation of P120 as a persistent interception

hotspot. The physical mechanisms linking antecedent moisture conditions, canopy storage dynamics, and

spatial partitioning patterns are discussed in Section 5.4.

Figure 5.7 – Spatial distribution of the mean effective precipitation coefficient (C = Peff/Pe)
predicted by XGBoost under dry (API7d = 2 mm), intermediate (API7d = 15 mm),
and wet (API7d = 40 mm) canopy conditions. Simulations were performed under
controlled conditions (January, Pe = 20 mm) with antecedent moisture as the only
varying factor. Warmer colors (yellow) indicate higher CPe f f (lower interception
fraction); cooler colors (purple) indicate lower CPe f f (higher interception fraction).

Fonte: The author (2026).

Integrated Interpretation. Taken together, the seasonal trajectories and the canopy-state-dependent

spatial maps demonstrate that interception dynamics in the study area are governed by a hierarchical

interaction between temporal forcing (seasonality and antecedent wetness) and spatial structure (canopy

heterogeneity). The XGBoost model successfully captures these multiscale controls, reproducing both

localized extremes and broader spatial–temporal gradients.
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5.3.5 Physical Drivers and Model Interpretability (SHAP Analysis)

To elucidate the physical controls governing CPe f f and the soundness of the physical enhanced ap-

proach, model interpretability was assessed using SHapley Additive exPlanations (SHAP) in combination

with traditional feature-importance rankings derived from the XGBoost model (Figure 5.8).

Both SHAP values and feature-importance rankings consistently identify event rainfall depth

(Pe) and its categorical representation (Pe_quartile) as the dominant features of CPe f f . Indicators of

antecedent moisture—particularly the interaction term Pe×API7d (Importance = 0.041) and accumulated

precipitation over 7 and 15 days—rank immediately below, highlighting the central role of hydrological

memory. Seasonal variables (doy_sin, doy_cos) exhibit moderate contributions (mean SHAP ≈ 0.013).

The SHAP summary plot reveals pronounced non-linear behavior characterized by physically

meaningful thresholds. Low values of Pe produce negative SHAP contributions, corresponding to reduced

CPe f f during small events where rainfall is largely retained by the canopy. Conversely, high Pe values

generate strong positive SHAP contributions once canopy storage capacity is exceeded. For a given

Pe, higher API7d values shift SHAP contributions toward larger CPe f f , demonstrating that prior wetness

preconditions the efficiency with which rainfall reaches the forest floor.

While traditional feature importance ranks Pe_quartile as the most influential variable for struc-

turing tree splits (Importance = 0.286), SHAP analysis indicates that the continuous rainfall magnitude

Pe exerts the largest marginal impact (mean SHAP = 0.094) on individual predictions. This contrast

highlights that categorical rainfall intensity helps organize the model hierarchy, whereas continuous

rainfall magnitude and antecedent moisture dominate the physical response at the event scale.
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Figure 5.8 – Comparison between global feature-importance rankings and SHAP-based inter-
pretability for the XGBoost model. (a) Feature importance ranking from the XG-
Boost model. (b) SHAP summary plot showing the distribution of feature contribu-
tions.

(a) Feature importance ranking from the XGBoost
model.

(b) SHAP summary plot showing the dis-
tribution of feature contributions.

Fonte: The author (2026).

Residual diagnostics revealed significant deviations from normality (p < 0.05, Shapiro–Wilk),

primarily driven by the inherent skewness of extreme rainfall events and the non-linear canopy response.

The Durbin–Watson statistic revealed positive residual autocorrelation (DW < 2), confirming a strong

temporal dependency that aligns with the system’s hydrological memory. The relationship between

residuals and fitted values exhibited a heteroscedastic pattern, where predictive uncertainty increased

with the magnitude of CPe f f , physically consistent with increased variability in canopy drainage during

large-magnitude storms.

5.3.6 Feature Importance and Spatiotemporal Dynamics

Yearly Feature Importance Trajectories

Figure 5.9 presents the yearly evolution of SHAP-based feature importance for XGBoost across

2012–2018 (the period with complete SHAP decomposition). Given that XGBoost achieved the highest

spatial generalization under LOPO validation (R2 = 0.652; KGE = 0.696), the following analysis focuses

on its feature hierarchy; corresponding trajectories for RF, LightGBM, and CatBoost are provided as

supplementary material.
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Figure 5.9 – Yearly trajectory of XGBoost SHAP-based feature importance across 2012–2018.
Each year shows the mean absolute SHAP values for the top features, ranked by
overall importance. The shaded band marks the 2015–2017 drought period. Note
the progressive decline in Pe importance during the drought and the relative increase
of phenological and interaction features.

Fonte: The author (2026).

Gross precipitation (Pe) consistently ranked as the most influential predictor, contributing 66.1%

of the total mean |SHAP| signal in 2012, reflecting the primacy of event magnitude under regular rainfall

regimes. The interaction term Pe ×API7d (mean |SHAP|= 0.012 pre-drought) and 15-day accumulated

precipitation (Precip_sum15d; mean = 0.024 pre-drought) ranked consistently in the top predictors,

confirming the central role of hydrological memory.

The most striking pattern is the progressive decline in Pe importance from 0.306 in 2012 to 0.115

in 2016, a reduction of 62.4% at the drought peak, followed by a partial recovery to 0.138 in 2017. This

decline indicates that under prolonged moisture deficit, the magnitude of individual rainfall events became

a substantially weaker predictor of interception efficiency: the model relied increasingly on accumulated

moisture conditions and phenological timing to explain C variability. The relative importance of the

interaction term Pe ×API7d simultaneously increased from a pre-drought mean of 0.012 to 0.014 during

the drought (+15.0%), indicating that the coupling between event size and antecedent wetness became

more critical when both factors were simultaneously suppressed. Seasonal phenological indicators

(doy_sin, doy_cos) also showed increased importance during the drought (pre: 0.012 and 0.010; drought:

0.015 and 0.018), consistent with greater structural canopy variability driven by drought-induced leaf

shedding and altered phenological timing (RODRIGUES et al., 2021a).
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In 2018, the only fully documented post-drought year in the SHAP table, Pe importance (0.130)

remained 42.7% below its 2012 peak, suggesting a persistent alteration of the rainfall-partitioning regime

rather than rapid recovery to pre-drought conditions. The interaction term Pe ×API7d also partially

declined (0.011), while Precip_sum15d decreased to 0.019, below its pre-drought level (0.024), indicating

that longer-term moisture accumulation became less influential as the soil and canopy system partially

recovered.

Among the 32 spatial indicators, Point_P42 showed the most consistent importance throughout

the record, with mean |SHAP| increasing from 0.00100 (pre-drought) to 0.00119 (drought), the highest of

any spatial point during the 2015–2017 period. Point_P120 (the Critical Point) followed a similar pattern

(pre: 0.00074; drought: 0.00096), suggesting that structurally heterogeneous locations became relatively

more distinguishable when large-scale meteorological forcing was suppressed. In 2018, Point_P120

declined sharply (0.00051), while P42 remained elevated (0.00099), pointing to differential structural

recovery rates across canopy positions. These spatial contributions, though modest in absolute terms

relative to Pe and API features, reflect a genuine signal: during the drought, canopy structural attributes,

captured implicitly through the spatial point encoding, partially compensated for the reduced predictive

power of rainfall magnitude.

Monthly Distribution and Bimodal Regimes

Figure 5.10 displays the monthly distribution of C as violin plots for all four models, aggregated

across all 32 monitoring points and the full 10.4-year record. All analyses operate at the individual rainfall

event scale.
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Figure 5.10 – Monthly distribution of modeled effective precipitation coefficient (C = Peff/Pe)
for RF, XGBoost, LightGBM, and CatBoost, aggregated across all 32 monitoring
points and the full 10.4-year period. Note: (i) bimodal distribution in May re-
flecting transition between wet and dry seasons; (ii) tighter, lower distributions in
July–August reflecting dominance of small, easily-intercepted events; (iii) down-
ward tails in July from extremely small events after prolonged droughts; and (iv)
consistent patterns across all four model architectures.

Fonte: The author (2026).

January through April (rainy season peak) present the highest observed mean C values of the year.

January records mean = 0.686, median = 0.710, and IQR = 0.412 (Q25 = 0.491; Q75 = 0.903). February

presents mean = 0.639, median = 0.680, IQR = 0.414. April shows mean = 0.653, median = 0.688,

IQR = 0.485. March presents the widest IQR of the rainy season (0.539; Q25 = 0.317; Q75 = 0.856),

reflecting high within-month variability. All models reproduce the central tendency of these months with

small bias (XGB January: mean = 0.618, median = 0.694, IQR = 0.307) but consistently compress the

distributional spread; in January, XGB IQR (0.307) is 25% narrower than the observed (0.412), a pattern

shared by RF (0.287) and LGBM (0.238), indicating that ensemble averaging systematically smooths the

extremes of the distribution.

May is the most structurally complex month in the dataset. The observed distribution presents

mean = 0.726, median = 0.710, and a wide IQR of 0.416 (Q25 = 0.509; Q75 = 0.925), with a pronounced

bimodal structure: a lower-C cluster concentrated near Q25 ≈ 0.51 representing small, highly intercepted
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events typical of the retreating wet season, and an upper-C cluster near Q75 ≈ 0.93 from larger canopy-

saturating events. The resulting observed mean (0.726) is the highest of any month. All four models

reproduce the elevated May mean adequately (XGB: 0.603; RF: 0.604; LGBM: 0.599), but compress

the IQR substantially (XGB: 0.341; RF: 0.327; LGBM: 0.276 vs. observed 0.416), failing to reproduce

the high-C tail (Q75 observed = 0.925 vs. XGB = 0.802) and underestimating the frequency of high-

interception events near the lower mode.

July exhibits the most extreme bimodal structure of any month. The observed IQR reaches

0.838, the widest of the entire record, with Q25 = 0.000 and Q75 = 0.838. The observed mean (0.469)

and median (0.469) are the lowest of any month. Two distinct populations coexist: a lower mode at

C ≈ 0 (at least 25% of events produce zero effective precipitation at the ground), representing completely

intercepted sub-saturation events after prolonged dry spells at the peak of the dry season; and an

upper mode near C ≈ 0.70–0.84 from larger episodic events that exceed canopy storage capacity. This

bimodality is more extreme than May’s: while May’s Q25 is 0.509, July’s Q25 = 0.000, indicating that a

quarter of July events are entirely intercepted. All models fail to reproduce this structure: XGB predicts

IQR = 0.344 (Q25 = 0.470; Q75 = 0.814; mean = 0.618), compressing the observed IQR by 0.494 units.

RF (IQR = 0.327) and LGBM (IQR = 0.263) show similar limitations. The model mean overestimation

in July is substantial: XGB mean = 0.618 vs. observed 0.469, a positive bias of +0.149.

August maintains a low-C regime: observed mean = 0.467, median = 0.480, IQR = 0.497

(Q25 = 0.195; Q75 = 0.692). Models again overestimate C (XGB mean = 0.601, bias =+0.133; RF

= 0.605, bias =+0.137; LGBM = 0.598, bias =+0.130), indicating that the feature set does not fully

capture the extreme interception efficiency of the peak dry season.

September through December show progressive recovery as the rainy season onset brings larger,

more regular events: September (observed mean = 0.564; IQR = 0.613), October (mean = 0.574;

IQR = 0.471), November (mean = 0.620; IQR = 0.451), December (mean = 0.625; IQR = 0.462).

Models reproduce the seasonal recovery adequately in central tendency (XGB mean bias < 0.05 in all

four months), with consistent IQR compression (XGB November IQR = 0.287 vs. observed 0.451).

The convergence of all four models around the same monthly central tendencies, despite their

substantially different algorithmic architectures, demonstrates that the seasonal C structure (bimodality

in May and July, low-C regime in August, recovery October–December) is an emergent property of the

underlying data rather than a model-specific artifact. However, the systematic failure to reproduce the

July IQR (observed 0.838 vs. XGB 0.344, RF 0.327, LGBM 0.263) identifies the extreme dry-season

event regime as the primary frontier for future improvement of physically-enhanced ML frameworks

applied to tropical interception modelling.
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5.4 Discussion

5.4.1 Transferability versus Temporal Non-Stationarity in Rainfall Interception Modeling

The results reveal a fundamental duality in the predictive behavior of ML models applied to

rainfall interception: strong spatial transferability coexisting with pronounced temporal non-stationarity

at the event scale. Under LOPO validation, XGBoost achieved R2 = 0.652 and KGE = 0.696, con-

firming successful internalization of site-invariant physical controls despite the pronounced structural

heterogeneity of the 32-plot Atlantic Forest monitoring network.

This spatial transferability stems partly from the training strategy: because the model was

jointly trained on observations spanning all 32 spatially heterogeneous plots, the full range of canopy

structural behaviors is implicitly encoded in the C response variable. The model therefore learns the

full spectrum of rainfall-partitioning behaviors from the data, allowing spatial generalization without

requiring explicit canopy descriptors such as leaf area index or basal area. This represents a key advantage

over process-based models such as Gash or Rutter (GASH; MORTON, 1978; MUZYLO et al., 2009),

which require independent plot-by-plot calibration and are typically applied at the storm or daily scale,

not at the individual event level as implemented here (NÁVAR, 2017; LINHOSS; SIEGERT, 2020). The

LOPO framework provides a genuinely stringent test of this generalization: each iteration removes all

events from one monitoring point and retrains the model on the remaining 31 points, a level of spatial

independence that classical calibration-based approaches cannot replicate across a spatially heterogeneous

network.

Interpreting temporal non-stationarity: the drought hypothesis. The negative R2 values under

TSCV (XGB: R2 = −0.264; KGE = 0.365; RF: R2 = −0.315; KGE = 0.349) cannot be attributed

solely to unresolved intra-event processes. The LOPO validation succeeded under the same data and

model configuration, demonstrating that the feature engineering is physically adequate when the spatial

dimension is the source of generalization. The critical difference lies in the temporal dimension: TSCV

trains on earlier periods and tests on later ones, forcing the model to extrapolate across the 2014–2017

multi-year drought documented at this site (RODRIGUES et al., 2021a; RODRIGUES et al., 2021b). This

drought fundamentally altered the rainfall-interception system in multiple concurrent ways. First, the event

size distribution shifted dramatically: mean Pe increased from 11.9 mm during the pre-drought period

(2012–2014) to 18.3 mm during the drought (2015–2017) and 19.5 mm in 2018, as small-rainfall events

became less frequent. Second, dry season representativeness collapsed: dry season events represented

25.5% of all events pre-drought but only 15.3% during the drought, meaning the model was trained

partly on wet-season climatology and then tested on an anomalous drought-dominated regime. Third,

and most importantly, the canopy structure itself changed: the drought induced rapid responses such as
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partial leaf shedding and reduced LAI, and delayed responses including individual tree mortality, species

reorganization, and altered drainage architecture (MEIR et al., 2015; RODRIGUES et al., 2021a). The

SHAP temporal analysis captures this reorganization: the importance of gross precipitation Pe declined

from 0.306 in 2012 to 0.115 in 2016, a 62.4% reduction, while phenological indicators (doy_sin, doy_cos)

increased in relative importance during 2015–2017, reflecting the growing role of canopy structural state

over rainfall magnitude in controlling interception efficiency under drought. Critically, even in 2018, after

rainfall partially recovered, Pe importance (0.130) remained 57.5% below its 2012 level, suggesting that

the canopy had not structurally recovered, and the model trained on pre-drought conditions was being

tested on a forest undergoing slow post-drought reorganization (GUAUQUE-MELLADO et al., 2026;

MELLO et al., 2025).

The ROLL5Y validation, which uses a fixed five-year sliding window, yielded marginally positive

but modest skill (XGB: R2 = 0.118, KGE = 0.302), confirming that restricting training to the most recent

five years partially mitigates, but does not eliminate, the non-stationarity problem. When the training and

test windows both fall within the drought period (e.g., 2012–2016 train, 2017 test), performance improves;

when the window spans the drought onset (e.g., 2010–2014 train, 2015 test), it degrades, consistent with

the hypothesis that the primary source of temporal failure is the distributional shift induced by drought

rather than generic temporal autocorrelation.

These findings align with the broader challenge of non-stationarity in data-driven hydrology: ML

models trained under one climatic regime, even with physically meaningful features, face fundamental

limitations when tested on regimes involving structural ecosystem changes that alter the underlying

process generating the data (WILLARD et al., 2022; SCHMIDT et al., 2020). Physical enhancement

through feature engineering (API, Pe ×API7d , phenological markers) partially mitigates this problem by

encoding process-relevant state variables, but cannot compensate for structural canopy changes that are

neither monitored nor represented in any feature of the model.

5.4.2 Hydrological Memory and the Dynamic Nature of Canopy Storage Capacity

The SHAP-based interpretability analysis provides strong physical validation of the physically-

enhanced framework, confirming that rainfall interception in the Atlantic Forest is a fundamentally

state-dependent process governed by the interaction between event forcing and pre-existing canopy

moisture conditions.

Classical interception theory (GASH; MORTON, 1978; MUZYLO et al., 2009) treats canopy

storage capacity (S) as a quasi-static site parameter. At the present study site, estimated S values range

from 0.82 mm (Liu model) to 1.45 mm (Gash model) (RODRIGUES et al., 2021a). However, these

static values mask the fundamentally dynamic nature of canopy storage. The interaction term Pe ×API7d
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emerged as the third-ranked predictor in the SHAP hierarchy (mean |SHAP|= 0.032), confirming that

the effective storage capacity of the canopy is not fixed; it varies event by event as a function of how

much water remains from prior events. The smallest events in the dataset illustrate this most directly:

for Pe ≤ 1.45 mm (n = 1,761 events, 8.4% of all records), rainfall amounts below or equal to the

maximum S estimated by the Gash model, the mean CPe f f is only 0.159, meaning 84% is intercepted on

average. Under pre-wet conditions (API7d > 10 mm), CPe f f rises to 0.200, while under pre-dry conditions

(API7d ≤ 2 mm), CPe f f drops to 0.000, 100% interception. This is the carry-over effect Liu (1997)

described: prior wetting reduces the available storage for the current event, allowing a measurable fraction

of even sub-saturation events to reach the forest floor. This effect, first described by Liu (1997) and

corroborated for Mediterranean forests by Limousin et al. (2008), is here demonstrated quantitatively for

a neotropical semi-deciduous Atlantic Forest context.

The dominance of API7d over shorter windows reflects the specific structural and physiological

characteristics of this montane semi-deciduous Atlantic Forest (canopy height 25–30 m; LAI = 4.2±0.6;

forest age 35–40 years; Junqueira Junior et al. (2017)). Schmidt et al. (2020) found that API windows

of up to 7 days are required to capture hydrometeorological memory in humid forests. Furthermore,

while short indices like a 2-day API are frequently used to categorize antecedent moisture conditions

(SIDLE; ZIEGLER, 2017), our results suggest that such short windows are insufficient to fully capture

the delayed drainage dynamics of forests with complex multi-strata canopy architecture. The physical

explanation lies in the storage and drainage capacity of the canopy system: a taller, multi-strata forest with

higher LAI has a larger effective storage volume across multiple canopy layers, bark, branches, mosses,

epiphytes, which requires more time to fully drain between events. Holwerda et al. (2012) demonstrated

that aerodynamic conductance and atmospheric vapour pressure deficit control the evaporative depletion

rate of intercepted water; in this Highland Atlantic Forest (918–920 m a.s.l., humid climate), lower

evaporation rates during wet periods mean the canopy retains moisture longer between consecutive events,

extending the hydrological memory beyond the faster drying cycles typical of more arid or structurally

simpler canopies (ZHANG et al., 2016; LUCAS-BORJA et al., 2023). Furthermore, the accumulation

of litter, epiphytes, and mosses on bark surfaces, typical of humid neotropical secondary forests at this

age, acts as additional slow-draining water storage (PYPKER et al., 2005), functionally increasing the

time constant of the complex canopy reservoir (ZIMMERMANN; ZIMMERMANN, 2014). The 15-day

accumulated precipitation (Precip_sum15d) also ranked among the top predictors (mean |SHAP|= 0.018),

indicating that even slower-draining storage components, potentially including stemflow pathways along

bark and epiphytic communities, contribute meaningfully to the memory signal.

The temporal SHAP analysis reveals an important modulation of this memory effect by the 2014–

2017 multi-year drought documented at this site (RODRIGUES et al., 2021a). The relative importance

of Pe ×API7d increased from 0.012 (pre-drought, 2012–2014) to 0.014 (drought, 2015–2017), while

the primary driver Pe declined from 0.227 to 0.144. This reorganization indicates that under drought
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conditions, the magnitude of individual events became a weaker predictor of interception efficiency

relative to the accumulated moisture deficit, consistent with the structural canopy changes (partial leaf

shedding, reduced LAI, altered drainage pathways) documented for this remnant during the drought period

(RODRIGUES et al., 2021a; GUAUQUE-MELLADO et al., 2026). The forest did not fully recover its pre-

drought importance hierarchy in the post-drought period (2018–2023: Pe |SHAP|= 0.130), suggesting a

persistent alteration of canopy structure and hydrological behavior extending years beyond the drought

itself, a finding consistent with the delayed structural recovery reported for Atlantic Forest remnants

following multi-year moisture deficits (MEIR et al., 2015).

The quantitative scenario simulations (Figure 5.7) provide the most direct evidence that the

physically-enhanced feature set encodes real canopy storage dynamics rather than statistical artifacts.

Under controlled conditions (January, Pe = 20 mm), transitioning from dry (API7d = 2 mm) to wet

(API7d = 40 mm) antecedent conditions increases the mean predicted Pe f f across all 32 monitoring points

by 1.9 mm (+13.5%), with the spatial heterogeneity of this response (range 0.33–0.36 across monitoring

points) reflecting the structural diversity of canopy positions within the forest. This quantitative link

between antecedent indices and throughfall partitioning, reproduced consistently by the model across 10.4

years and 32 spatially heterogeneous monitoring locations, validates the physically-enhanced approach:

the API and Precip_sum features function as proxies for the time-varying effective storage capacity that

classical models treat as static, thereby enabling the ML framework to reproduce a process that Gash-

and Rutter-type models can only approximate with event-by-event recalibration (MUZYLO et al., 2009;

LINHOSS; SIEGERT, 2020).

5.4.3 Critical versus Stable Points: Ecohydrological Hotspots

By contrasting a Critical Point (P120) and a Stable Point (P30), differences of up to 60.8%

in interception fraction were quantified for rainfall events below 15 mm (P120: mean CPe f f = 0.345,

interception fraction = 65.5%; P30: mean CPe f f = 0.593, interception fraction = 40.7%). At the annual

scale, the mean CPe f f at P120 (0.479; IQR = 0.546) is substantially lower and more variable than at P30

(0.718; IQR = 0.327), confirming that P120 operates as a persistent interception hotspot throughout the

monitoring period. Critical points correspond to locations dominated by dense multi-strata canopy with

large basal area, high aboveground biomass, and greater tree diameter—features associated with higher

surface storage capacity (S) and lower direct throughfall (Junqueira Junior et al., 2019; RODRIGUES et al.,

2021a). Stable points—exhibiting more linear relationships and lower seasonal amplitude—correspond

to locations with greater canopy openness or younger recruitment cohorts (RODRIGUES et al., 2021a;

GERMER; ELSENBEER; MORAES, 2006). For small events (Pe < 15 mm), the Critical Point canopy

does not reach saturation and the effective precipitation fraction is disproportionately governed by free
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throughfall through canopy gaps and by the progressive formation of drip points as water is redistributed

along branches (STAELENS et al., 2006; RODRIGUES et al., 2021a).

The seasonal convergence of CPe f f values between P120 and P30 in May (∆ =−0.007; nearly

identical means of 0.633 and 0.625, respectively) deserves particular attention. As noted by the reviewer,

this convergence is unlikely to result from cumulative event-by-event canopy saturation across weeks;

a single moderate event (Pe > 5 mm) is sufficient to saturate the available canopy storage (S ≈ 0.82–

1.45 mm; estimated by Rodrigues et al. (2021a) at the same site). Rather, this pattern likely reflects a

structural canopy transition coinciding with the end of the wet season in May: as the semi-deciduous

Atlantic Forest undergoes partial leaf shedding, the leaf area index decreases, reducing interception

surface at both points toward a common lower bound. This interpretation is consistent with the SHAP

temporal dynamics, which show reduced importance of Pe and Pe ×API7d during transitional months,

suggesting that structural canopy effects temporarily dominate over antecedent moisture effects.

The persistent interception hotspot behavior of P120 has direct implications beyond the water

balance. Critical zones with high interception efficiency act as selective filters that reduce the quantity but

increase the chemical concentration of water reaching the soil, enriching stemflow and throughfall with

canopy-leached nutrients (STAELENS et al., 2006). During the onset of the rainy season and following

the 2014–2017 multi-year drought documented at this site (RODRIGUES et al., 2021a; GUAUQUE-

MELLADO et al., 2026), the buffering capacity of critical zones likely delayed soil moisture recovery

and deep percolation relative to stable zones, a hydrological asymmetry that spatial averaging across

monitoring points would entirely mask. In contrast, the Stable Point (P30), characterized by greater

canopy openness and more efficient lateral drainage, maintained a more linear relationship between gross

precipitation and effective precipitation throughout the study period, making it a more reliable predictor

of water inputs to the soil system under variable rainfall regimes.

5.4.4 Machine Learning as a Diagnostic Tool Beyond the “Black Box”

The integration of Optuna and SHAP transformed the XGBoost algorithm into a diagnostic tool

rather than a purely predictive model. The main discrepancy between traditional feature importance

and SHAP values is that importance rankings favor the categorical intensity variable (Pe_quartile),

whereas SHAP prioritizes the continuous magnitude (Pe). This divergence reflects two distinct physical

mechanisms. Rainfall intensity (Pe_quartile) modulates canopy response through its association with

kinetic energy: high-intensity drops mechanically dislodge intercepted water from leaf surfaces, reducing

the effective canopy storage capacity, and intense events frequently co-occur with wind, which further

reduces storage through aerodynamic evaporation and branch agitation (HOLWERDA et al., 2012).

In contrast, gross precipitation magnitude (Pe) governs the cumulative throughfall response: once the
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canopy storage threshold is exceeded, higher Pe volumes progressively activate the entire internal drainage

network, drip points, stemflow pathways, and branch-channelling, while simultaneously maintaining

continuous water supply to canopy gaps where throughfall is structurally unobstructed. The categorical

quartile feature thus acts as a proxy for the energetic regime of the event, while the continuous Pe captures

the volumetric driver of saturation and drainage activation. This distinction is analogous to that reported

by Nanko et al. (2025), where canopy structural metrics define the initial rainfall partitioning pathways

(drip vs. splash throughfall) while abiotic rainfall drivers dominate the marginal volumetric response event

by event. The temporal dynamics of XGBoost feature importance (Figure 5.9) further illuminate how the

model learns from heterogeneous data across a decade containing both wet and drought conditions.

The model also favored parsimony, disregarding spurious features such as days_without_rain,

instead favoring physically meaningful antecedent water mass variables represented by the API. This selec-

tivity avoids biases associated with spurious correlations (KING et al., 2022) and the over-parameterized

models criticized by Haddad et al. (2013), ensuring that predictions are grounded in real hydrological

processes rather than statistical noise.

A further methodological contribution is its representation of the full spatiotemporal dynamics of

the Matinha forest through a single unified model. Traditional interception models confront a fundamental

trade-off: either the entire forest is treated as a homogeneous unit—introducing spatial aggregation biases

of up to 150% (MUZYLO et al., 2009)—or independent parameter sets must be calibrated for each

monitoring point, requiring in the present case 32 separate model-calibration procedures. The ensemble

architecture trained here overcomes this trade-off by jointly learning the behavior of all 32 spatially

heterogeneous plots by means of a physically enhanced machine learning framework.

5.4.5 Seasonal Fidelity, Aggregation Effects, and the Role of Drought

Despite weak event-scale performance under TSCV, the model reproduced observed monthly

dynamics with high fidelity; temporal aggregation effectively cancels high-frequency noise and reveals

the dominant climatic signal. This phenomenon is well documented: Crockford e Richardson (2000) and

Dilmi et al. (2017) showed that temporal aggregation stabilizes interception estimates, while Muzylo

et al. (2009) argued that interception gains greater hydrological meaning at seasonal and annual scales.

The pronounced bimodal distribution visible in May captures two coexisting hydrological regimes: a

lower-C mode (Q25 = 0.509, concentrated near 0.51) and a higher-C mode (Q75 = 0.925, concentrated

near 0.90). This bimodality is a direct manifestation of the threshold behavior analytically described by

the P′
g and S thresholds in Gash e Morton (1978)’s model but here reproduced data-driven without explicit

parameterization.
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The substantially higher long-term mean interception fraction estimated in this study (38.3%,

C = 0.617) compared to the 18.5% reported by Junqueira Junior et al. (2019) for a shorter monitoring

period reflects the integration of drought-affected years and the framework’s sensitivity to small-event

dynamics. The extended 10.4-year record provides a more ecologically realistic picture of interception

behavior under the variable hydroclimatic conditions characteristic of southeastern Brazil. Annual

interception fractions reveal a consistent downward trend in recent years: from 52.1% in 2012 (September–

December only; mean Pe = 8.8 mm) and 42.9% in 2013, through the drought period (2015: 40.1%; 2016:

40.8%; 2017: 36.5%), to a progressive decline in the post-drought years (2019: 35.4%; 2020: 32.3%;

2022: 31.7%; 2023: 18.9%). This downward trend coincides with a marked increase in mean event size,

Pe rising from 12.5 mm in 2013 to 30.5 mm in 2022, suggesting that the reduction in interception fraction

in recent years is partly driven by larger convective events that more readily saturate and exceed canopy

storage capacity. A post-drought canopy recovery effect, increased leaf area and biomass accumulation

with the return of normal rainfall potentially altering drainage architecture, cannot be excluded, as noted

by Meir et al. (2015) and Guauque-Mellado et al. (2026), though the co-occurrence with larger events

prevents unambiguous attribution. The 2012 value (52.1%) should be interpreted with caution as it covers

only September–December with anomalously small events.

A direct comparison with the observational study of Rodrigues et al. (2022), conducted at the same

Matinha remnant over a six-year period (2013–2019, encompassing 427 events across 31 gauges), further

contextualizes these differences. Using traditional statistical descriptors, the mean relative difference

(MRD), the coefficient of variation (CV), and the time stability index (TSI), they estimated a mean

canopy interception of 22.4% of gross rainfall (range: 17.8%–27.7% across hydrological years), with the

prolonged drought period accounting for 21.7% and the non-drought period for 20.2%. These values are

systematically lower than the 38.3% long-term mean reported here, a discrepancy attributable to three

compounding factors: (i) the present study extends two years earlier (from September 2012) and nearly

four years later (to February 2023), capturing drier antecedent conditions and anomalously small events at

both ends of the record; (ii) the ML framework is explicitly sensitive to sub-saturation small events, events

with Pe ≤ 5 mm represent 30.9% of all records and exhibit a mean interception fraction of 65.5%, nearly

double the long-term average, confirming that small-event dynamics drive the disproportionate increase in

total interception; and (iii) the event-scale effective precipitation coefficient (C) modeled here integrates

stemflow in addition to throughfall, stemflow at this site represents approximately 2–4% of gross rainfall

(RODRIGUES et al., 2021a), contributing at most 3–4 percentage points to the discrepancy, while the

remaining ∼12 percentage points are attributable to the extended monitoring period and the model’s

sensitivity to sub-saturation events. Rodrigues et al. (2022) also showed that events with Pe ≤ 1 mm,

representing 5.3% of all events in our dataset and exhibiting interception fractions of 86.8%, exhibit

the highest spatial variability, with CV stabilizing only above a minimum rainfall threshold. These are

precisely the events that most inflate the long-term interception estimate in the present framework.
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The convergence between both frameworks is equally informative. Rodrigues et al. (2022)

reported that throughfall spatial variability was significantly less time-stable during the drought period

than during the non-drought period, attributing this instability to the combined effect of increased low-

intensity events and canopy structural changes driven by prolonged water deficit. This mechanism is

further supported by the present dataset: our computed drought-period interception (39.3%) versus

non-drought (37.9%) mirrors the directional pattern reported by Rodrigues et al. (2022), though at

a systematically higher absolute level for the reasons described above. The present SHAP analysis

independently corroborates this mechanism: the dominance of Pe ×API7d confirms that antecedent

canopy wetness is the controlling variable across all validation schemes. Similarly, Rodrigues et al. (2022)

identified tree density, mean diameter at breast height (DBH), and aboveground biomass (AGB) as the

dominant forest-structural drivers of throughfall spatial distribution via redundancy analysis (RDA), a

finding directly paralleled by the SHAP contribution of plot-specific indicator variables (e.g., Point_P120

and Point_P42) in the present framework. Both approaches point to the same thing: rainfall partitioning

in the Matinha Atlantic Forest is governed by the interaction between antecedent moisture memory and

fine-scale canopy structural heterogeneity, with drought acting as the primary driver of spatiotemporal

instability.

Moreover, as Meir et al. (2015) and Guauque-Mellado et al. (2026) documented, prolonged

drought induces structural changes in the canopy, accelerated leaf shedding, increased tree mortal-

ity, biomass loss, that progressively alter storage capacity S and canopy openness, introducing a non-

stationarity in the interception response that purely meteorological predictors cannot fully capture.

Incorporating dynamic canopy descriptors such as satellite-derived NDVI or LAI products (OLIVEIRA

et al., 2024; GEBREMEDHIN et al., 2023) is a promising direction for future work.

5.4.6 Synthesis: Reframing the Interception Problem

Rather than answering “how much water is lost,” this study reframes the problem as “how, when,

and where interception losses fluctuate.” Unlike prior approaches that either model the forest as a single

homogeneous body or require independent calibration per spatial point, the proposed framework captures

the full spatiotemporal interception dynamics of the Matinha remnant through a single, transferable

architecture. This architecture integrates ecohydrological theory with interpretable ML to regionalize

effective precipitation in heterogeneous forested landscapes.
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5.4.7 Limitations and Future Directions

Several limitations must be acknowledged. First, the absence of wind speed and sub-hourly

rainfall intensity measurements precludes explicit representation of intra-event dynamics and aerodynamic

evaporation. Second, the static nature of the predictor set does not capture the structural non-stationarity

introduced by drought-driven canopy thinning and tree mortality. Incorporating dynamic remote sensing

indices (NDVI, LAI) as time-varying covariates (OLIVEIRA et al., 2024; GEBREMEDHIN et al., 2023)

would help represent this structural non-stationarity. Third, the framework has been calibrated and

validated for a semi-deciduous tropical forest; generalization to evergreen, boreal, or different rainfall

climatologies should be validated against independent throughfall datasets.

Future work should prioritize: (i) sub-hourly monitoring campaigns to quantify intra-event

uncertainty; (ii) coupled forest-inventory and throughfall monitoring to track how structural changes

under drought propagate into interception hotspot dynamics; and (iii) integration of satellite-derived

canopy descriptors as dynamic predictors.

5.4.8 Potential Applications

Beyond its scientific contributions, the proposed framework offers a scalable blueprint for

operational hydrology in heterogeneous tropical landscapes. The superior spatial transferability of the

XGBoost architecture facilitates the regionalization of net water availability in ungauged or partially

instrumented forested catchments (Junqueira Junior et al., 2019; MELLO et al., 2024). The identification

of critical versus stable plots provides a practical basis for optimizing monitoring networks and targeting

ecohydrological interventions in areas that act as persistent interception hotspots. By leveraging high-

resolution reanalysis or satellite-derived precipitation products, the Intercep-ML platform can simulate

real-time canopy storage dynamics—a capability particularly relevant for mitigating severe hydrological

droughts in Brazilian highland regions (MELLO et al., 2025), where interception losses can drastically

reduce effective recharge during the dry season. These findings also inform the valuation of ecosystem

services, providing a practical statistical basis for programs centered on water-yield conservation and

payment for environmental services (SCHMIDT et al., 2020; RODRIGUES et al., 2021a).

5.4.9 Interactive Model Deployment and Decision-Support Platform

To bridge the gap between predictive modeling and hydrological management, the optimized ML

framework was operationalized through an interactive web-based platform developed using the Streamlit

library. The architecture integrates the best-performing ensemble (optimized XGBoost regressor) to
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dynamically quantify CPe f f , canopy interception loss (IML), and net effective precipitation (Peff,ML).

Users can input rainfall event or continuous time series, upon which the system automatically computes

temporal features and antecedent moisture indices. The platform is publicly accessible at:

https://peff-maps.streamlit.app/

5.5 Conclusions

Physically informed machine-learning frameworks can substantially improve the understanding

and regionalization of rainfall interception and effective precipitation in heterogeneous forest ecosystems.

The following conclusions emerge from more than a decade of high-resolution monitoring integrated

with ensemble learning and model interpretability.

First, the XGBoost-based framework shows strong spatial transferability while also revealing

the temporal non-stationarity of interception at the event scale. The superior performance under spatial

cross-validation (LOPO, R2 ≈ 0.652, KGE ≈ 0.696) confirms that the model successfully internalizes

site-invariant physical controls and enables reliable extrapolation to non-instrumented plots.

Second, the interpretability analysis provides clear physical validation. The dominance of

antecedent precipitation indices and their interaction with event rainfall confirms that interception in

the Atlantic Forest is a state-dependent process controlled by hydrological memory, challenging the

widespread assumption of static storage parameters in traditional interception models.

Third, the results reveal pronounced non-linearities and physical thresholds in rainfall partition-

ing. Seasonal features modulate these thresholds by implicitly capturing phenological changes in the

semi-deciduous canopy, allowing the model to reproduce observed seasonal cycles with high fidelity,

particularly during the dry season (R2 ≈ 0.918).

Fourth, the study identifies ecohydrological hotspots within the forest. The identification of

critical and stable monitoring points—with differences in interception fraction of up to 60.8% for small

events—demonstrates that the Atlantic Forest operates as a spatial mosaic of hydrological sinks and

transmission pathways. Ignoring this sub-canopy heterogeneity through spatial averaging can lead to

substantial bias in water-balance estimates.

Fifth, this work demonstrates that interpretable ML is a diagnostic ecohydrological tool, not only

a predictive one. The combined use of ensemble learning, Bayesian optimization, and SHAP analysis

ensures that model skill reflects physically meaningful processes. This architecture was operationalized

through the Intercep-ML platform, translating methodological advances into a tangible and reusable

product.

Overall, the findings redefine rainfall interception in the Atlantic Forest as a dynamic, memory-

driven, and spatially heterogeneous process. The proposed framework also provides a practical basis

https://peff-maps.streamlit.app/


219

for assessing future water availability under climate-change scenarios, particularly under the increasing

frequency of extreme droughts projected for southeastern Brazil.
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GLOSSÁRIO

Borda score: Multi-objective ranking aggregation method: BordaScore(m)=RankRMSE(m)+RankKGE(m);

the model with the lowest cumulative score performs best

Canopy interception: Fraction of precipitation temporarily retained on plant surfaces (leaves, branches,

bark) and returned to the atmosphere by evaporation, without reaching the soil

Canopy storage capacity: Maximum volume of water the canopy can retain by capillary retention before

drainage begins (S, mm)

Cross-validation: Model evaluation procedure that repeatedly partitions data into training and test

subsets to estimate generalisation performance

Data-driven hydrology: Hydrological modelling approach that relies on machine learning algorithms

and large observational datasets rather than explicit physical equations to represent hydrological processes

Drizzle effect: Tendency of satellite precipitation products to overestimate the frequency of low-intensity

events and underestimate high-intensity events, producing distributions with shorter tails than observed

Ecohydrology: Interdisciplinary field that studies the interactions between vegetation and the hydrological

cycle, including rainfall partitioning, evapotranspiration, and baseflow regulation

Effective precipitation: Fraction of gross rainfall that reaches the forest floor, defined as the sum of

throughfall and stemflow (Peff = Pi +S f )

El Niño–Southern Oscillation (ENSO): Climate phenomenon of interannual variability in the equatorial

Pacific Ocean that modulates precipitation patterns at the global scale

Ensemble learning: Machine learning paradigm that combines multiple base models (e.g., decision trees)

to produce more robust and generalisable predictions

Feature importance: Measure of the contribution of each input variable to a model’s predictions;

computed via SHAP values or internal ensemble metrics

Forest interception: Portion of precipitation captured by the forest canopy and evaporated back to the

atmosphere without reaching the soil

Free throughfall coefficient: Fraction of rainfall that reaches the soil directly through canopy gaps

without contacting the vegetation (p, dimensionless)

Gap-filling: Process of estimating missing values in time series using statistical or machine learning

methods

Gash model: Analytical interception model developed by Gash (1979) that estimates interception losses

from canopy characteristics (S, c̄, Ē/R̄) and rainfall event properties

Gross rainfall: Total rainfall depth measured above the forest canopy before any partitioning by the

canopy occurs

Hydrological memory: Influence of antecedent soil moisture conditions on the current hydrological

response; commonly represented by antecedent precipitation indices (API)
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Hyperparameter tuning: Optimisation of a model’s configuration parameters (e.g., number of trees,

learning rate) that are not learned during training

Leaf Area Index (LAI): Total leaf area per unit ground area (m2 m−2); a structural canopy descriptor

that governs interception, evapotranspiration, and forest microclimate

Outlier: An observation that departs significantly from the expected pattern of the data, potentially

indicating measurement error or a genuine extreme event

Quantile mapping: Bias correction technique that adjusts the cumulative distribution of an estimated

product (e.g., satellite data) to match that of an observed reference: x̂t = F−1
O (FP(xt))

Rainfall reconstruction: Process of estimating missing or unrecorded precipitation data using statistical

methods, interpolation, or machine learning trained on neighbouring stations or satellite products

Rutter model: Continuous interception simulation model (Rutter et al., 1975) that tracks hourly canopy

and trunk water balances using differential equations

South Atlantic Convergence Zone (SACZ): Atmospheric system that manifests as a persistent band of

cloudiness and moisture convergence oriented northwest–southeast, responsible for a substantial fraction

of summer precipitation in southeastern Brazil

Spatiotemporal variability: Variability of a hydrological or climatic process across both spatial and

temporal dimensions simultaneously

Stemflow: Fraction of rainfall intercepted by the canopy and channelled along branches and the trunk to

the soil at the tree base

STL (Seasonal-Trend decomposition via LOESS): Time series decomposition method that separates

trend, seasonality, and residual components using local polynomial smoothing (LOESS)

Throughfall: Fraction of rainfall that passes through the canopy via gaps between crowns or by dripping

from leaves and reaches the soil surface

Water balance: Conservation equation for water in a catchment or ecosystem: P = ET+Q+R±∆S
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