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RESUMO 

O monitoramento e a previsão eficazes de cheias são fundamentais para os modernos 
Sistemas de Alerta Antecipado de Inundações (FEWS), especialmente à medida que 
as mudanças climáticas e a urbanização intensificam a vulnerabilidade hidrológica, 
aumentando a necessidade de estruturas de modelagem de cheias mais adaptativas. 
Embora modelos de Aprendizado de Máquina (ML), como o Perceptron Multicamadas 
(MLP) utilizado nesta pesquisa, ofereçam ferramentas poderosas para previsões 
rápidas e precisas do nível d’água, sua efetividade operacional é frequentemente 
comprometida por dois principais desafios: o aspecto operacional das redes de 
monitoramento, sensíveis à qualidade dos dados, e a natureza “caixa-preta” dos 
próprios modelos ML. Diante disso, esta pesquisa investiga uma metodologia 
integrada que utiliza Inteligência Artificial Explicável (XAI) não apenas para aumentar 
a transparência dos modelos, mas também como ferramenta para avaliar a resiliência 
da rede e priorizar estações de monitoramento críticas. A metodologia é aplicada à 
Bacia do Rio Piracicaba, em São Paulo, Brasil, com foco na cidade de Piracicaba, 
onde as inundações são um problema histórico em meio ao crescimento urbano.  Para 
prever o nível d’água em horizontes de 3 a 24 horas, foi criado um conjunto de 
modelos MLP, empregando dados de 16 estações hidrometeorológicas. Um algoritmo 
de deterioração de dados que simula a falha progressiva e contínua de sensores foi 
utilizado para testar a resiliência da rede (perda de dados de 10% a 100%), 
quantificando o impacto por meio do coeficiente de Eficiência de Nash-Sutcliffe (NSE). 
Simultaneamente, a metodologia SHAP (SHapley Additive exPlanations) foi aplicada 
para elucidar algumas das decisões do modelo, medindo a contribuição de cada 
estação nas previsões e oferecendo uma fundamentação para a interpretação 
hidrológica. O alinhamento entre os testes empíricos de deterioração e as 
interpretações baseadas em XAI fornece evidências de que o modelo conseguiu 
aprender processos hidrologicamente coerentes. Para previsões de curto prazo (3 
horas), a precisão do modelo mostrou-se mais sensível à falha da estação 
imediatamente a montante (713), refletindo a dinâmica de propagação da cheia rio 
abaixo. Para horizontes mais longos (24 horas), a importância deslocou-se para 
estações de meia bacia (55), indicando que o modelo capturou a física do tempo de 
propagação da onda de cheia. Outro achado emergiu ao testar uma rede reduzida 
composta apenas pelas cinco estações mais importantes: embora precisa com menos 
estações, essa rede “otimizada” mostrou-se criticamente frágil, refletindo o fato de que 
estações consideradas redundantes se revelam fundamentais para a resiliência de 
todo o sistema. O trabalho introduz uma nova abordagem que vai além da tradicional 
modelagem de acurácia, focando em uma avaliação mais profunda e voltada à 
resiliência de redes de monitoramento hidrometeorológico. Ao combinar testes 
empíricos de estresse com métodos de XAI, a intenção é oferecer uma abordagem 
mais clara e fundamentada em dados para a manutenção estratégica e a priorização 
dos recursos operacionais, aumentando a confiabilidade dos EWS em um contexto 
hidroclimático cada vez mais incerto. 
 
Palavras-chave: Previsão de cheias, IA Explicável, Resiliência, Sistemas de Alerta, 
Redes de Monitoramento. 
  



 

ABSTRACT 

Effective flood monitoring and forecasting are fundamental to modern Flood Early 
Warning Systems (FEWS), particularly as climate change and urbanization intensify 
hydrological vulnerability, driving the need for more responsive flood-modeling 
frameworks. While Machine Learning (ML) models, such as the Multi-Layer Perceptron 
(MLP) used in this research, offer powerful tools for rapid and accurate stage-level 
prediction, their operational effectiveness is often undermined by two main challenges: 
the operational side of monitoring networks, which are sensitive to data quality, and 
the inherent "black-box" nature of the models themselves. Therefore, this research 
further investigates an integrated framework that leverages eXplainable AI (XAI) not 
only to enhance model transparency but also as a tool to assess monitoring network 
resilience and prioritize critical monitoring gauges. The methodology is applied to the 
Piracicaba River Basin, São Paulo, Brazil, focusing on the flood-prone city of 
Piracicaba. A set of MLP models was developed to forecast water level at lead-times 
ranging from 3 to 24 hours, using data from 16 hydro-meteorological stations. 
Monitoring network resilience was tested by applying a data deterioration algorithm on 
the MLP prediction models, that simulates progressive, continuous sensor failures 
(10% to 100% data loss), with the impact quantified by the Nash-Sutcliffe Efficiency 
(NSE). Concurrently, SHAP (SHapley Additive exPlanations) was employed to unveil 
part of the model's "black box," quantifying each gauge's contribution to the forecasts 
and providing a basis for hydrological interpretation. The complementarity between the 
empirical deterioration tests and the XAI-based interpretations provides evidence that 
the model could learn hydrologically coherent processes. For shorter lead times (3 
hours), the model's forecast accuracy was most sensitive to the failure of the nearest 
upstream gauge, reflecting downstream flood routing dynamics. For longer lead times 
(24 hours), importance shifted to mid-basin gauges, indicating the model captured the 
physics of flood wave travel time. Another finding emerged from testing a reduced 
network of only the five most important gauges: while accurate using less gauges, this 
"optimized" network was critically fragile, reflecting the fact that gauges perceived as 
redundant prove critical to system-wide resilience. This research provides a novel and 
practical framework for moving beyond simple model accuracy modeling to a deeper, 
resilience-oriented assessment of flood monitoring networks. By integrating systematic 
empirical stress-testing with XAI techniques, it aims to deliver a more transparent, data-
driven methodology to guide the strategic maintenance and prioritization of monitoring 
assets, ultimately enhancing the reliability of EWS in an increasingly uncertain hydro-
climatic setting. 
 
Keywords: Flood Forecasting, Explainable AI, Resilience, Warning Systems, Gauging 
Networks. 
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Programa de Pós-Graduação em Saneamento, Meio Ambiente e Recursos Hídricos 

1 INTRODUCTION 

Since the turn of the millennium, hydrological risk has evolved rapidly due to the dual 

pressures of accelerating urbanization and shifting climate patterns. Global climate 

change is intensifying the hydrological cycle, leading to an increased frequency and 

magnitude of extreme events in many regions (Kundzewicz et al.,2013; IPCC, 2021). 

Simultaneously, the expansion of urban centers increases impervious surfaces, which 

reduces infiltration and favors runoff, amplifying flood peaks even under normal rainfall 

conditions (Miller & Hutchins, 2017). This confluence of factors has challenged 

historical assumptions that hydrological systems retain their statistical properties 

constant over time. In this era of non-stationarity beliefs, there is a need for adaptive, 

forward-looking approaches to flood risk management that can tackle properly the 

more uncertain hydrological future. 

In response to this challenge, some solutions moved from a reactive focus on "flood 

protection" towards a more proactive framework of "flood risk management" (Plate, 

2002) by the observed increase in human and economic losses (Dottori et al, 2018). 

This modern approach prioritizes mitigating the consequences of flooding, with the 

Flood Early Warning Systems (FEWS) serving as a central non-structural measure. An 

effective FEWS is designed to provide timely and actionable information to save lives 

and reduce economic damages to flood prone communities (UNISDR, 2009). The 

technical core of any modern FEWS is its monitoring and forecasting component, 

which relies on a network of hydro-meteorological sensors to provide the real-time data 

necessary to predict flood events and accurate hydrological modelling.  

The forecasting modeling of hydrological systems have two main branches: process-

based and data-driven approaches. While traditional process-based models offer 

physical interpretability, their field data necessity and assumptions often limit their 

utility in real-time operational contexts (Cea & Costabile, 2022). In the close past, data-

driven methods, particularly those relying on Machine Learning (ML), have emerged 

as a powerful alternative, with some Deep Learning (DL) architectures like Long Short-

Term Memory (LSTM) networks consistently demonstrating high predictive accuracy 

(Slater et al., 2025). However, the widespread adoption of these high-performing 

models has been criticized by their inherent “black box” nature. This lack of 

transparency hinders trust, making it harder to identify the cause of model failures or 
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confidently act on predictions (Thakker et al., 2020). This challenge has urged the 

adoption of eXplainable Artificial Inteligence (XAI) approaches, a field dedicated to 

making data-driven models more understandable (Gunning et al., 2019). In the context 

of resilient monitoring networks, XAI is a tool to tackle the research gap by moving 

beyond simple performance metrics. It serves as a diagnostic method to identify how 

the model’s reliance on specific gauges is driven by hydrological processes rather than 

just statistical correlations. 

However, even a transparent model remains operationally vulnerable if it relies on a 

fragile flow of information or data source. Although the data-driven methods in 

engineering are rising in popularity (Montáns et al., 2019), it has also introduced a 

dependency on data quality. Data-driven algorithms are bound by the information 

quality of their training sets (Li et al., 2023), lacking the physical intuition to identify 

corrupted inputs. In the absence of explicit redundancy to cross-verify readings, a 

'black box' model may treat sensor errors as valid hydrological signals. This results in 

plausible-looking but incorrect predictions, hindering the ability of operators to perform 

the fault diagnosis necessary for a resilient monitoring network (Jung & Axelsson, 

2024). 

This leads to the central problem addressed by this research, which lies at the 

intersection of two critical challenges: the need for transparency in data-driven models 

and the operational reality that the monitoring networks data are vulnerable and prone 

to failure (Nguyen et al., 2021). This vulnerability is critical, since the reliability of the 

entire warning chain based on data-driven models is fundamentally dependent on the 

integrity and performance of the gauging network, without model reliance on coherent 

physical processes but rather on statistical correlations (Kirchner, 2006; Maier et al., 

2024).  While XAI has been used to interpret those models behaviors under ideal data 

conditions, there is a gap for a framework that uses it as a diagnostic tool to 

systematically assess the resilience of a forecasting system to the inevitable reality of 

network failures. The hypothesis driving this work is that a network prioritized based 

on hydrological consistency, validated through an XAI-integrated framework, will 

exhibit superior resilience compared to one based solely on statistical performance. 

Thus, this research moves beyond the question of "how accurate is the model?" to 

address a more operational question: "how robust is the warning system when its 
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components fail, and which components could be the most critical to its resilience?" 

This work proposes to contribute to the state of the art by extending the methodology 

proposed by Menapace et al. (2025), integrating progressive data deterioration with 

XAI to assess network resilience and provide a evidence-based framework for 

prioritizing critical monitoring gauges. 

2 OBJECTIVES 

2.1 General Objective 

To evaluate the resilience of a data-driven FEWS to monitoring network failures by 

means of an explainable AI approach. 

2.2 Specific Objectives 

• To quantify the impact of missing input data on model accuracy using a time-

series deterioration algorithm and performance metrics. 

• To identify critical monitoring gauges by correlating XAI-based feature 

importance with performance degradation under sensor failure, highlighting 

gauges with the greatest impact on prediction accuracy. 

• To assess the hydrological significance of model predictions to improve 

transparency and support decision-making in flood forecasting. 

3 LITERATURE REVIEW 

3.1 Early Warning Systems 

The traditional approach to managing flood events has historically been centered on 

the paradigm of flood protection, a reactive strategy focused on containing floodwaters 

through structural defenses like dikes and levees. However, a series of catastrophic 

floods over the last several decades has demonstrated that absolute protection is both 

unachievable and unsustainable (Schanze, 2006). This recognition has catalyzed a 

significant paradigm shift towards a more proactive and holistic framework of flood risk 

management (Plate, 2002). This modern approach accepts that some level of residual 

risk is inevitable and therefore broadens the focus from solely preventing inundation to 

mitigating the adverse consequences for human health, the environment, and 

economic activity. 
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Within this comprehensive risk management framework, non-structural measures have 

gained prominence, and among the most critical of these is the FEWS. This type of 

warning system is not merely a technical tool but an integrated network of people and 

processes designed to prevent loss of lives and reduce property damage by providing 

timely and effective information (Collins & Kapucu, 2008). The UNISDR defines a 

complete and effective, people-centered FEWS as being built upon four essential and 

interlinked components: (1) Risk Knowledge; (2) Monitoring and Forecasting; (3) 

Warning Dissemination and Communication; and (4) Response Capability (UNISDR, 

2009). The socio-economic benefits of such systems are significant, with studies 

demonstrating that effective warnings can substantially reduce flood damages, 

although this is highly dependent on factors like warning lead time and the public's 

capacity to take protective action (Parker et al., 2007). 

The Monitoring and Forecasting component, which forms the technical core of the 

system, has undergone a significant technological evolution. Historically, monitoring 

relied on manual readings from staff gauges, which provided valuable but often 

delayed data. The advent of weather radar represented a major leap forward, providing 

the ability to estimate rainfall intensity over large areas with high spatial and temporal 

resolution (Mimikou & Baltas, 1994). While radar presents its own challenges, such as 

calibration and signal interference, it has become a cornerstone of modern forecasting, 

especially for flash floods where lead times are short (Binetti et al., 2022). This 

evolution has continued with the development of automated, real-time sensor 

networks. Modern systems, such as the one described by Sunkpho & Ootamakorn 

(2011), utilize a network of wireless sensors to monitor water level, streamflow, and 

precipitation, transmitting data in real-time via telemetry to a central server. This 

continuous stream of high-resolution data from multiple sources is the essential input 

that powers the sophisticated forecasting models at the heart of any modern FEWS. 

Recent systems increasingly leverage machine and deep learning algorithms to 

enhance prediction capabilities and integrate with advanced flood alert systems 

(Hayder et al. (2023). 

3.2 Methodological Advances in Hydrological Forecasting 

The forecasting engine at the core of a modern FEWS has evolved significantly over 

the past decades, largely following two parallel but distinct methodological paths: 
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process-based modeling and data-driven modeling (Gauch et al., 2020). The choice 

between these approaches often involves a trade-off between physical interpretability 

and predictive accuracy. 

3.2.1 Process-based models 

Process-based models represent the traditional approach to hydrological forecasting. 

These models attempt to explicitly simulate the physical processes of the land phase 

of the hydrological cycle, such as infiltration, runoff, and channel routing, based on 

fundamental physical laws like the conservation of mass and energy. They range in 

complexity from simpler, lumped conceptual models, which use simplified reservoir 

representations of basin storage, to complex, physically-based distributed models that 

solve differential equations (e.g., the Saint-Venant equations for shallow water flow) 

over a discretized grid representing the basin (Cea & Costabile, 2022). 

The most prominent strength of process-based models relies on their physical 

interpretability and stakeholder visibility. Because their parameters are intended to 

represent tangible physical properties (e.g., soil type, land use and occupation, water 

infiltration, groundwater storage), they offer a way to explain which mechanisms  are 

driving the basin’s response. This makes them valuable tools for exploring what-if 

scenarios, such as the potential impacts of land-use change or different climate futures 

(Yuan et al., 2015). 

However, in an operational forecasting context, process-based models face some 

limitations. They are notoriously data-intensive, often requiring extensive, high-quality 

field data on meteorology, topography, soil properties, and land cover for proper 

calibration and validation (Cea et al., 2010). Furthermore, they could be computational 

expensive especially for large-scale, high-resolution applications or for systems that 

require rapid, ensemble-based forecasts, limiting the application of such modeling in 

the FEWS context. The forecasting chain often begins with meteorological inputs from 

Numerical Weather Predicion (NWP) models or rainfall nowcasting systems, which 

have their own inherent uncertainties that propagate through the hydrological model, 

adding another layer of complexity to the modeling (De Luca et al., 2025; Yuan et al., 

2015). 



21 

 

Programa de Pós-Graduação em Saneamento, Meio Ambiente e Recursos Hídricos 

3.2.2 Machine Learning models 

In parallel with advances in process-based physical models, recent years have 

witnessed a surge in the application of data-driven methods for engineering (Montáns 

et al., 2019). In particular, ML has become increasingly prominent in flood forecasting 

(Kuhaneswaran et al., 2025), enabled by the exponential rise in computational power 

and the widespread availability of monitoring data (Montáns et al., 2019). However, 

this abundance often introduces significant data redundancy, where vast amounts of 

collected information contribute little to model performance (Li et al., 2023). While 

some redundancy is necessary for system robustness (Jung and Axelsson, 2024), 

recent studies suggest that exploiting this redundancy is essential for optimizing 

computational efficiency (Chen et al., 2023). 

This approach can have some advantages in an FEWS operational context. ML 

models are generally less demanding in terms of the variety of input data and specific 

domain knowledge they require, and their computational cost during inference (i.e., 

making a prediction) could be lower than that of complex physical models, making 

them well-suited for real-time and short-term applications (Muñoz et al., 2021). The 

Artificial Neural Networks (ANNs), and specifically the MLP adopted for the modeling 

in this research, has been a foundational tool. However, the field has advanced to 

embrace more sophisticated architectures capable of handling the temporal 

dependencies inherent in hydrological time-series (Tripathy & Mishra, 2024) and also 

within broader modeling frameworks to leverage diverse data sources and model 

structures (Frame et al., 2025). Models like the LSTM network have become the 

standard for many sequential data problems. Indeed, deep learning approaches have 

demonstrated capability for predicting hydrological extremes, sometimes 

outperforming traditional physical and statistical methods (Frame et al, 2022). 

Recent research continues to push the boundaries of what is possible in the field of 

data-driven models for hydrology. State-of-the-art models now incorporate even more 

advanced architectures, such as Convolutional Neural Networks (CNNs) for capturing 

spatial patterns in rainfall, Attention Mechanisms, and Transformers, which have 

shown exceptional performance in long-sequence forecasting (Xu et al., 2023; Zhao et 

al., 2025). Furthermore, techniques like Graph Neural Networks (GNNs) are being 
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explored to explicitly incorporate the spatial connectivity of the river network into the 

model architecture (Liu et al., 2023). 

Despite their high predictive accuracy, the primary challenge hampering a widespread 

adoption of ML models in critical, high-stakes decision-making is their "black box" 

nature. Because these models learn representations of the system that are not directly 

tied to physical principles or variables, it can be difficult for the government specialists, 

stakeholders and water managers to understand how the forecasting is being made. 

This lack of transparency hinders trust and makes it difficult to explain a model  missed 

forecast for extreme events that may be outside the range of the training data. This 

has led to a growing field of research that focus on attempts to produce physically 

plausible and consistent ML models results (Kingston et al., 2005) and the 

development of Physics-Informed Neural Networks (PINNs) frameworks that aim to 

blend the predictive power of data-driven models with the physical constraints of 

process-based models (Bhasme et al., 2022). 

3.3 Network Integrity and Data Quality 

While the methodological sophistication of forecasting models has advanced 

significantly, their performance is fundamentally constrained by the quality and 

availability of the input data they rely upon. The most advanced model, whether 

process-based or data-driven, will produce unreliable forecasts if it is fed with 

incomplete or inaccurate data. This section reviews the literature on the operational 

challenges of maintaining the integrity of monitoring networks and the documented 

impact of data deterioration on model performance. 

3.3.1 Sensor Failure and Maintenance in Monitoring Systems 

Hydro-meteorological monitoring networks are one of the critical parts of any FEWS 

chain, yet they are inherently vulnerable to a range of failures. In real-world operational 

settings, sensors are exposed to harsh environmental conditions, leading to data gaps 

from technical malfunctions, power supply interruptions, or physical damage during the 

very flood events they are designed to monitor (Nguyen et al., 2021). Furthermore, 

data transmission via telemetry systems can be disrupted, leading to communication 

losses that create gaps in the real-time data stream. Quality assurance and control are 
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therefore critical, continuous processes required to identify and correct for anomalies 

or errors in the data before they are used for forecasting (Branisavljević et al., 2009). 

The design, installation, and ongoing maintenance of these networks represent a 

significant logistical and financial challenge for the agencies responsible. The high 

costs associated with both capital investment and regular maintenance mean that 

networks are often sparse, particularly in developing regions or remote areas. This 

reality has led to a field of research focused on the optimal design of monitoring 

networks. Given that resources are finite, a critical question arises: what is the most 

cost-efficient number, type, and positioning of sensors required to achieve a target 

level of forecasting accuracy (Grimaldi et al., 2024). This line of research moves 

beyond simply adding more sensors and focuses on maximizing the informational 

value of each gauge. Recent work in snow hydrology, for instance, has shown that 

strategically monitoring localized hotspots, areas with untapped predictive power, can 

improve water supply forecasts more effectively than expensive, basin-wide mapping. 

This research demonstrates that the greatest gains in prediction come from measuring 

in the right places, not necessarily everywhere (Raleigh et al., 2025). This concept of 

informationally-rich hotspots is directly analogous to the challenge of identifying the 

most critical gauges in a flood monitoring network, a concept central to designing 

parsimonious yet effective FEWS. Recent studies, such as Menapace et al. (2025), 

have demonstrated how interpretable machine learning can be employed to formalize 

this prioritization, providing a data-driven framework for identifying the most influential 

sensors within a network. 

3.3.2 The Impact of Data Deterioration on Model Performance 

The inevitability of sensor failure means that missing values are a common problem in 

hydrological time-series. The process of filling these gaps, known as data imputation, 

has been extensively studied. A variety of techniques exist, ranging from simple 

statistical methods like interpolation to more complex data-driven approaches using 

machine learning (Kornelsen & Coulibaly, 2014). While these methods can provide 

reasonable estimates, they all introduce a degree of uncertainty and can never 

perfectly replicate the true, unobserved data (Gauch et al., 2025). Managing 

uncertainties is a persistent challenge in flood forecasting, particularly when using 
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data-driven approaches, which can be sensitive to input variations and model structure 

(Han et al., 2007). 

The impact of this data scarcity on model performance is a significant concern. The 

challenge of prediction in ungauged basins has been a major research focus in 

hydrology for decades, aiming to produce reliable forecasts in locations with little to no 

historical data (Yanto et al., 2017). This problem is conceptually similar to forecasting 

with a deteriorated network, as both scenarios force models to operate with incomplete 

information. Recent studies have shown that ML models, particularly when combined 

with global precipitation datasets, can provide reliable flood predictions even in 

ungauged areas, demonstrating their potential to overcome some of the limitations of 

data scarcity (Nearing et al., 2023). Recent studies have shown that ML models 

combined with global precipitation datasets, can provide reliable flood predictions even 

in ungauged areas, demonstrating their potential to overcome some of the limitations 

of data scarcity (Rasheed et al., 2024). More advanced techniques like data 

assimilation offer a formal framework for integrating real-time observations with model 

predictions to correct for model errors and update the system's state, providing a robust 

method for handling imperfect and incomplete data streams (Zhang et al., 2024). 

Collectively, this body of research underscores a critical point: the performance and 

reliability of any flood forecasting model are directly tied to the integrity of its input data, 

and the ability to function effectively under conditions of data deterioration is a key 

measure of a system's operational resilience. 

3.4 XAI for Understanding BlackBox Models 

The black box drawback inherent in many high-performing ML models poses a 

significant barrier to their adoption in high-stakes fields like flood risk management, 

where decisions have direct consequences for public safety and infrastructure 

(Thakker et al., 2020). When a model cannot explain why it produced a certain forecast, 

it becomes difficult for human experts to trust its predictions, diagnose failures, or 

responsibly manage the system. This aligns with the long-standing call within 

hydrology to ensure models are 'getting the right answers for the right reasons, as 

stated by Kirchner (2006). This challenge has given rise to the rapidly growing field of 

XAI, which aims to develop methods that render the decisions and predictions of 

complex models understandable to humans (Gunning et al., 2019). 
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3.4.1 Principles of XAI 

The field of XAI distinguishes between two fundamental concepts: interpretability and 

explainability (Adadi & Berrada, 2018). Interpretability refers to the extent to which a 

model's internal mechanics can be understood by a human. Simpler models like linear 

regression are inherently interpretable because the relationship between inputs and 

outputs is transparent. In contrast, complex models like deep neural networks are 

generally less interpretable. Explainability, on the other hand, refers to the ability to 

generate a human-understandable description of a model's decision-making process, 

even if the model itself is a black box. This is the primary goal of XAI (Samek et al., 

2019). 

XAI techniques are often categorized as either model-specific or model-agnostic. 

Model-specific methods are designed for a particular class of models (e.g., decision 

trees), while model-agnostic methods can be applied to any machine learning model, 

regardless of its internal structure (Ribeiro, Singh & Guestrin, 2016). This flexibility has 

made model-agnostic techniques particularly popular. One of the most prominent of 

these is SHAP, which is used in this research. The SHAP methodology is based on 

the concept of Shapley values from cooperative game theory, which provides a 

principled way to fairly attribute the contribution of each input feature to the outcome 

of the model's prediction. For each prediction, SHAP assigns a value to each input 

feature that represents its marginal contribution to pushing the prediction away from a 

baseline value, providing a powerful, theoretically grounded method for understanding 

feature importance (Lundberg & Lee, 2017). 

3.4.2 Applications of XAI in Hydrology 

The application of XAI in hydrology is a relatively new but rapidly expanding area of 

research, driven by the need to ensure that powerful ML models are not only accurate 

but also hydrologically plausible and trustworthy (Slater et al., 2025). Researchers 

have begun to apply XAI techniques to "peek inside the black box" of hydrological ML 

models to achieve several key objectives. 

First, XAI has been used to validate how models are learning physically meaningful 

relationships. For instance, studies have used XAI to confirm that models correctly 
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identify antecedent precipitation and soil moisture as key drivers of runoff, aligning the 

model's learned behavior with established hydrological principles (Başağaoğlu et al., 

2022). This helps to ensure that a model is getting the right answer for the right 

reasons, a crucial step in building confidence that it will generalize to unseen conditions 

(Kingston, Maier & Lambert, 2005). 

XAI revealing which input features a model is relying on most heavily, hydrologists can 

identify when a model might be learning spurious correlations from the data or 

exhibiting unexpected behavior. Furthermore, XAI is being applied to solve specific 

operational challenges, such as found in Menapace et al. (2024), that used an 

interpretable ML framework to directly address the problem of sensor prioritization, 

demonstrating how XAI can move beyond model explanation to guide strategic 

decisions in network design and management. Ultimately, the goal is to foster a 

responsible and effective use of AI in hydrology, where the predictive power of ML is 

guided and validated by human expertise and domain knowledge (Maier et al., 2024). 

3.5 Research Gap 

This review has traced the parallel evolution of several key domains in flood risk 

management: the establishment of comprehensive FEWS, the methodological 

differences between process-based and data-driven forecasting models, the 

operational challenge of monitoring network data integrity, and the emergence of XAI 

to build trust in data-driven models. 

The current body of research shows three distinct, but largely separate, streams of 

development. The first is the ongoing quest for higher predictive accuracy, where 

complex ML model architectures are consistently demonstrating superior performance. 

The second is the acknowledgment of operational reality, where studies on network 

design and data scarcity underscore that real-world monitoring systems are prone to 

failure. The third stream is the drive for transparency, where XAI methods are being 

applied to understanding each model’s learning process and identify how the ML 

models are learning hydrologically relationships. 

The literature demonstrates that even though significant research has focused on 

improving the accuracy of forecasting models, and XAI has been used to understand 
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their internal logic, a critical research gap exists. Recent work, such as Menapace et 

al. (2025), has successfully applied interpretable machine learning to create a static 

prioritization of sensors, providing a valuable framework for maintenance planning. 

However, this approach primarily addresses the question of which sensors are 

important in a fully functional network, just removing entire gauging station’s data. 

What remains underexplored is the more dynamic and operationally critical question 

of how the entire system behaves under different stress conditions. There is 

opportunity for a framework that uses XAI not just for static ranking, but as a diagnostic 

tool to systematically assess the resilience of the forecasting system to the inevitable 

reality of network failures. By integrating these separate research stream, XAI to 

interpret model performance under progressive data deterioration and in different 

seasonal conditions, this thesis aims to contribute to the state of art in this gap, 

providing a novel methodology for assessing and enhancing the resilience of flood 

monitoring networks. 

4 METHODOLOGY 

This chapter outlines the methodological approach adopted to evaluate the resilience 

of flood monitoring networks and prioritize its gauges’ importance using an XAI 

framework. The methodology is structured to first describe the study area (subchapter 

4.1) and the dataset adopted in this research (subchapter 4.2), followed by the 

development and training of the machine learning model (subchapter 4.3). 

Subsequently, the experimental design for testing network resilience through simulated 

data failures (subchapter 4.4) and the application of XAI techniques for model 

interpretation is detailed (subchapter 4.5). Finally, the integrated framework used to 

synthesize these results for a comprehensive resilience assessment is described 

(subchapter 4.6). 

4.1 Study Area 

The Piracicaba River basin is a significant component of the larger Piracicaba-

Capivari-Jundiaí (PCJ) river basin system, which spans across the states of São Paulo 

and Minas Gerais in southeastern Brazil. The basin has critical importance due to its 

high population density, industrial and agricultural activity, and historical susceptibility 

to flood events, particularly in its downstream urban centers. Piracicaba City was 



28 

 

Programa de Pós-Graduação em Saneamento, Meio Ambiente e Recursos Hídricos 

selected as the focal point of this study due to its historical vulnerability to inundation 

and data availability. As characterized by Ferraz et al. (1998), the combination of the 

city's topography and intensifying urban occupation has established distinct flood-

prone zones. As illustrated in Figure 4.1, the study area comprises part of the 

Piracicaba River basin, which is formed by the confluence of the Atibaia and Jaguari 

rivers, which are its main tributaries. 

  

Figure 1 – Location, topography, and hydro-meteorological monitoring network of the 
Piracicaba River basin 

Source: The author (2025). 

The topography plays a crucial role in its hydrological response. The headwaters, 

located in the eastern portion of the basin, are characterized by higher elevations, 

reaching up to 1,960 meters above sea level (masl). This mountainous terrain 

contributes to rapid runoff generation during rainfall events. In the downstream portion, 

the terrain transitions to a gently sloping plain with elevations close to 462 masl, where 

the main urban areas, including the city of Piracicaba, are located. These topographical 

gradient influences both runoff onset and the flood wave propagation. In the upstream 

portion of the basin, Ferrasols are more proeminent, while in the middle and 
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downstream parts, Lixisols and Rhodic Ferrasols are encountered (Machado et al., 

2025). The middle and downstream portions of the basin are also the more urbanized 

ones, thus contributing more intensely with runoff. Moreover, land use has shifted 

considerably over recent decades across the basin, marked by the expansion of 

sugarcane agroindustry and urban areas, often replacing pasture and native 

vegetation. Projections suggest these trends may continue, potentially altering runoff 

characteristics in the Piracicaba Basin (Machado et al.,2025). The selected Piracicaba 

River subbasin has an area of approximately 8889 square kilometers (km²), while the 

selected Atibaia River subbasin has an area of 2814 km² and the selected Jaguari 

subbasin has an area of 4340 km². 

With a population of 423,323 (IBGE, 2022), this urban center is particularly vulnerable 

to flooding, making accurate and timely forecasts essential. The basin’s concentration 

time, a key indicator of its response speed, was estimated using the Kirpich equation, 

resulting in approximately 56 hours. The geographical distribution of these monitoring 

stations in relation to the river network and topography is shown in Figure 1. 

4.2 Monitoring network, data acquisition and pre-processing 

This section details the process of acquiring the necessary hydro-meteorological data, 

the sources from which it was obtained, and the preprocessing steps to prepare it for 

use in the machine learning model. 

4.2.1 Dataset Description and Sources 

The Piracicaba River basin is monitored by a hydro-meteorological sensor network 

composed of gauges that provide both water level and precipitation data. For this 

study, a network of 16 gauges distributed across the basin was selected to capture its 

hydrological variability. The target point for the flood forecasting model is gauge 46, 

located at the downstream end of the basin in the city of Piracicaba. 

The gauges were filtered by time-series data availability, using 10% failure threshold 

to select only the stations with admissible gaps. For each station, two variables were 

used: water level, measured in meters, and accumulated precipitation, measured in 

millimeters. The data is available at a high temporal resolution of 10 minutes, which 
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could be useful for capturing the dynamics of rapidly developing flood events and 

providing timely forecasts. 

The historical data selected spans a continuous five-year period, from January 1, 2018, 

to December 31, 2022. This timeframe was chosen to include a representative range 

of hydrological conditions, encompassing multiple wet and dry seasons and flood 

events of different magnitudes, with minimum gaps within the time-series. The data 

was sourced from the Department of Waters and Energy (DAEE-SP), the São Paulo 

agency responsible for managing water resources and operating the state hydrometric 

network. The general hydrological behavior of the basin during this period is illustrated 

in Figure 4.2, which shows the rainfall input and the corresponding water level 

response at the outlet gauge (gauge 46 in Figure 1). This visualization clearly depicts 

the seasonal patterns and the cause-and-effect relationship between precipitation 

events and river level fluctuations during the different seasons. Each selected rainfall 

and water level gauges can be found in Appendix A. 

  

Figure 2 – Hydro-meteorological time-series for the study window (2018-2022) in Gauge 46. 

Source: The author (2025). 

4.2.2 Data Filling and Partitioning 

Field measured data is often subject to imperfections such as missing values, which 

can arise from sensor malfunctions, power outages, or data transmission errors. As 

previous stated, the dataset adopted for this research was filtered to allow maximum 
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10% data gaps in each gauge variable. For the data-driven modeling, it is necessary 

to ensure the continuity of the time-series, so a data processing protocol was 

implemented. Missing data points were handled using linear interpolation, a standard 

method chosen for its simplicity and effectiveness in filling short, incidental gaps 

without introducing significant bias or distorting the natural variability of the data 

(Kornelsen & Coulibaly, 2014). Following the filling process, the complete dataset was 

partitioned into two subsets for model training and validation. Division of the data set 

into validation and training sets is a crucial step when building a model since it avoids 

the test being biased by information that the model has previously encountered (Hastie 

et al., 2009). Splitting the data is done to ensure that the validation accounts for the 

ability of the model to generalize new data that is yet unknown and is essential in 

determining the predictive ability and robustness of the model when deployed in real 

scenarios.  

As shown in Figure 3, the first 80% of the dataset (from January 2018 to December 

2021) was allocated as the training set, used for the model to learn the complex 

relationships between rainfall, runoff, and river stage. The final 20% of the dataset 

(from December 2021 to December 2022) was reserved as the validation dataset. This 

held-out set was used exclusively for evaluating the final model's performance and for 

conducting the subsequent data deterioration and resilience experiments, providing an 

unbiased assessment of the model's generalization capability.  
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Figure 3 – The 16 hydro-meteorological time-series partition for model training (80%) and 
validation (20%). 

Source: The author (2025). 

4.3 Machine Learning Framework 

An MLP, a type of feedforward ANN, was selected as the core of the flood forecasting 

model. The choice was motivated by the MLP's established effectiveness in 

approximating complex non-linear functions, its suitability for time-series regression 

problems, and its relative simplicity and computational efficiency (Schalkoff, 1997). 

4.3.1 Model Architecture and Input Configuration 

The MLP model is structured as a fully connected network consisting of an input layer, 

one or more hidden layers, and an output layer (Haykin, 2009). For this study, the 

model receives as input a vector of historical data, which includes past water level and 

precipitation values from all 16 gauges in the monitoring network. The model's output 

is a single value: the forecasted water level at the target gauge (46) for a specific lead 

time. 

To address the operational needs of a flood early warning system, which requires 

forecasts at various lead times, a separate and independent MLP model was trained 

for each desired lead time: 3, 6, 9, 12, 18, and 24 hours. This approach results in six 
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specialized models, each optimized for a specific lead time, as recommended by the 

World Meteorological Organization (2015) for short-term forecasting. The final 

architecture for each model, determined by grid searching, consists of 31 inputs, a 

single hidden layer with 128 neurons, and a single-neuron output layer, as presented 

in Figure 4. This architecture was achieved since each gauge has both rainfall and 

water-level data and 16 gauges were adopted for the modeling, and the model should 

predict water level in the target gauge (46). The hidden layer size and number of 

neurons was defined by a gridsearch. 

 

Figure 4 – Adopted MLP Modeling Architechture for different lead times. 

Source: The author (2025). 

This analysis frames the specific learning task for the MLP model, to capture the 

complex, non-linear transformation of a sparse, highly variable, and intermittent rainfall 

input into a continuous, time-lagged, and attenuated water level output, while 

accurately predicting the extreme peaks that constitute flood events. Recognizing 

these distinct data characteristics is fundamental not only for model accuracy but also 

for interpreting its performance and resilience under the stress scenarios explored in 

subsequent sections. 

4.3.2 Mathematical Formulation and Learning Process 

The fundamental operation within an MLP is the neuron. During the forward 

propagation phase, each neuron in a layer receives inputs from all neurons in the 
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preceding layer. It computes a weighted sum of these inputs, adds a bias term, and 

then passes the result through a non-linear activation function. Mathematically, the 

output of a neuron is given by: 

𝑦̂ = 𝑓 (∑ 𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

) Equation 1 

• 𝑥𝑖 are the input values; 

• 𝑤𝑖 are the weights; 

• b is the bias; 

• 𝑓(𝑥) is the activation function. 

The activation function introduces non-linearity into the model, which is crucial for 

learning complex patterns that cannot be captured by a simple linear model (Hornik et 

al., 1989; Bishop, 1995; Goodfellow et al., 2016). For this research, the Rectified Linear 

Unit (ReLU) was chosen as the activation function for the hidden layers, defined as 

𝑓(𝑥) = max(0, 𝑥). The ReLU function is widely used due to its computational efficiency 

and its effectiveness in mitigating the vanishing gradient problem during training 

(Glorot and Bengio, 2010). 

The network calibrates its internal parameters through a process called 

backpropagation (Rumelhart et al., 1986, Haykin, 2009). After a forward pass, the 

model's prediction is compared to the actual observed value aiming to optimize a loss 

function. For this regression task, the Mean Squared Error (MSE) was used, which 

measures the average squared difference between the observed and predicted values: 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

 Equation 2 

• n is the number of observations; 

• 𝑦𝑖 is the observed value in the time step i; 

• 𝑦̂𝑖 is the forecasted value in the time step i; 

The backpropagation algorithm calculates the gradient of this loss function with respect 

to each weight and bias in the network. These gradients are then used by an 

optimization algorithm to update the weights and biases in the direction that minimizes 

the loss. For this study, the Adaptive Moment Estimation (Adam) optimizer was 
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employed, a sophisticated algorithm that adapts the learning rate for each parameter, 

leading to efficient convergence (Kingma & Ba, 2014). This iterative process of forward 

propagation, loss calculation, and backpropagation is repeated for 75 epochs until the 

model's performance on a validation set ceases to improve, thus preventing overfitting. 

Figure 5 shows a schematic for the ML framework adopted. 

 

Figure 5 – MLP Schematic for a 2 input layers, 4 neurons and 1 output layer. 

Source: The author (2025). 

4.3.3 Performance Evaluation 

While MSE is used to train the model, its performance on the unseen test set was 

primarily evaluated using the NSE coefficient (Nash & Sutcliffe, 1970) and the KGE 

coefficient (Gupta et al., 2009).  

The NSE is a normalized statistic that determines the relative magnitude of the residual 

variance compared to the observed data variance. It is a standard performance metric 

in hydrology and is calculated as: 

𝑁𝑆𝐸 = 1 −  
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 Equation 3 

• n is the number of observations; 

• 𝑦𝑖 is the observed value in the time step i; 
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• 𝑦̂𝑖 is the forecasted value in the time step i; 

• 𝑦̅ is the mean of observed time-series. 

An NSE of 1 corresponds to a perfect match between predicted and observed data. 

An NSE of 0 indicates that the model predictions are as accurate as the mean of the 

observed data, while an NSE less than 0 suggests that the observed mean is a better 

predictor than the model. 

The Kling–Gupta Efficiency (KGE) was also calculated to provide a different approach 

to performance evaluation by decomposing model errors into correlation, bias, and 

variability components. The KGE is defined and calculated by: 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛽 − 1)2 + (𝛾 − 1)2 Equation 4 

• r is the Pearson correlation coefficient between observed and simulated data; 

• 𝛽 =
µ𝑠

µ0
 is the bias ratio, comparing the mean of simulated (µ𝑠) and observed data 

(µ0); 

• 𝛾 =
𝐶𝑉𝑠

𝐶𝑉0
=

𝜎𝑠 µ𝑠⁄

𝜎0 µ0⁄
 is the variability ratio, comparing the coefficients of variation of 

simulated and observed series. 

A KGE value of 1 indicates perfect fit between observed and simulated data, while 

values close to zero indicates less accurate performances. Negative KGE values 

indicate that the model performs worse than a simple mean-based prediction. 

4.4 Experimental Design for Network Resilience Analysis 

To quantify the resilience of the monitoring network and identify critical gauges, a 

systematic data deterioration experiment was designed. This involved intentionally 

degrading the quality of the input data fed to the already-trained MLP models and 

observing the impact on forecast accuracy. 

4.4.1 The Time-Series Deterioration Algorithm 

A custom algorithm was developed to simulate sensor failure in a realistic manner. 

This algorithm is based on the methodology proposed by Menapace et al. (2025), 

which they validated in the South Tyrol basin. However, instead of removing individual 

data points, which is less representative of a real-world outage, the proposed refined 

algorithm applies deterioration in continuous blocks. For a selected gauge, the 
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algorithm randomly selects starting points within the validation set's time-series. From 

each starting point, it replaces a block of consecutive data points with zeros, simulating 

a complete loss of signal. The length of each block is set to be equal to the forecasting 

lead time of the model being tested (e.g., for the 3-hour forecast model, the block length 

is 3 hours of 10-minute intervals).  Extending the approach presented by Menapace et 

al. (2025), this study implements a progressive data deterioration, ranging from 10% 

to 100% of each gauge’s time series. This analysis aims to identify the sensors 

resilience thresholds, quantifying the extent of data loss each gauge can sustain before 

forecast accuracy is compromised. 

The algorithm was applied only to the water level (FLU) data for each gauge in an 

iterative manner, as this variable is more directly indicative of a gauge's operational 

status for flood routing and has a stronger autocorrelation, making its loss more 

impactful than intermittent rainfall data (Menapace et al. 2025). To ensure the 

experiment is repeatable, a fixed random seed equal to 12 was used for the selection 

of deterioration blocks. An example of deteriorated time series, for gauge 713, is 

illustrated in Figure 6. 
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Figure 6 – Time series deterioration in blocks in gauge 713 for 20% data loss. 

Source: The author (2025). 

4.4.2 Scenario Definition 

The deterioration process was applied under a comprehensive set of scenarios 

designed to systematically probe the network's weaknesses. This multi-faceted 

approach allows for a robust analysis of each gauge's importance under various 

conditions. The scenarios are defined by three key dimensions: the specific gauge 

being targeted, the percentage of data being removed, and the seasonal period of the 

failure. 

The core of the experiment involved isolating the impact of individual sensor failures. 

The deterioration algorithm was applied independently to each of the 15 upstream 

monitoring stations, one at a time, while keeping the data from all other stations intact. 

This "one-at-a-time" sensitivity analysis is crucial for attributing any drop in model 
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performance directly to the loss of information from a single, specific gauge. This allows 

for a clear ranking of the stations based on their individual impact on forecast accuracy. 

Subsequently, to understand the relationship between the extent of data loss and 

forecast accuracy, the deterioration for each gauge was applied at progressive levels 

of severity. Specifically, scenarios were run for 10%, 20%, 30%, 40%, 50%, 60%, 70%, 

80%, 90%, and 100% data loss. A 0% scenario was also included as a baseline. This 

progressive failure analysis is designed to reveal the sensitivity of the forecasting 

system to varying degrees of sensor malfunction. It helps to identify whether the impact 

of a gauge is linear (i.e., a 20% loss is twice as bad as a 10% loss) or if there are non-

linear effects and critical thresholds beyond which forecast quality collapses abruptly. 

To quantify the operational resilience of the forecasting system on the progressive data 

failure in each gauge, three performance thresholds were defined based on the NSE: 

Optimal (NSE ≥ 0.90), representing ideal forecasting conditions, degraded (0.75 ≤ NSE 

< 0.90), where forecasts remain feasible but with reduced confidence, and Critical 

Failure (NSE ≤ 0.50), indicating the model is no longer reliable for flood warning. Model 

interpretations when predictive performance exceeded an NSE of 0.70, in line with 

Bayati et al. (2025). The KGE metric was adopted to further quantify the operational 

resilience, visualized through heatmaps that illustrate the gradient of performance 

decay. 

Finally, regarding seasonality, the hydrological response of the Piracicaba basin is 

highly seasonal, with a distinct wet season (October to March) characterized by 

convective storms and high flood risk, and a dry season (April to September) with lower 

flows. To investigate whether a gauge's importance varies between these periods, the 

deterioration was applied selectively based on season. For each gauge and 

percentage, three separate tests were conducted: one where data was deteriorated 

only during the wet season months, one where it was deteriorated only during the dry 

season, and one where the deterioration was applied across the entire year regardless 

of season. This provides crucial insights into which gauges are most critical for 

forecasting during the primary flood season, which is of greatest concern for 

operational warning systems. 
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The framework proposed, encompassing hundreds of individual scenarios (15 stations 

× 10 percentages × 3 seasonal options), allows mapping of how forecast accuracy, 

measured by the drop in NSE, is affected by the loss of information from each specific 

gauge, at different levels of failure, and across the two different seasons. Figure 7 

shows the deterioration in blocks per season, as described in this subchapter.  
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Figure 7 – Time series deterioration in blocks in gauge 713 for 20% data loss (seasonal). 

Source: The author (2025). 

4.5 Interpretation and Gauge Prioritization with XAI 

To move beyond simply observing model performance and to assess if gauges 

importance for FEWS resilience is hydrologically reasonable, an XAI technique was 

integrated into the analysis. This step is crucial for building trust in the model's 

predictions and for validating that its internal logic aligns with established hydrological 

principles. 

4.5.1 SHAP for Quantifying Gauge Contribution 

SHAP (SHapley Additive exPlanations) was selected as the XAI method for this 

research (Lundberg & Lee, 2017). SHAP is a state-of-the-art technique rooted in 

cooperative game theory that provides a rigorous and theoretically sound approach to 

explaining the output of any machine learning model (Lundberg & Lee, 2017). SHAP 
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calculates the fairest way to distribute the difference between the model's actual 

prediction and a baseline average prediction among these features. 

For every individual prediction the model makes, each feature is assigned a SHAP 

value. The magnitude of this value represents the feature's importance or contribution 

strength, while the sign indicates the direction of the influence. A positive SHAP value 

signifies that the feature pushes the prediction higher than the baseline (high upstream 

levels increasing the forecast), whereas a negative value pushes it lower. A key 

property of SHAP is its additivity; the sum of the SHAP values for all features, when 

added to the baseline, precisely equals the model's final output (Lundberg & Lee, 

2017). 

4.5.2 Application of SHAP to trained models 

For each lead time, the SHAP methodology was applied to each one of the six MLP -

based FEWS. Using the SHAP Python library, importance values were computed for 

the validation set. This was done to derive a global understanding of feature 

importance, aggregating the insights from thousands of individual predictions to reveal 

overarching patterns in the model's behavior. To initialize the SHAP explainer, a 

representative background dataset is required to serve as a baseline for feature 

attribution. For this purpose, a flood event from the training period (January 2018) was 

adopted as the reference sample, shown in Figure 8. A 24-hour window was 

specifically selected to align with the model's maximum forecasting horizon. This 

specific event was selected because it captures the complete hydrological morphology 

of a flood wave, encompassing the hydrograph’s rising, peak, and recession, ensuring 

the explainer accurately attributes importance during both low and high-flow 

conditions. 
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Figure 8 – Predicted Hydrograph used for the SHAP Explainer 

Source: The author (2025). 

The primary outputs of this analysis are the magnitude and direction of each gauge's 

influence on water level forecasting in the different lead times. This SHAP plot ranks 

all gauges by their overall importance and shows the distribution of SHAP values for 

each, revealing not just which gauges are important, but also how they influence 

predictions. Additionally, the mean absolute SHAP value for each gauge was 

calculated for each lead time. This provides a clear, quantitative metric for ranking 

gauge importance, which can be compiled into a summary table to track how a gauge's 

influence changes as the forecast lead time increases. 

4.6 Integrated Framework for Resilience Assessment 

The final and most critical stage of the methodology is the synthesis of the results from 

the two preceding analytical streams: data deterioration experiments and XAI analysis. 

This integrated framework is designed to move beyond individual analyses to a holistic 

assessment of network resilience, providing a robust, multi-faceted approach to 

prioritizing monitoring gauges, focusing on both data consistency and hydrological 

representation for assertive and reliable forecasting in data-driven FEWS applications. 

The integrated framework also enables to validate the physical integrity of the failure 

methodology proposed by Menapace et al. (2025). 
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The core of the framework is a direct integration of the gauge rankings produced by 

each method. First, from the deterioration analysis, a ranking is established based on 

the magnitude of the drop in the NSE metric. Gauges whose failure causes the most 

significant decrease in forecast accuracy are ranked as most critical. Then, from the 

XAI analysis, a second ranking is established based on the mean absolute SHAP 

values. Gauges that the model consistently relies on most heavily to make its 

predictions (i.e., those with the highest SHAP values) are ranked as most important.  

The deterioration analysis serves as an operational stress test, simulating sensor 

failure to quantify the system’s vulnerability to data loss. Complementarily, the XAI 

analysis exposes the internal logic of the 'black box' model, indicating which features 

drive the forecasting logic. By synthesizing these perspectives, the framework moves 

beyond simple comparison to a broader integration, ensuring that the final gauge 

prioritization reflects both the mathematical reasoning of the AI and the operational 

resilience required for real-world flood monitoring. Figure 9 provides a schematic 

overview of the proposed methodological framework. 
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Figure 9 – Integrated Framework for Resilience Assessment flowchart. 

Source: The author (2025). 

A strong correlation between these two independent rankings provides powerful, 

cross-validated evidence for the importance of a gauge. For example, if a gauge is 

ranked highly by both methods, it means that the model relies heavily on its data and 

that the system is highly vulnerable to its failure. This dual confirmation allows for a 

confident prioritization of gauges for maintenance and operational attention. Moreover, 

this provides information to relate the hydrological processes behind such highlighted 

importance, enabling the advancement of runoff onset and flood wave routing 

processes in the forecasting system. 

As a final step to test the practical implications of this framework, a vulnerability 

analysis was conducted. A new, "optimized" MLP model was trained from scratch, but 

this time using only the data from the top five most critical gauges identified by the 

integrated framework. This lean model was then subjected to the same rigorous 

deterioration analysis as the full model. The purpose of this test is twofold: first, to 

assess the performance of a potentially more cost-effective, redundancy-reduced 

network (Chen et al., 2023), and second, to determine how brittle this optimized 

network is. By observing how quickly its performance degrades when one of its few 

critical sensors fails, this analysis provides crucial insights into the trade-offs between 

network efficiency and resilience, directly addressing the value of redundancy (Jung & 

Axelsson, 2024). in maintaining a accurate early warning system. 

5 RESULTS  

This chapter presents the direct findings obtained from the application of the 

methodology described in Chapter 4. The focus of this section is on the objective 

presentation of data and experimental outcomes, laying the factual groundwork for the 

interpretive discussion that will follow in Chapter 6. The results are organized 

sequentially, beginning with a detailed analysis of the dataset's characteristics, 

followed by the baseline performance of the forecasting models. Subsequently, the 

quantitative impacts of simulated data failures are presented, followed by the insights 

derived from the eXplainable AI analysis. The chapter concludes by presenting the 

results of the vulnerability analysis performed on a reduced, prioritized network. 
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5.1 Dataset Analysis and Hydrological Patterns 

As stated in the literature review, a good quality dataset is indispensable for accurate 

forecasts in data-driven models. The 5-year time-series dataset comprises 262,944 

10-minute observations for each of the 16 hydrometeriological monitoring stations 

(rainfall and water level observed data). The descriptive statistical analysis is 

presented in Table 1 for the water level data-set. 

Table 1 – Descriptive statistics for the water level data-set. 

Gauge Mean (µ) 
Standard 

deviaton (σ) 
Minimum 25% 50% 75% Maximum 

46 1.49 0.543 0.811 1.12 1.30 1.72 5.04 

48 0.81 0.504 0.212 0.484 0.623 0.952 4.36 

49 1.35 0.349 0.554 1.13 1.22 1.45 4.31 

50 0.493 0.495 0.143 0.181 0.357 0.638 4.53 

52 1.08 0.178 0.779 0.983 1.04 1.13 2.51 

53 2.08 0.417 1.03 1.81 2.26 2.37 5.71 

54 2.20 0.339 1.48 1.99 2.16 2.30 3.72 

55 4.47 0.499 3.80 4.20 4.29 4.56 8.22 

56 1.14 0.337 0.759 0.95 1.01 1.21 3.67 

57 2.12 0.269 1.72 1.95 2.03 2.23 4.05 

59 0.839 0.328 0.363 0.644 0.730 0.927 4.56 

80 1.88 0.397 0.812 1.61 2.00 2.19 2.78 

138 1.38 0.318 0.966 1.17 1.27 1.51 3.18 

593 0.81 0.260 0.511 0.634 0.732 0.902 3.39 

711 1.73 0.302 1.10 1.53 1.67 1.86 4.64 

713 1.36 0.413 0.925 1.09 1.20 1.50 4.40 

Source: The author (2025). 

The rainfall data across all stations exhibit a pattern characteristic of Southeastern 

Brazil's climate,with intermitent storms through the year. To analyze the magnitude of 

these events, descriptive statistics were calculated for rain periods only (accumulations 

> 0 mm), excluding rainless intervals that otherwise dominate the 10 minute resolution 

dataset.he 25th, 50th (median), and 75th percentiles for 10-minute rainfall 

accumulations are uniformly 0.0 mm for every gauge. This statistically indicates that 

over 75% of the observed intervals recorded no precipitation, reflecting the distinct dry 

periods and the nature of rainfall occurring mainly in the wet season. This sparsity 

contrasts with the high intensity observed during rainfall events. Maximum 10-minute 

accumulations show significant spatial variability, ranging from 17.0 mm (Gauge 46) 

up to 44.2 mm (Gauge 711). When considering 30-minute accumulations, the mean 

rainfall depth across the gauges ranges from approximately 1.0 mm to 1.6 mm. The 
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95th percentile reaches up to 6.25 mm at Gauge 711, while maximum depths exceed 

40 mm at multiple gauges (59.2 mm at Gauge 711 and 53 mm at Gauge 57). This 

variability is also observed at the hourly scale, where the mean accumulation during 

wet hours is approximately 2.0 mm, yet extreme storms generate peaks up to 103.4 

mm (Gauge 711) and 67 mm (Gauge 713). At the daily scale (24 hours), the basin 

exhibits substantial spatial heterogeneity in total accumulation, with maximum 

observed values ranging from 71.6 mm (Gauge 52) to an extreme of 194.4 mm (Gauge 

711).  

In contrast to the intermittent rainfall, the water level data display continuity, reflecting 

the river system's natural integration and storage processes. The statistics show a 

smooth progression of non-zero values from minimums (e.g., 0.811 m at Gauge 46) 

through the 25th, 50th, and 75th percentiles. Nevertheless, the water level exhibits a 

wide dynamic range, indicative of the basin's susceptibility to flooding. At the target 

gauge (46) in Piracicaba city, for instance, while the water level is below 1.72 m for 

75% of the time, the recorded maximum reached 5.04 m during a flood event. This 

substantial difference between typical levels and extreme peaks highlights the high-

impact, seasonal nature of floods in the basin (Neto et al., 2016). Accurately capturing 

these infrequent but critical high-water events is the paramount objective for the 

forecasting model within an operational FEWS context. 

The relationship between upstream inputs and downstream response is visually 

exemplified by hydrograph propagation dynamics within the basin. Figure 10 illustrates 

this process for a specific flood event in January 2018, comparing the water level time 

series at the target gauge (46) with the station immediately upstream (713). The plot 

shows the time lag between the flood peaks observed at the immediately upstream 

station and their subsequent arrival at the downstream target location. It is possible to 

identify the propagation of the flood wave between the observations in each gauge. 
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Figure 10 – Hydrograph propagation event in January 2018, between stations 46 (target) and 
713 (immediately upstream).  

Source: The author (2025). 

Figure 11 illustrates this process for a different flood event, in January 2021, comparing 

the water level time series at the target gauge (46) with a station located in the middle 

of the basin, upstream (57). With this example, it is noteworthy that a more upstream 

gauge doesn’t have a clear correlation between events as a closer one, but still some 

events match. 
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Figure 11 – Hydrograph propagation event in January 2021, between stations 46 (target) and 57 
(middle-basin upstream).  

Source: The author (2025). 

This observed propagation presented in both examples is a fundamental hydrological 

process governed by channel characteristics and flow dynamics. Capturing this time-

dependent relationship accurately is an important task for the forecasting model, as it 

directly influences the prediction of flood peak timing and magnitude at the target 

location for the different lead times. 

5.2 Baseline Model Performance 

Before assessing the network's resilience to data failures, it was first necessary to 

establish the baseline performance of the MLP forecasting models under complete 

time series data. The performance of the six models, each trained for a different lead 

time, was evaluated using the NSE and KGE coefficients. 

The results indicate the model accuracy for every lead time (Table 2). The models for 

shorter lead times (3 to 12 hours) demonstrate better performance, with NSE values 

exceeding 0,940 and KGE values above 0,920. As the lead time increases to 18 and 

24 hours, a gradual and expected decrease in performance is observed, with both the 

NSE and KGE values dropping by approximately 5% from the 12-hour to the 24-hour 

model. Despite this, the performance remains high (NSE > 0,880 and KGE > 0,870), 

indicating that the MLP architecture could learn rainfall-runoff relationships from the 

training data and is capable of forecasting across different lead times when provided 

with good quality input data. 

Table 2 – Baseline performance of the MLP models for each lead time. 

Lead time 
(hours) 

Hidden size 
Hidden 
layers 

NSE KGE 

3 128 1 0,964 0,941 

6 128 1 0,967 0,927 

9 128 1 0,960 0,929 

12 128 1 0,948 0,926 

18 128 1 0,913 0,904 

24 128 1 0,882 0,879 

Source: The author (2025). 

To provide a qualitative and quantitative assessment of the model's performance, a 

hydrograph plot and a scatter plot are presented for both 3-hour and 24-hour lead 
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times. Figure 12 compares the predicted and observed water level hydrographs over 

the entire test set. The plot shows a close correspondence between the model's 

predictions and the observed water level, indicating that the model successfully 

captures not only the magnitude of the flood peaks but also their timing and the overall 

shape of the hydrograph. Figure 13 also compares the predicted series for a 24-hour 

lead time, indicating a high accuracy in spite of the earlier forecast. 

 

Figure 12 – Water level forecast for 3 hours lead time with the complete time-series input. 

Source: The author (2025). 
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Figure 13 – Water level forecast for 24 hours lead time with the complete time-series input. 

Source: The author (2025). 

Figure 14A provides a complementary view, showing a scatter plot of the same 

predicted versus observed values. The high density of points clustered tightly around 

the diagonal line visually confirms the model's low error, while the further points 

represents the bias of the model. The high coefficient of determination (R² > 0.8) further 

quantifies this strong linear relationship between the predictions and observations. 

Figure 14B  shows a sparser plot, which is an expected result due to the longer lead 

time.  
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Figure 14 – Scatter plot of predicted vs. observed water levels for 3-hour and 24-hour lead 
times with complete data-series input. 

Source: The author (2025). 

5.3 The Impact of Data Failures on Forecast Accuracy 

The proposed methodology systematically degraded the input data from each 

upstream gauge to measure the resulting drop in forecast accuracy. Figure 15 shows 

the NSE as a function of the deterioration percentage scenarios from 3 hours to 24 

hours lead times, for both seasons. Likewise, a heatmap for the KGE and the 

deterioration percentage scenarios for the 6 lead times and both seasons deterioration 

in presented in Figure 16. Plots found in Appendix B present the seasonal (wet and 

dry seasons) deterioration of NSE trends and KGE heatmaps.  

For both seasons scenario, the short-term (3–6 hours) system exhibits its fragility 

regarding the immediate upstream point, Gauge 713. In the 3-hour forecast, the loss 

of around 20% of data from this sensor causes the model to drop below the 

0.75threshold. The system reaches the critical failure point (NSE ≤ 0.50) when data 

loss is around 35%, rendering the nowcasting inaccurate. This sensitivity persists at 

the 6-hour horizon, where Gauge 713 remains the primary failure point, crossing the 

critical threshold at approximately 40% data loss. As the forecast horizon extends to 

the intermediate range (9–12 Hours), the network’s dependency shifts slightly. At 9 

B A 
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and 12 hours, the influence of Gauge 713 reduces, while one of the mid-basin sensors, 

Gauge 55, begins to contribute to model’s performance. The 9-hour forecast starts to 

become vulnerable to sensors located in the middle of the basin, when Gauge 55 starts 

to play an important role in degradation accuracy, with 25% failure dropping the 

model’s performance below 0.75.  For the 12-hour forecast, while Gauge 713 still 

degrades performance, the shift towards Gauge 55 starts to become more evident. 

That sensor data degradation drives the system out of the optimal zone (NSE ≥ 0.7) 

with less than 10% data loss, marking the transition of the model’s 'attention' from the 

basin outlet to upstream boundary conditions. For the longest lead times (18–24 

Hours), the network enters a state of dual dependency. Unlike the short-term scenarios 

dominated solely by the immediately upstream gauge (Gauge 713), the long-term 

forecasts rely critically on both Gauge 713 and mid-basin sensor Gauge 55. At the 18-

hour horizon, the system remains vulnerable to Gauge 713, which drives performance 

below the critical threshold when data loss exceeds 80%. The influence of Gauge 55 

intensifies, causing the model to reach the degraded threshold at only 25% data loss. 

For the 24-hour forecast, this shift towards the mid-basin is more pronounced. While 

the failure of Gauge 713 still compromises the system, dropping below 0.50 at ~80% 

loss, Gauge 55 becomes the primary driver of early degradation. A loss of just 15% of 

data from Gauge 55 drops the system into degraded status, and it reaches the critical 

threshold at 60% loss, slightly earlier than Gauge 713. In this lead-time range, a third 

sensor also plays a role in the prediction, Gauge 53. For 18-hour forecast, a 100% 

data deterioration in this sensor makes the model drop below the degraded threshold. 

In the 24-hour lead time, 70% data loss compromises the forecasting to the degraded 

condition. This indicates that for longer forecasting, the model essentially requires a 

chain of information:  

The seasonal deterioration NSE analysis reveals different behaviors in the network's 

operational resilience for dry and wet periods, driven by the distinct hydrological 

regimes of the basin. For the wet season (October–March) presented in Figure 35B, 

the deterioration exposes the fragility of the network. For the 3-hour forecast, the loss 

of Gauge 713 causes the model to crash to near-zero accuracy (NSE < 0.1). This 

sensitivity is driven due to the model’s missing the hydrograph peaks, characteristic of 

the season. Without this data, the model loses its hydraulic baseline, compounding 

errors across successive events. Conversely, during the dry season (April–September) 
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presented in Figure 36B, the system demonstrates a more robust behavior, with NSE 

> 0.75 even with high data loss for almost all gauges. However, a notable inversion in 

sensor hierarchy occurs. Unlike the wet and both seasons, where the proximal Gauge 

713 dominates, Gauge 55 emerges as the most critical sensor even at the earliest lead 

times (3–6 hours).  

The KGE deterioration heatmaps for seasonal deterioration also reveals the temporal 

shift in network dependency, particularly evident at Station 713 (Figure 16). At shorter 

forecast horizons (3 hours, 6 hours, 9 hours,12 hours), the model exhibits high 

sensitivity to data availability, with performance degrading rapidly as this feature data 

is removed. This indicates a low level of redundancy for immediate forecasting; the 

model is heavily reliant on the closest station’s recent auto-regressive data, a feature 

that constitutes a 'single point of failure' which cannot be easily substituted by other 

network sensors. Conversely, at longer lead times (18 hours, 24 hours), the model 

demonstrates significantly higher robustness, maintaining stable KGE scores even 

under severe data deterioration. This serves as empirical evidence of spatial 

redundancy within the middle-basin monitoring network. For longer horizons, the 

hydraulic state of the system is not defined by the local station's immediate history, but 

by flow propagation dynamics captured by upstream gauges. 

The seasonal analysis regarding the KGE heatmaps reveals that for the dry season, 

the model doesn’t lose accuracy below 0.8 when removing data from gauge 713, even 

for shorter lead times (3 hours, 6 hours, 9 hours). Instead, the model shifts its attention 

to gauge 55, in the middle of the basin, losing accuracy to around KGE=0.7. Yet, for 

the dry season deterioration (Figure 38B) the model still performs well under all 

deterioration scenarios, since the KGE doesn’t drop below 0.7 in any gauge data loss. 

For the wet season (Figure 37B), the model still relies on gauge 713 for shorter lead 

times and starts using middle basin data as the lead time increases (12 hours, 18 hours 

and 24 hours). The metric loss in the wet season deterioration was similar to both 

seasons’ scenario, (KGE >0.4 for 3 hours and KGE >0.6 for 24 hours), but for some 

gauges data removal the metric slightly increased, indicating that some flood data 

could be redundant for the model’s accuracy or even worsening it at some point.  
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Figure 15 – NSE Trend across different deterioration scenarios and lead times (Both Seasons). 

  

Source: The author (2025). 
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Figure 16 – KGE Trend across different deterioration scenarios and lead times (Both Seasons). 

  

Source: The author (2025
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To visualize the spatial distribution of these impacts, maps of the basin where the 

magnitude of the performance drop is represented by the size of the circle at each 

station's location are presented. Appendix B presents deterioration maps for each lead-

time model. The maps show the final NSE value after 10% and 100% data deterioration 

for the 3-hour (Figure 17 and Figure 18) and 24-hour (Figure 19 and Figure 20) 

forecasts. The first two maps show that the most significant impact for the 3-hour 

forecast is concentrated on gauge 713. In contrast, the latter maps illustrate that for 

the 24-hour forecast, the impact is more distributed across the basin, with a 

pronounced performance drop associated with the failure of the mid-basin station 55. 

These maps provide an intuitive geographical summary of which stations are most 

critical for short-term versus long-term forecasting. 

  

Figure 17 – Spatial representation of model performance (NSE) for 3 hours lead time with 10% 
data loss. 

Source: The author (2025). 



58 

 

Programa de Pós-Graduação em Saneamento, Meio Ambiente e Recursos Hídricos 

  

Figure 18 – Spatial representation of model performance (NSE) for 3 hours lead time with 100% 
data loss. 

Source: The author (2025). 

  

Figure 19 – Spatial representation of model performance (NSE) for 24 hours lead time with 10% 
data loss. 

Source: The author (2025). 
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Figure 20 – Spatial representation of model performance (NSE) for 24 hours lead time with 
100% data loss. 

Source: The author (2025). 

5.4 Gauge Importance and Prioritization 

To further address model interpretability and validate the results of the deterioration 

experiments, the SHAP method was employed. This feature attribution analysis 

provides a direct quantification of each input gauge's contribution to the model's 

predictions, revealing the internal logic learned by the MLP networks. 

It is important to note that the SHAP rankings showed all water-level features to be 

more important than the rainfall ones, thus corroborating with the assumption made in 

subchapter 4.4.1. The autocorrelating nature of the water-level dataset made it prevail 

over the rainfall in terms of feature importance for SHAP evaluation. 

The global feature importance for two representative lead times, 3-hour and 24-hour, 

is presented in the SHAP summary plots in Figure 21 and Figure 22, respectively. 

These plots rank different input gauges by their SHAP value, representing their overall 

impact on model output, and visualize the distribution and effect of each gauge's values 

across all test set predictions. For the 3-hour forecast model, the analysis identifies 

gauge 713 as the dominant feature. The horizontal spread of its SHAP values is 

substantially wider than that of any other gauge, indicating its high predictive power. 

The color mapping reveals a strong positive correlation: high observed water levels at 
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gauge 713 consistently produce large, positive SHAP values, signifying that these 

inputs are the primary drivers for high water level predictions at the target station. 

 

Figure 21 – SHAP values for different input gauges for 3-hour forecast. 

Source: The author (2025). 
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Figure 22 – SHAP values for different input gauges for 24-hour forecast. 

Source: The author (2025). 

For the 24-hour forecast model, different feature importance is observed. While gauge 

713 retains a degree of influence, its ranking diminishes. Instead, mid-basin stations, 

specifically gauges 55, 59, and 50, emerge as critical features. Gauge 55 is identified 

as having the highest mean absolute SHAP value for this longer lead time. This result 

provides an independent line of evidence that corroborates the findings from the 

deterioration methodology. Additional figures illustrating the results for all lead times 

are presented in Appendix C. It is possible to note the rising SHAP importance for 

middle basin gauges (50, 55, 59) as the lead time increases, as expected. 

Similar to the data-deterioration maps presented in subchapter 5.3, SHAP value 

importance maps were plotted. Figure 23 shows the 3-hour lead-time SHAP values 

per station, while Figure 24 shows the results for 24-hour lead time. Larger circles 

represent larger SHAP values modules, analogue to the larger circles representing a 
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broader loss in accuracy in last subchapter maps. The results presented clearly show 

that for smaller lead times, the closer gauges have greater SHAP values, thus are more 

important features for flood prediction at the target station. Likewise, the 24-hour map 

also had a similar result to the ones presented in the deterioration chapter, indicating 

that both approaches found hydrological reason in the predictions. The maps 

illustrating all lead times are presented in Appendix D. 

  

Figure 23 – Spatial representation of SHAP values for 3 hours lead time. 

Source: The author (2025). 

 

Figure 24 – Spatial representation of SHAP values for 24 hours lead time. 

Source: The author (2025). 



63 

 

Programa de Pós-Graduação em Saneamento, Meio Ambiente e Recursos Hídricos 

To verify if the model’s feature attribution aligns with physical hydrological processes, 

the temporal evolution of SHAP values was analyzed alongside the observed 

hydrograph for the period (January–July 2018), comprising one flood event in January. 

Figure 25 and Figure 26 illustrate the evolution of SHAP values in the 5 most important 

stations for each lead time (higher SHAP value in module) and the observed water 

level data at the target location (Gauge 46). Appendix F presents 6-hour, 9-hour, 12-

hour and 18-hour lead-time results. 

 

Figure 25 – SHAP Values over time for 3-hour lead time. 

Source: The author (2025). 

For the 3-hour forecast, the model exhibits a dominant reliance on the nearest 

upstream sensor, Gauge 713. The SHAP values for this gauge (top left panel) mirror 

the observed stage hydrograph (bottom right panel) matching almost every peak and 

recession, reaching contributions exceeding 2.0 during peak flow events. This behavior 

is hydrologically feasible: given that the flood wave travel time from Gauge 713 is close 
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to 3 hours, the stage at 713 provides the most immediate and highly correlated signal 

for a 3-hour prediction. In this horizon, sensors located further upstream (Gauges 48, 

50, 53, 59) present smaller SHAP values, smaller than 0.5, indicating they play a 

secondary role of information rather than primary sources 

 

Figure 26 – SHAP Values over time for 24-hour lead time. 

Source: The author (2025). 

A distinct shift in model logic is observed for the 24-hour forecast. As the prediction 

horizon extends beyond the immediate travel time of the nearest reach, the model 

reduces its dependency on Gauge 713, peak SHAP values drop significantly (from 

>2.0 to ~1.0). Concurrently, the relative importance of further upstream sensors, such 

as Gauge 50 and Gauge 59, becomes more pronounced. Their SHAP contributions 

exhibit sharper peaks during flood events compared to the 3-hour model, indicating 

that the MLP has learned to capture the upstream boundary conditions that will 

determine the outlet stage 24 hours later. 
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5.5 Vulnerability Analysis of a Prioritized Network 

Aiming to assess the impact of data redundancy on the data-driven framework, the 

final experimental step evaluates the performance and fragility of the FEWS built only 

with the most important gauges (gauges 713, 48, 59, 50, and 53). This scenario aims 

to represent an optimized gauging network, based on the combined results of the 

deterioration and SHAP analyses, selecting the five most consistently influential 

gauges. A new MLP model was trained and validated using the data from these five 

stations as input. This reduced model was then subjected to the same deterioration 

analysis to quantify its vulnerability. 

The baseline performance of this reduced model was slightly lower than the full 15-

station model, but it still achieved a high level of accuracy under ideal data conditions. 

However, the key result of this experiment is the model's heightened sensitivity to data 

loss. Figure 27 and Figure 28 presents the results of the deterioration experiment on 

this reduced network for 3-hour lead-time and Figure 29 and Figure 30 for 24-hour 

lead-time. Both plots show that even a small percentage of data loss (e.g., 10%) from 

any of the five critical gauges causes a substantially steeper decline in NSE compared 

to the full model. 

For example, when 100% of the data from the most critical station is removed, the 

model's performance collapses almost entirely, with the NSE dropping to a much lower 

value than was observed in the full-network experiment under a similar failure. This 

demonstrates that while a network composed only of the "most important" gauges is 

efficient and physically sound, it lacks robustness and is less resilient to gauge failure. 

The absence of redundant or secondary information sources makes the system highly 

brittle and vulnerable to the failure of even a single critical component. These results 

provide a quantitative measure of the value of data redundancy in maintaining overall 

system resilience. The maps presenting results for all lead times are shown in 

Appendix E. 
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Figure 27 –Spatial representation of model performance (NSE) for 3 hours lead time with 10% 
data loss.  

Source: The author (2025). 

 

Figure 28 – Spatial representation of model performance (NSE) for 3 hours lead time with 100% 
data loss. 

Source: The author (2025). 
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Figure 29 –Spatial representation of model performance (NSE) for 24 hours lead time with 10% 
data loss.  

Source: The author (2025). 

 

Figure 30 – Spatial representation of model performance (NSE) for 24 hours lead time with 
100% data loss. 

 

Source: The author (2025). 
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6 DISCUSSION 

In the present chapter, the findings presented in Chapter 5 are connected to the 

fundamental hydrological principles and the state-of-the-art literature reviewed in 

Chapter 3. The objective of this discussion is to explore the broader implications of the 

results, providing a scientifically grounded explanation for the identified network 

vulnerabilities and discussing the value of the proposed framework for enhancing the 

resilience of FEWS. 

6.1 Network Resilience Under Stress 

The deterioration experiments demonstrated that the flood forecasting system's 

accuracy is highly sensitive to data failure of individual monitoring gauges. More 

importantly, the results revealed that the network's vulnerability is not static; the most 

critical gauges depend on both the forecast lead time and the prevailing seasonal 

conditions. These findings reflect the model's learning of the underlying hydrological 

processes that govern flood generation and propagation in the Piracicaba basin. 

For short-term forecasts, such as the 3-hour lead time, the analysis consistently 

identified gauge 713 as the single most critical node in the network. This finding aligns 

with fundamental principles of flood routing. The 3-hour forecast is dominated by the 

immediate, local hydrological response and the advection of the flood wave from the 

closest upstream point. The informational value of more distant gauges is minimal for 

this short lead time, as the travel time of the flood wave from the upper and middle 

portions of the basin is significantly longer. The model, therefore, prioritized the most 

recent, high-relevance information provided by the nearest sensor because the flood 

event is likely to be at this point 3-hours before reaching the target gauge. 

In contrast, for the 24-hour forecast, the system's sensitivity shifted, with gauge 55 in 

the middle of the basin emerging as a far more influential contributor. This 

demonstrates that the model has learned a proxy for the physical process of flood wave 

travel time. To make an accurate 24-hour prediction, the model requires information 

about the flood wave that is far upstream, allowing sufficient time for that water to 

concentrate and travel downstream. For these longer lead times, the information chain 

reaches the mid-basin data to capture the wave's travel time while seemingly capturing 
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the immediately upstream gauge information to set the magnitude. This behavior, 

where the window of influence shifts upstream as lead times grow, is consistent with 

the findings of Menapace et al. (2025) and aligns with the concept that basin response 

time reflects the propagation of hydraulic potential through the system (Knapp et al., 

2025). The model learned that to predict the future, it must look further into the past, 

both temporally and spatially. This hydrological understanding is reinforced by the 

SHAP values over time, presented in Appendix F, demonstrating that data-driven 

models could identify physical contexts in flood forecasting.  

Complementing the variance-based assessment provided by NSE, the analysis of the 

KGE heatmaps offers further insight into the model's degradation. While the NSE 

metric is highly sensitive to peak mismatches, penalizing the model for timing errors, 

the KGE decomposition reveals that the system retains significant hydrological 

consistency even under stress. As observed in the KGE deterioration trends, the decay 

in performance is notably less precipitous than that of the NSE. This discrepancy 

indicates that, although the loss of critical upstream inputs (such as Gauge 713 for 

shorter lead times and 55 for longer lead times) degrades the precise timing of the 

forecast, the model largely preserves the overall flow variability.  

The most meaningful results, however, emerged from the seasonal analysis, which 

found that the system's performance was more sensitive to data loss during the wet 

season. This can be explained by the critical role of antecedent moisture conditions 

and the importance of observing the flow upstream. As shown by Chagas et al. (2022) 

for southeastern Brazil, flood timing is highly correlated with both rainfall and soil 

moisture peaks, indicating a system that is primed for a rapid response. During the wet 

season, high antecedent soil moisture means the basin has a reduced capacity to 

absorb rainfall, leading to a more direct and less attenuated runoff response. This 

translates into a quicker hydrograph rise across the basin, speeding up flood routing 

and improving the forecasting capacity. Consequently, accurate real-time data 

monitoring during this period is paramount, mainly the spatial distribution of the river 

flow (Menapace et al., 2025).  

Interestingly, the accuracy loss in the dry season is still lower than the case where both 

seasonal data are missing. The recession periods present in the dry season provide 
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the model with the necessary antecedent water level for the next storm flood. Gauge 

55 emerging as a critical sensor in this season suggests that during low-flow conditions 

dominated by baseflow recession, the integrated hydrological signal from the mid-

basin (Gauge 55) provides a more stable predictor of the system's memory than the 

potentially erratic signal from the immediate upstream tributary. As noted by Perez et 

al. (2025), the optimization of reservoir releases in the Piracicaba basin alters the 

natural flow regime, introducing non-linearities that data-driven models may 

misinterpret as noise or prediction errors. The watershed response is slower due to the 

greater infiltration capacity, buffering runoff onset, flow routing, and flood events. This 

finding underscores that the value of a sensor's data is not constant but is temporally 

dynamic and conditional on the hydrological state of the basin. 

6.2 The Value of Redundancy 

While the goal of creating a lean but well-performing network by retaining only the most 

influential gauges is appealing from a cost-efficiency perspective (Grimaldi et al., 

2024), the results demonstrated that such a lean network is also more vulnerable. The 

model trained on the top five gauges exhibited a considerable drop in performance 

with even a minor (10%) deterioration in data from one of its gauge inputs. This 

sensitivity reveals a fundamental trade-off between network efficiency and operational 

resilience to real world scenarios. 

This finding aligns with insights from other hydrological fields, for example, Raleigh et 

al. (2025) found that while basin-average snowpack information improved water supply 

forecasts, targeted measurements at specific "snow hotspots" provided consistently 

greater predictive skill. Their work supports the conclusion that a system's predictive 

power is not derived from a simple spatial average, but from strategically located points 

that capture the dominant hydrological signals. Thus, challenging the conventional 

wisdom of network optimization, suggesting that what might be termed redundancy in 

a fully functional network could, in fact, be the very source of its resilience.  In the full 

15-station network, the failure of a single gauge, even a critical one like 713, resulted 

in a considerable degradation of performance. This is because the model could still 

draw upon a diverse, albeit incomplete, set of information from the remaining 14 

sensors that could have been working as proxy for some hydrological processes. The 

less important gauges worked as an informational buffer, allowing the system to 
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continue generating a reasonable forecast even under data failure. In the optimized 

network, no such buffer existed, thus the failure of one of its five gauges was enough 

to destabilize the model’s prediction. 

Therefore, network resilience is a property that arises from the collective information 

provided by the entire system, not just the sum of its most important parts. The practical 

implication for water resource managers and agencies responsible for network design 

is significant (Nguyen et al., 2021), since cutting costs can have a twisted result for 

forecasting. Decommissioning gauges that appear to have low importance based on 

an analysis of a complete dataset could inadvertently strip the system of its ability to 

adapt with the reality of sensor failure and data loss. Instead, a degree of informational 

redundancy should be viewed as a necessary and valuable investment in the long-

term reliability of the FEWS for accurate forecasting. 

6.3 Shortcomings and Future Studies 

The choice of the MLP as the forecasting model, while sufficient for demonstrating the 

core concepts of the resilience framework, represents a relatively simple architecture 

considering the different tools available. The literature review highlighted more 

advanced models, such as LSTMs and Transformers, which are specifically designed 

to handle temporal dependencies more explicitly (Tripathy & Mishra, 2024; Frame et 

al., 2025). It is possible that these more complex architectures could exhibit different 

sensitivities to data deterioration. Although this study provides a baseline for FEWS 

and monitoring network resilience, further research is needed to determine if model 

complexity plays a role in a system's resilience to data loss. 

One important improvement to this study lies in the model's handling of rainfall's spatial 

variability, since the current MLP architecture treats the precipitation time-series from 

each gauge as an independent input feature. While the model can implicitly learn 

spatial correlations by analyzing how upstream rainfall and water level patterns lead to 

a downstream response, it has no explicit knowledge of the spatial rainfall field neither 

river network connection. As noted in recent literature, GNNs explicitly represent the 

basin as a graph of connected nodes, an approach that has been shown to improve 

forecast accuracy by directly modeling the spatial relationships between gauges (Liu 

et al., 2023). This, along with other architectures like CNNs for handling gridded radar 
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data (Slater et al., 2025), could be adopted for future refinement of this resilience 

assessment framework. 

The data deterioration algorithm, while systematic, is a representation of real-world 

sensor failure. Replacing data with zeros simulates a complete loss of signal, which 

represents a clear "worst-case" scenario, where information is just absent. However, 

operational sensor failures can manifest in more diverse and complex ways, such as 

signal noise, intermittent communication dropouts, gradual sensor drift leading to 

inaccurate readings, or date mismatches along the time-series. The current approach 

establishes one methodology for testing network response to different percentage of 

failure, but future studies could build upon this by incorporating different failure modes 

to better simulate the full spectrum of operational challenges. Some possibilities are 

applying real problematic data or stochastic simulations. 

Furthermore, the temporal extents of the training dataset, while spanning five years of 

high-resolution data, may not entirely capture the long-term climatic variability in the 

Piracicaba basin. Hydrological systems are subject to multi-year or decadal cycles of 

wet and dry periods, often driven by large-scale climate phenomena (Neto et al., 2016). 

A five-year window, while sufficient for the model to learn event-based rainfall-runoff 

relationships and seasonal variability, might not be representative of historical extreme 

events. Consequently, the gauge importance rankings derived from the model could 

be biased towards the specific hydro-climatic regime of the 2018-2022 period, even 

though the fitted models are physically sound. The resilience of the network might differ 

under more extreme drought or flood conditions that were not present in the training 

data, highlighting the persistent challenge of model generalization under non-

stationary climatic conditions (Neto et al., 2016). However, the results observed in the 

case studies conducted in Italy (Menapace et al., 2025) and Brazil demonstrate the 

robustness of the methodology under different climatic, hydrological, and topographical 

conditions. With the extension of the time series, the FEWS resilience should be 

reassessed to account for a wider range of extreme events. 

These limitations do not undermine the central findings of the research but rather frame 

them within their methodological context, highlighting that the proposed framework 

provides an extensible methodology that can be adapted and refined in future 
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research. It’s recommended that future works incorporate greater model complexity 

and more realistic operational scenarios. 

7 CONCLUSION 

This thesis successfully developed and validated a novel framework that integrates 

machine learning, a systematic data deterioration methodology, and XAI to perform a 

comprehensive resilience assessment of a flood monitoring network. By moving 

beyond traditional measures of predictive accuracy, this research addressed the 

critical operational challenge of maintaining forecast reliability in the face of inevitable 

sensor failures. The application of this framework to the Piracicaba River basin yielded 

significant insights into the dynamic vulnerabilities of the forecasting system and 

provided a robust, data-driven method for prioritizing its monitoring gauges. 

The experimental results demonstrated that the resilience of the flood monitoring 

network is not a static property but is indeed dependent on both forecast lead time and 

seasonal hydrological conditions. The data deterioration experiments revealed that for 

short-term forecasts (3 hours, 6 hours), the system's accuracy was most vulnerable to 

the failure of the gauge immediately upstream of the target location. For longer-term 

forecasts (18 hours, 24 hours), this vulnerability shifted towards the middle of the basin, 

highlighting that the data-driven model had successfully learned a proxy for the 

physical process of flood wave propagation. The analysis also showed that the 

negative impact of sensor failure was more pronounced during the wet season, 

confirming that the model could have learned the critical importance of antecedent 

wetness in priming the basin for high-intensity runoff events. 

These experimental findings were corroborated by the independent XAI analysis. The 

application of SHAP revealed that the model's internal processes mirrored closely the 

results of the deterioration tests, assigning the highest predictive importance to the 

same gauges identified as critical under the failure scenarios. Finally, the vulnerability 

analysis of a hypothetical "optimized" network, composed of only the top five most 

important gauges, provided a clear illustration of the trade-off between efficiency and 

resilience. While still accurate under ideal conditions, this reduced network proved to 

be very sensitive to data quality, exhibiting a significance drop in performance from the 

progressive loss of a single sensor. This finding quantitatively demonstrated that the 
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informational redundancy provided by the full network is the primary source of its 

capacity for data degradation resilience. 

The research had a general objetive, to evaluate network robustness, that was 

achieved through the progressive deterioration algorithm. By systematically simulating 

data loss in increments from 10% to 100% for each gauge, this method provided a 

direct and quantitative measure of how forecast accuracy, evaluated by the NSE, 

responds to varying levels of sensor failure. The resulting performance curves served 

as a clear metric of the system's inability to work under informational loss. 

The first specific objective, to analyze the impact of data degradation on the different 

lead-time models, was addressed by comparing the performance curves of the full 15-

station network against the reduced 5-station network. The results clearly 

demonstrated that the full network could handle degradation for about 50% for the most 

important gauges, with performance declining gradually as data was removed. In 

contrast, the “optimized network” proved sensitive to data failure, showing a more 

proeminent drop in accuracy with the failure of even a single gauge, thus quantifying 

the value of informational redundancy for a more resilient monitoring network. 

The second specific objective, to identify critical gauges, was met through the 

integrated framework that cross-validated two independent lines of evidence. The 

empirical impact of sensor failure, from the progressive data deterioration, was 

correlated with the model's internal reasoning, obtained from the SHAP analysis. The 

correlation between these two methods, showing that the gauges whose failure caused 

the largest drop in performance were the mainly the same ones the XAI model 

assigned the highest feature importance, provided a strong evidence and basis for 

gauge prioritization. 

Finally, the thrid specific objective, to interpret the hydrological significance of the 

findings, was achieved in the discussion. This was accomplished by connecting the 

model's learned sensitivities in each lead time to established physical principles and 

basin, such as the relationship between forecast horizon and flood wave travel time, 

and the link between seasonal vulnerability and the role of antecedent moisture 

conditions in runoff generation, ensuring the data-driven results were grounded in 

physical reality.  
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This works contributes to the literature is the development and validation of a novel, 

integrated framework that leverages XAI to move beyond simple gauge prioritization 

towards a deeper, quantitative assessment of flood monitoring network resilience. 

While recent studies, such as Menapace et al. (2025) and Raleigh et al. (2025), have 

established the value of interpretative ML for creating static sensor maintenance 

rankings, this research provides significant extensions to the state-of-the-art.It shifts 

the conceptual paradigm from static prioritization to dynamic resilience assessment. 

By formally defining and measuring properties like robustness and gradual 

degradation, the framework provides a more holistic understanding of how the 

forecasting system performs under stress. The study also introduces a more nuanced 

methodology of progressive, seasonal data deterioration. This moves beyond a simple 

leave-one-out approach and reveals non-linear performance thresholds, 

demonstrating that a gauge's importance is not fixed but is conditional on the 

hydrological state of the basin.By cross-validating the empirical results of these stress 

tests with the model's internal logic via SHAP, this framework provides a robust, 

evidence-based method for identifying truly critical infrastructure. Ultimately, this work 

contributes a more comprehensive and operationally relevant methodology for not only 

maintaining but also understanding the vulnerabilities of the complex systems that 

underpin modern flood early warning.  
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APPENDIX A – Hydrometeorological Time Series 

 

Figure 31A – Water level and rainfall data for gauges 138, 46, 48 and 49 

Source: The author (2025).  
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Figure 32A – Water level and rainfall data for gauges 50, 52, 53 and 54 

Source: The author (2025).  
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Figure 33A – Water level and rainfall data for gauges 55, 56, 57 and 59 

Source: The author (2025).  
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Figure 34A – Water level and rainfall data for gauges 593, 711, 713 and 80 

Source: The author (2025). 
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APPENDIX B – Deteriorated Metric Trends (Seasonal) 

 

Figure 35B – NSE Trend across different deterioration scenarios and lead times (Wet Season). 

Source: The author (2025). 
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Figure 36B – NSE Trend across different deterioration scenarios and lead times (Dry Season). 

Source: The author (2025). 
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Figure 37B – KGE Trend across different deterioration scenarios and lead times (Wet Season). 

Source: The author (2025). 
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Figure 38B – KGE Trend across different deterioration scenarios and lead times (Dry Season). 

Source: The author (2025).  
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APPENDIX C – Network Data-Deterioration Maps 

 

Figure 39C –Spatial representation of model performance (NSE) for 3 hours lead time with variable data loss. 

Source: The author (2025). 
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Figure 40C –Spatial representation of model performance (NSE) for 6 hours lead time with variable data loss. 

Source: The author (2025). 
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Figure 41C –Spatial representation of model performance (NSE) for 9 hours lead time with variable data loss. 

Source: The author (2025). 
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Figure 42C –Spatial representation of model performance (NSE) for 12 hours lead time with variable data loss. 

Source: The author (2025). 
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Figure 43C –Spatial representation of model performance (NSE) for 18 hours lead time with variable data loss. 

Source: The author (2025). 
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Figure 44C –Spatial representation of model performance (NSE) for 24 hours lead time with variable data loss. 

Source: The author (2025). 
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APPENDIX D – SHAP Gauge Importance Rank

 

Figure 45D – SHAP Values gauge-ranking for 6-hour forecast 

Source: The author (2025).  
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Figure 46D – SHAP Values gauge-ranking for 9-hour forecast 

Source: The author (2025).  
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Figure 47D – SHAP Values gauge-ranking for 12-hour forecast 

Source: The author (2025).  
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Figure 48D – SHAP Values gauge-ranking for 18-hour forecast 

Source: The author (2025).  
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APPENDIX E – SHAP Gauge Importance Maps 

 

Figure 49E – SHAP Values Importance Map for 3-hour forecast. 

Source: The author (2025). 

 

Figure 50E – SHAP Values Importance Map for 6-hour forecast. 

Source: The author (2025). 
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Figure 51E – SHAP Values Importance Map for 9-hour forecast. 

Source: The author (2025). 

 

Figure 52E – SHAP Values Importance Map for 12-hour forecast. 

Source: The author (2025). 

  



105 

 

 

Figure 53E – SHAP Values Importance Map for 18-hour forecast. 

Source: The author (2025). 

 

Figure 54E – SHAP Values Importance Map for 24-hour forecast. 

Source: The author (2025).  
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APPENDIX F – SHAP Values Over Time 

 

Figure 55F – SHAP Values over time for 6-hour lead time. 

Source: The author (2025).  
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Figure 56F – SHAP Values over time for 9-hour lead time. 

Source: The author (2025).  
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Figure 57F – SHAP Values over time for 12-hour lead time. 

Source: The author (2025).  
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Figure 58F – SHAP Values over time for 18-hour lead time. 

Source: The author (2025).
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APPENDIX G – Prioritized Network Data-Deterioration Maps 

 

Figure 59E – Spatial representation of model performance (NSE) for 3 hours lead time with variable data loss (Prioritized Network). 

Source: The author (2025).  
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Figure 60E – Spatial representation of model performance (NSE) for 6 hours lead time with variable data loss (Prioritized Network). 

Source: The author (2025).  
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Figure 61E – Spatial representation of model performance (NSE) for 9 hours lead time with variable data loss (Prioritized Network). 

Source: The author (2025). 



113 

 

 

Figure 62E – Spatial representation of model performance (NSE) for 12 hours lead time with variable data loss (Prioritized Network). 

Source: The author (2025). 
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Figure 63E – Spatial representation of model performance (NSE) for 18 hours lead time with variable data loss (Prioritized Network). 

Source: The author (2025). 
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Figure 64E – Spatial representation of model performance (NSE) for 24 hours lead time with variable data loss (Prioritized Network). 

Source: The author (2025). 
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