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Abstract: This study presents the development of a data-driven hydrological model for one-hour-ahead water-level
forecasting using a Multi-Layer Perceptron (MLP) neural network. The model was trained with water level and rainfall
data from 12 monitoring stations located in a small, fast-responding watershed prone to flash floods. Training data
span the period from 2020 to 2023, while an independent dataset from 2024 was used for testing. The MLP was initially
implemented as a regression model, but its performance was limited by gaps in historical rainfall records. To overcome
this limitation, the problem was reformulated as a classification task, in which forecasted water levels were grouped
into three hydrologically meaningful classes representing non-critical, intermediate, and alert conditions. A sequence of
classification experiments was conducted to refine the model, including the explicit treatment of missing rainfall data
and an alternative class-definition strategy incorporating antecedent water levels and rainfall accumulation to represent
pre-alert conditions. The proposed classifier achieved stable performance and improved consistency in identifying alert
situations, providing a robust and operationally meaningful framework for short-term flood early-warning systems in
data-limited environments.

Keywords: data-driven hydrological modeling; neural networks; water level forecasting; flash flood early
warning.

Resumo: Este estudo apresenta o desenvolvimento de um modelo hidrolégico orientado por dados para a previsdo do
nivel d’dgua com antecedéncia de uma hora, utilizando uma rede neural do tipo Perceptron Multicamadas. O modelo foi
treinado com dados de nivel d’agua e precipitacdo provenientes de 12 estagdes de monitoramento localizadas em uma
pequena bacia hidrografica de resposta rapida, suscetivel a inundag¢des repentinas. Os dados de treinamento abrangem
o periodo de 2020 a 2023, enquanto um conjunto de dados independente de 2024 foi utilizado para teste. Inicialmente,
a MLP foi implementada como um modelo de regressdo; contudo, seu desempenho mostrou-se limitado pela presenca
de lacunas nos registros histéricos de precipitacdo. Para contornar essa limita¢do, o problema foi reformulado como
uma tarefa de classificacdo, na qual os niveis d’agua previstos foram agrupados em trés classes hidrologicamente
significativas, representando condi¢des ndo criticas, intermedidrias e de alerta. Uma sequéncia de experimentos de
classificacdo foi conduzida para refinar o modelo, incluindo o tratamento explicito de dados de precipitacdo ausentes e
uma estratégia alternativa de defini¢do de classes que incorpora niveis d’agua antecedentes e acimulo de precipitacio
para representar condi¢cdes de pré-alerta. O classificador proposto apresentou desempenho estavel e maior consisténcia
na identificacdo de situacdes de alerta, oferecendo um arcabougo robusto e operacionalmente relevante para sistemas
de alerta antecipado de inundag¢des em curto prazo em ambientes com dados limitados.

Palavras-chave: modelagem hidrolégica orientada por dados; redes neurais; previsdo de nivel d’dgua; alerta
antecipado de enxurradas.
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Introduction

In the context of climate change, flash floods are expected to become increasingly frequent
(Zhang et al,, 2021; Yin et al., 2023). Fortunately, the impacts of these hydrological extremes can be
mitigated by issuing early warnings to civil defense agents responsible for preparing and executing aid
plans for at-risk populations (Perera et al.,, 2020). The key question is whether warnings are issued with
sufficient lead time and accuracy. This issue is particularly relevant because nowcasting flash floods
involves an inherent trade-off between forecast lead time and accuracy. The triggering phenomenon,
typically heavy rainfall, poses forecasting challenges due to its occurrence over small area with imprecise
location, the presence of potential biases in rainfall predictions, and its short temporal development
(Vivoni et al,, 2007; Hill & Verjee 2010; Poletti et al,, 2019; Zanchetta & Coulibaly 2020). To improve
the reliability of water level forecasting, especially under uncertain rainfall conditions, hydrological
models should be fed with rainfall data from a variety of sources - including radar, satellites, numerical
weather forecasts, ground-based measurements, and even bias-corrected forecasts - so as to reduce the
influence of individual errors and biases.

In highly dynamic environments such as fast-responding watersheds, data-driven hydrological
models based on machine learning (ML) techniques are often preferable to physically based
deterministic models. ML models have a greater ability to integrate information from multiple data
sources and quickly adapt to new data. Additionally, their computational efficiency is crucial for
generating forecasts rapidly and issuing timely warnings.

ML already plays a critical role in disaster risk management and reduction (Deparday et al., 2019;
Sun et al., 2020; WMO 2022; Linardos et al., 2022), including support for early warning systems for
flash floods (Acosta-Coll et al., 2018; Al-Rawas et al.,, 2024). For this specific application, artificial
neural networks (ANNs) have gained significant attention as a modeling approach for water level
forecasting. Studies by Kanbua & Khetchaturat (2007), Susanj et al. (2016), Alasali et al. (2021),
Lima & Scofield (2021), and Lima et al. (2023) have successfully employed Multi-Layer Perceptrons
(MLPs) for this task. Further advancements have been made with Long Short-Term Memory (LSTM)
neural networks, as demonstrated by Song et al. (2019), Zhao et al. (2022), and Jhong et al. (2024).
Panahi et al. (2021) tested convolutional neural networks (CNNs) and recurrent neural networks
(RNNs) for spatial prediction and mapping of flash flood probability, comparing their performances.
Additionally, hybrid models combining CNNs and LSTMs, such as those proposed by Oddo etal. (2024),
have improved the representation of the spatiotemporal dynamics of flash flood-prone watersheds.
Shahabi et al. (2021) explored Deep Belief Networks (DBNs) as an alternative for predicting flash flood
susceptibility, highlighting their potential in this domain. Recent review articles (Alasali et al., 2021;
Byaruhanga et al., 2024) confirm that over the past two decades, ANN-based models have become
the predominant approach for water level prediction and flash flood warning issuance. These studies
collectively underscore the efficacy of ANN-based methods in hydrological modeling and their critical
role in developing robust early warning systems.

However, the development of reliable ML models for early warning systems may face several
challenges, one of which is the discontinuity in the available training dataset, caused by equipment
failures and data transmission issues at hydrometeorological stations. Such data gaps significantly
reduce the amount of valid training data, potentially compromising model performance. Since many
of these gaps are long, common preprocessing techniques, such as interpolation or carrying forward
the last valid observation, are often inadequate. Moreover, these discontinuities pose a major obstacle
to the use of deeper recurrent architectures, such as standard LSTMs (Hochreiter & Schmidhuber,
1997), which rely on continuous sequences of past data (Ghazi et al.,, 2019). This limitation has been
documented in studies such as Che etal. (2016), who emphasize the need for RNN variants that explicitly
model missingness patterns (e.g., GRU-D), and Park et al. (2023), who show that MLPs can be effectively
adapted for long-gap imputation in environmental time series.

In this study, an ANN-based model was developed to forecast the water level of the Capivari
Stream one hour ahead. This stream is located in the city of Campos do Jordao, southeastern Brazil,
and is part of a small, urban, fast-responding watershed prone to flash floods. The study is part of an
ongoing research initiative at the Brazilian National Center for Monitoring and Early Warning of Natural
Disasters (Cemaden), which aims to develop hydrological models based on ML techniques to support
Cemaden’s situation room operators in issuing flash flood warnings.

The dataset available for developing the proposed model, however, contains significant temporal
discontinuities. Given the challenges posed by these data gaps, a MLP was selected as the forecasting
model. While often overlooked in favor of recurrent architectures for time-series prediction, MLPs offer
advantages in handling fragmented datasets where temporal continuity cannot be guaranteed.
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Despite these advantages, the application of MLP-based models to flash flood forecasting under
discontinuous hydrometeorological data may also involve methodological considerations related to
problem formulation, class definition, and operational usability. In particular, based on the perspective
adopted in this study, it is hypothesized that regression-based approaches may become particularly
sensitive when forecasted water levels lie close to critical thresholds, since relatively small numerical
deviations can potentially lead to substantially different warning decisions. Related discussions on
operational flood forecasting, event-oriented prediction strategies, and data-driven hydrological
modelling can be found in Solomatine et al. (2008) and Zhang et al. (2023).

In this context, the present study explores an alternative formulation of the forecasting problem by
progressively transitioning from regression to classification. Rather than focusing exclusively on point
forecasts of water level, the proposed framework groups predictions into hydrologically meaningful
classes corresponding to non-critical, intermediate, and alert conditions. This formulation allows the
model to emphasize decision-relevant information, which is more directly aligned with the needs of
operational early warning systems.

A key contribution of this study lies in the systematic evaluation of class definitions and input
representations under discontinuous data conditions. Through a sequence of controlled experiments,
the robustness of the classifier to missing rainfall observations is assessed, including an explicit
treatment of data availability through binary masking. The results demonstrate that the proposed
classification framework is largely insensitive to rainfall data gaps, indicating that the model captures
physically meaningful hydrological patterns rather than artifacts introduced by missing data.

Finally, this study introduces an expanded definition of the alert class that incorporates
near-threshold hydrological states characterized by elevated antecedent water levels and significant
rainfall forcing. This approach enables the identification of pre-alert conditions that may warrant
attention in real-time operations, even when forecasted water levels do not strictly exceed a predefined
threshold. By integrating data-driven learning with hydrologically informed class definitions, the
proposed framework offers a practical and conservative decision-support tool for flash flood early
warning in small, fast-responding watersheds affected by data discontinuities.

In addition to this introduction, the article is organized as follows: Section 2 describes the study
area and the dataset; Section 3 details the developed neural model and the experimental design; Section
4 presents and discusses the results; and finally, Section 5 offers the concluding remarks.

Study area and database

Study area

The municipality of Campos do Jordao is situated within a valley in the Serra da Mantiqueira massif,
located in the southeastern region of Brazil. The topography of the area is highly irregular, with 85% of
the municipality consisting of undulating terrain, 10% of mountain slopes, and 5% of escarpment areas.
The width of the flat areas within the municipality does not exceed 500 meters, and the surrounding
altitudes vary between approximately 500 and 2,000 meters, with an average elevation of around 1,400
meters. According to the Koppen climate classification (Képpen, 1918), Campos do Jordao’s climate is
classified as Cwb (temperate highland climate with dry winters and mild summers). The year can be
divided into two distinct periods: summer (October to March) and winter (April to September). During
these periods, the average accumulated rainfall, maximum temperatures, and minimum temperatures
are approximately [198.2 mm, 22.1°C, 12.6°C] for summer and [62.7 mm, 19.2°C, 6.9°C] for winter,
respectively (Instituto Nacional de Meteorologia, 2024).

The main drainage system that crosses the urban core of the municipality is the Capivari Stream,
which is fed by several tributaries along its course. The Capivari Stream watershed is classified as small,
with an area of approximately 20 km? and a time to peak flow of around 30 minutes. Urban development
in Campos do Jorddo began with settlements along the Capivari Stream (IG-SP, 2014). The pattern
of urbanization in the drainage areas has led to a concentration of flash floods in the most densely
populated and longest-occupied parts of the municipality, particularly in the central area, as evidenced
by the high number of flash floods recorded in the more central neighborhoods (Zucherato et al., 2016).

The Capivari Stream watershed is one of the areas monitored by Cemaden due to its susceptibility
to flash floods. To monitor the watershed and issue warnings, Cemaden employs three water level
thresholds, referred to as the attention quota, alert quota, and overflow quota, with corresponding values
of 1.60 m, 2.15 m, and 2.69 m, respectively. Figure 1, on the left, shows the location of the watershed in the
southeastern region of Brazil, and on the right, an elevation map of the watershed is presented, indicating
the positions of Cemaden’s measurement stations from which the data used in this study were obtained.
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Figure 1. On the left: location of the Capivari Stream watershed in the southeastern region of Brazil; on the
right: elevation map and location of the pluviometric stations (green circles) and the hydrological station (blue
triangle).

(Source: Authors)

Database

The dataset used in this study was obtained from 12 measurement stations within the Capivari Stream
watershed, operated by Cemaden. Among these stations, 11 exclusively measure rainfall (represented
as green circles in Figure 1), while one station, located at the watershed'’s outlet (represented as a blue
triangle in Figure 1), measures both rainfall and water level. The historical series of rainfall and water
level data spans from January 2020 to December 2023, with additional records from February 2024.

Rainfall and water level measurements are transmitted every 10 minutes during rainfall events
and once per hour during dry periods. However, due to failures in the measurement circuits or
data transmission systems, the historical dataset contains numerous gaps. In most cases, common
preprocessing techniques such as interpolation or carrying forward the last valid value were not viable
solutions due to the length and frequency of these discontinuities.

To construct the training dataset, hourly accumulated rainfall from each station and the last
recorded water level from the previous hour were used as input variables, totaling 13 input variables.
The target variable (expected output) was the water level recorded at the current hour. All training
tuples were taken at hourly intervals, starting precisely at the beginning of each hour (e.g., between
1:00 PM and 1:59 PM). A schematic representation of this process is provided in Figure 2.

last last

level level
previous current

hour  accumulated rainfall from the 12 measurement stations at the current hour hour

Figure 2. An illustration of the data tuples used in the neural network training.
(Source: Authors)
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Handling data discontinuities and selection criteria

The presence of data gaps in all measurement stations required a practical compromise between
the number of available training tuples and the amount of valid information contained within each
tuple. In this study, two limiting scenarios were considered to guide the selection strategy and illustrate
this trade-off:

1. Strict filtering: Selecting only tuples from 1-hour intervals where all 12 stations had valid data

would result in a severe reduction in the number of available training samples.

2. Relaxed filtering: Allowing tuples with very few valid rainfall measurements could introduce
noise and insufficient information, potentially degrading the model’s performance.

To mitigate these issues, a selection criterion was established. Only tuples from 1-hour intervals
containing at least six valid rainfall measurements along with the two water level measurements were
included in the training set. Missing rainfall values were set to zero, assuming no precipitation occurred.
Applying this methodology, the training set (January 2020 - December 2023) comprised 22792 tuples,
while the test set (February 2024) contained 572 tuples. Table 1 summarizes the main descriptive
statistics of the rainfall and water level datasets from the monitoring stations, including the percentage
of missing data, in order to characterize the observational dataset used in this study.

Table 1. Descriptive statistics for rainfall and water level data from the monitoring stations

Rainfall Data (mm/h)
Station Mean gte‘i P25 P50 P75 Max R::;f(;n ];:i;s?,‘/f)
(%)
3509700124 5.06 518 | 155 | 240 | 7.45 | 2240 5.77 94.10
350970008A 4.00 362 | 160 | 240 | 535 | 17.00 41.15 58.22
3509700026 454 488 | 150 | 290 | 500 | 23.80 26.20 73.56
350970003G 437 490 | 140 | 250 | 520 | 40.40 83.42 14.45
350970004G 411 416 | 140 | 240 | 510 | 23.00 98.17 0.11
350970005G 5.12 548 | 130 | 320 | 680 | 2280 5.80 94.07
350970003A 4.63 476 | 158 | 295 | 565 | 3430 69.08 29.45
3509700114 5.39 584 | 160 | 3.00 | 665 | 3820 47.54 51.42
350970001A 453 484 | 158 | 256 | 511 | 3301 75.35 2281
350970004 452 462 | 157 | 256 | 590 | 2471 88.09 11.09
350970001G 4.47 513 | 140 | 260 | 520 | 4060 96.71 0.88
350970004H 435 501 | 140 | 240 | 500 | 39.60 96.21 1.01
Water Level Data (m)
350970004H 049 | 012 | 042 | 046 | o050 | 254

P25 = 25th percentile; P50 = median; P75 = 75th percentile

Source: Authors

Methodology

To forecast the water level of the Capivari stream, a fully connected feedforward MLP architecture
(Haykin, 1998) with a single hidden layer was employed. The hidden layer used ELU activation functions
with a relaxation parameter of 0.5. Predictions were carried out in both regression and classification
modes, through four experiments detailed in the following subsections. In all experiments, water-level
and rainfall values were linearly normalized to the [-1, 1] interval using predefined original ranges of [0,
5] mand [0, 100] mm, respectively. The number of hidden neurons was set equal to the number of input
variables based on preliminary tests; the network weights were initialized with small random values;
and training was performed using Stochastic Gradient Descent (SGD) as described by Bottou et al.
(2018). The number of epochs was fixed at 1000 as the stopping criterion, and a small learning rate of
0.001 was adopted.
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Dataset Organization and Class Balancing Strategy

Before detailing the experiments, it is necessary to explain how the dataset was organized for the
training phase of the neural network.

In this study, the 1.6 m threshold used in the operational monitoring context of the Capivari
Stream watershed by Cemaden for flood warning activation was adopted as the reference level for
class definition, consistent with previous studies conducted in the same study area (Lima & Scofield
(2021); Lima et al., 2023). Accordingly, the neural network was trained to predict whether the
stream level at the watershed outlet, based on a given input tuple, would exceed this threshold.
This formulation reflects the model’s intended role as a decision-support tool for early flash flood
warnings.

Based on this threshold, the 22792 training tuples were initially divided into two groups:
22748 tuples in which the output values are below 1.6 m, and 44 tuples in which the output values
exceed 1.6 m. To improve the network’s ability to learn from the dominant class, the larger group
(22748 tuples) was further subdivided into two subgroups: those with output values below 0.8 m
and those with output values greater than or equal to 0.8 m. This process resulted in three distinct
training classes:

» Class 1 (C,): 22349 tuples with output values < 0.8 m

» (Class 2 (C,): 399 tuples with output values > 0.8 mand < 1.6 m
o (Class 3 (C,): 44 tuples with output values = 1.6 m

In the test set, the distribution across C,C, and C, was 449, 119, and 4 tuples, respectively.

In each training iteration, batches were formed containing 15 tuples from C,, 8 from C,, and 4 from
C,. It is worth noting that, due to this batch composition, tuples from C, were presented to the network
only once during each training epoch, while tuples from C, and C, were repeated multiple times. This
strategy was adopted to reduce the risk of the learning process becoming biased toward Class 1 due to
its overwhelming prevalence in the dataset. The MLP was evaluated through four experiments, outlined
below.

Experiment 1

In this experiment, the network was trained to perform a regression task using the input tuples
described in Section “Database”.
The hidden layer consists of neurons with ELU activation functions defined as:

y:{a(e"—l),x<0 )

x, x>0

where a=0.5inthisstudyand xand yrepresent, respectively, theinduced local field (pre-activations)
and the activation of the hidden neurons.
The output neuron uses a sigmoid activation function given by:

5
1+e™

(2)

Although the maximum observed water level in the historical series is well below 5 meters, the
sigmoid amplitude was set to 5 in this experiment to allow for the possibility of higher levels in future
overflow events.

The adopted cost function was the logarithm of the hyperbolic cosine (log-cosh), expressed as
follows:

log...; :%Zil log(cosh(yai -V, )) (3)

where N is the number of observations, y . is the observed water level at the i-th time step, and y,,
is the corresponding forecasted value.
Figure 3 illustrates the schematic MLP architecture used in Experiment 1.
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Inputs ELU hidden layer

Sigmoid
Output

Figure 3. Schematic representation of the MLP architecture used in Experiment 1, with 13 input variables, a
hidden layer with ELU activation (a = 0.5), a sigmoid output neuron, and a bias connection from input to hidden
layer.

(Source: Authors)

Experiment 2

In this experiment, the network was trained to classify the input tuples into three classes. The output
layer consisted of three neurons with linear (identity) activation functions, and a softmax transformation
(Equation 4) was applied to their outputs to convert them into class probability estimates.

X

- e’
Yi= &5 (4)
e ik
k=1
where X; is the induced local field of the j-th output neuron for the i-th input tuple and )_/ij is the
probability estimated by the neural network that this input belongs to the j-th class.
The cross-entropy (CE), defined in Equation 5, was used as the cost function to be minimized.

n 3
CE=- iZZyijlog (?u ) (%)

i=l j=I

where Yy is the expected probability that the i-th input belongs to the j-th class and )_/ij is the
predicted probability given by the softmax function.

Due to the characteristics of the available data, the expected probabilities Vi used in the
cross-entropy loss had to be defined in a binary form. The numerous temporal gaps in the data of the
three classes, as well as the limited amount of data for classes C, and C,, made it very difficult to estimate
the true probability distributions from which the datasets originated. Consequently, assigning smooth
continuous membership probabilities to the input tuples was unfeasible. Therefore, binary expected
probabilities were assigned instead. Specifically, input tuples from C, C,, and C, were assigned expected
probability vectors of [1 0 0], [0 1 0], and [0 O 1], respectively.

Prior to training, all input variables used in Experiment 2 were normalized using min-max scaling to
ensure numerical stability during the optimization process. The normalization was applied independently
to each input feature, including both antecedent water-level and rainfall variables, mapping their values to
the [-1, 1] interval using predefined original ranges of [0, 5] m for water level and [0, 100] mm for rainfall.
These upper bounds were intentionally set above the observed maxima to accommodate potentially more
extreme future events. The same normalization parameters were subsequently applied to the test data.

Figure 4 illustrates the schematic MLP architecture employed in Experiment 2.
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Figure 4. Schematic representation of the MLP architecture used in Experiment 2.
(Source: Authors)

Experiment 3

In Experiment 3, an additional input representation was evaluated to investigate whether the false
positives observed in Experiment 2, particularly cases in which samples from class C2 were misclassified
as C3, could be attributed to the ambiguous encoding of missing rainfall observations. In the original
dataset, missing rainfall measurements were represented as zero values, which are indistinguishable
from true zero-rainfall observations from the perspective of the classifier.

To address this issue, a binary availability mask was appended to the input vector for each
rainfall station. For each hourly rainfall input, a corresponding binary indicator was included,
assuming a value of 1 when a valid observation was available and 0 when the value corresponded
to a missing measurement (gap). Consequently, the dimensionality of the input vector was
increased by adding one binary variable per rainfall station. The antecedent water-level input was
left unchanged.

All physical input variables (antecedent water level and rainfall amounts) were normalized
using the same normalization procedure adopted in Experiment 2. The binary mask variables were
not normalized and were kept in their original {0,1} form. The same network architecture, training
procedure, class definitions, and evaluation metrics used in Experiment 2 were retained to ensure a
direct and fair comparison between the two experiments.

Experiment 4

In Experiment 4, an alternative class-definition strategy was evaluated to address the persistent
misclassification of samples from class C, as C, observed in Experiments 2 and 3. Rather than interpreting
these misclassifications solely as model errors, this experiment explores the hypothesis that such
samples may represent hydrologically meaningful near-critical conditions that are not adequately
captured by a strict threshold-based definition of the alert class.

In the original class definition, samples were assigned to class C, exclusively based on the
predicted water level at time t, with values equal to or exceeding 1.6 m defining the alert condition. In
Experiment 4, this definition was expanded by incorporating additional hydrometeorological criteria
intended to capture pre-alert situations characterized by elevated antecedent water levels combined
with significant rainfall forcing.

Specifically, samples originally belonging to class C, were reassigned to class C, when all of the
following conditions were satisfied:

1. The antecedent water level at time t -1 was greater than or equal to 0.8 m;

2. The predicted water level at time t satisfied level(t-1) < level(t) < 1.6m;

3. The rainfall accumulation during the forecast interval exceeded a threshold T, defined as
follows. For each sample originally assigned to class C, in the training dataset, the average of
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the three highest hourly rainfall values across the available stations was first computed. The
threshold T was then defined as the median of these values across all C, training samples, as
given by Equation 6.

1<
T = median EZR; ie C, (6)
j=1

where R’ are the three highest hourly rainfall values of sample i.

This rule-based reassignment resulted in an expanded alert class that includes both
threshold-exceeding and near-threshold hydrological states with strong rainfall forcing. The
reassignment was applied consistently to both training and test datasets, preserving the original
temporal structure of the samples.

Following the application of the three criteria outlined above, the number of samples in class C,
was reduced to 392 and 116 in the training and test datasets, respectively, whereas class C, comprised
51 and 7 samples.

The MLP architecture, training procedure, input normalization, and evaluation metrics adopted
in Experiments 2 and 3 were retained, ensuring that differences in performance could be attributed
exclusively to the modified class definition.

Performance evaluation metrics

To evaluate the performance of the neural network in Experiments 1, the root mean square
error (RMSE) and the mean absolute error (MAE) were calculated, as defined by Equations 7 and 8,

respectively.
RMSE = %i(yoi Vi )2 (7)
i=1
MAE :%Z V., —yﬁ‘ (8)

i=1
The results of Experiments 2, 3, and 4 were analyzed using confusion matrices, and the

classification performance of the neural network was assessed using the kappa index, as defined by
Congalton & Green (2019), in Equation 9.

TXZ;DI‘ - il(TC,- xTR,)
T - Z:(:l(TCi XTR,-)

kappa = 9

where, T is the total number of elements in the confusion matrix, D, is the value in the i-th
diagonal position, TC,is the sum of the i-th column, TR, is the sum of the i-th row, and k is the number
of classes.

In addition to these quantitative metrics, complementary analyses based on t-SNE visualizations
and inter-class probability distance matrices were also performed to support the interpretation of the
classification results obtained in Experiments 2 and 3.

Results and discussion

Results of Experiment 1

In this experiment, the class-wise log-cosh loss exhibited a smooth and consistent decline,
stabilizing after approximately 600 epochs. The residual errors observed at convergence remained low
and stable across all classes, indicating effective training and no signs of overfitting.

Figure 5 displays the water level forecasts generated by the neural network for the test sets of
classes C,, C,, and C,, in comparison with the corresponding observed values.
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Table 2 summarizes the RMSE and MAE metrics associated with the forecasts shown in Figure 5.

——+—observed
——o— forgcasted by MLP
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Samples from class 1 in the test set

1.66 T
——e— observed
~—o— forecasted by MLP
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Water level of Capivari stream (m)
>
|

Samples from class 3 in the test set

Figure 5. MLP-based water level forecasts versus observations for test samples from classes C,C, and C, Each
panel corresponds to one class and illustrates the model’s generalization capability in the regression task.

Table 2. RMSE and MAE of the MLP-based regression model for the test samples of each class.

Cl CZ C3
RMSE (m) 0.0292 0.1216 0.1438
MAE (m) 0.0265 0.0730 0.1342

Results of Experiment 2

Tables 3 and 4 present the confusion matrices associated with the classification performance of
the MLP in Experiment 2 for the training and test datasets, respectively. In both tables, the left matrix
corresponds to the three-class classification scenario, in which tuples are categorized into classes c,C,
and C,, while the right matrix represents the binary classification case, obtained by merging classes C,
and C, into a single group. The primary objective of this experiment is to assess the ability of the model
to discriminate between tuples with output values below 1.6 m and those equal to or exceeding this
threshold, which defines the alert class (C,).

In the training phase, the MLP achieved a global accuracy of 0.9895 and a Kappa index of 0.7671. In
the test phase, the global accuracy reached 0.9563, with a corresponding Kappa index of 0.8676.

Table 3. Confusion matrices for the MLP based classification of the training data: three-class (left) and binary
(right) scenarios. Kappa values are reported below each matrix.

Three classes Two classes
C, C, C, C,/C, C,
C, 22147 202 0 C,/C, 22737 11
5 27 361 11 C, 2 42
C, 0 2 42
kappa: 0.7671 kappa: 0.8657
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Table 4. Confusion matrices for the MLP based classification of the test data: three-class (left) and binary (right)
scenarios. Kappa values are reported below each matrix.

Three classes Two classes
C, C, C, C,/C, C,
C, 436 13 0 C,/C, 566 2
C, 11 106 2 C, 0 4
C, 0 0 4
kappa: 0.8676 kappa: 0.7983

Results of Experiment 3

The confusion matrices obtained for Experiment 3 in the training and test datasets are presented
in Tables 5 and 6, respectively. In the training phase, the MLP achieved a global accuracy of 0.9899 and a
Kappa index of 0.7768. In the test phase, the global accuracy was 0.9528 and the corresponding Kappa
index reached 0.8665.

Table 5. Confusion matrices for the MLP based classification of the training data: three-class (left) and binary
(right) scenarios. Kappa values are reported below each matrix.

Three classes Two classes
C, C, C, c,/C, C,
C, 22158 191 0 C,/C, 22736 12
C, 25 362 12 C, 2 42
C, 0 2 42
kappa: 0.7768 kappa: 0.8568

Table 6. Confusion matrices for the MLP based classification of the test data: three-class (left) and binary (right)
scenarios. Kappa values are reported below each matrix.

Three classes Two classes
C, C, C, C,/C, C,
C, 431 18 0 C,/C, 565 3
C, 6 110 3 C, 0 4
C, 0 0 4
kappa: 0.8665 kappa: 0.7248

Results of Experiment 4

The confusion matrices obtained for Experiment 4 in the training and test datasets are presented
in Tables 7 and 8, respectively. In the training phase, the MLP achieved a global accuracy of 0.9889
and a Kappa index of 0.7669. In the test phase, the global accuracy was 0.9528, with a corresponding
Kappa index of 0.8681.
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Table 7. Confusion matrices for the MLP based classification of the training data: three-class (left) and binary
(right) scenarios. Kappa values are reported below each matrix.

Three classes Two classes
C, C, C, C,/C, C,
L 22111 238 0 C,/C, 22741 0
C, 15 377 0 C, 0 51
C, 0 0 51
kappa: 0.7669 kappa: 1.0000

Table 8. Confusion matrices for the MLP based classification of the test data: three-class (left) and binary (right)
scenarios. Kappa values are reported below each matrix.

Three classes Two classes
C, C, C, C,/C, C,
) 428 21 0 c,/C, 565
C, 6 110 0 C, 0 7
C, 0 0 7
kappa: 0.8681 kappa: 1.0000

Discussion

The neural network forecasts obtained in Experiment 1 were effective for class C, but only
moderately accurate for C, and C,, as shown by the plots in Figure 5 and the performance metrics in
Table 2. Notably, for some tuples from classes C, and C,, the model produced forecasts close to the 1.6
m threshold, even when the observed water levels were not near this limit. These cases are important
because they indicate a risk of both false positives and false negatives, which can compromise the
reliability of flood warnings based on the model’s outputs, a challenge commonly discussed in
operational flood early-warning systems (Martina et al., 2006; Tsai et al., 2022).

Nevertheless, although the regression results were not entirely satisfactory, the network
appeared to have learned the output value ranges associated with each class (i.e., output < 0.8 for
C,, 0.8 < output < 1.6 for C,, and output > 1.6 for C,) with reasonable accuracy. In fact, the number
of predicted outputs falling outside their true class ranges was low, and most of the few exceptions
deviated only slightly. This behavior is typical of a classifier, suggesting that explicitly training the
model to classify inputs into predefined output intervals could be a more effective strategy. Similar
behavior has been reported in previous studies involving machine learning approaches for hydrological
forecasting and warning systems (Mufioz et al., 2021). This finding motivated the development of the
classification models evaluated in Experiment 2.

The classification results obtained in Experiment 2 showed that the MLP is able to identify the
alert class (C,) with high reliability, particularly in the test dataset, in which all samples with output
values equal to or exceeding 1.6 m were correctly classified. In the training dataset, most C, samples
were also correctly identified, although two instances were misclassified as C,. These misclassifications
occurred for samples whose output values were close to the alert threshold, indicating that the model
exhibited greater uncertainty near class boundaries rather than producing random errors, a behavior
frequently observed in classification problems involving near-threshold hydrological conditions.

A similar behavior was observed in Experiment 3, in which an explicit availability mask was
introduced to distinguish between observed zero rainfall and missing data. While the classification
performance remained high, two C, samples in the training dataset were again misclassified as C,,
whereas all C, samples in the test dataset were correctly identified. The persistence of this behavior,
despite the explicit encoding of missing rainfall information, suggests that the ambiguity associated
with data gaps was not the primary cause of misclassification near the C,-C, boundary. Instead, these
errors appear to be linked to near-threshold hydrological conditions that are intrinsically difficult to
separate using a strict output-based class definition.
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The consistency ofthese near-boundarymisclassifications motivated the alternative class-definition
strategy evaluated in Experiment 4. Rather than treating all C,-to-C, or C,-to-C, misclassifications as
undesirable errors, this experiment explored the hypothesis that some samples originally assigned to C,
represent physically meaningful pre-alert conditions. By incorporating additional hydrometeorological
criteria—namely, elevated antecedent water levels and significant rainfall accumulation—into the
definition of the alert class, Experiment 4 expanded C, to include near-threshold states with strong
rainfall forcing. Under this revised definition, all C, samples were correctly classified in both training
and test datasets, while the overall classification performance remained stable.

Fromanoperational standpoint, theresults of Experiments 2-4 indicate thatthe MLP-based classifier
does not merely replicate a rigid threshold-based decision rule. Instead, it learns a representation of
hydrological risk that integrates both antecedent conditions and rainfall forcing, which is consistent
with the broader use of machine learning techniques to represent complex hydrological responses
in flood forecasting and warning systems (Mufioz et al., 2021). The misclassifications observed in
Experiments 2 and 3 can thus be interpreted as conservative predictions in situations characterized
by rapidly evolving or near-critical hydrological states. By explicitly accounting for these conditions in
the class definition, Experiment 4 provides a classification framework that is better aligned with the
requirements of flood early-warning systems, in which the cost of missed alerts often exceeds that of
occasional false alarms (Martina et al., 2006).

Concluding remarks

This study presented the development of MLP-based neural network models to forecast, with
one-hour lead time, the water level in the Capivari watershed, an area monitored by Cemaden due to its
susceptibility to flash floods.

The models were trained with historical rainfall and water level data recorded between 2020 and
2023, and tested with data from February 2024, obtained from 12 monitoring stations installed in the
watershed. These models are expected to be used as decision-support tools by Cemaden’s operational
staff for monitoring the watershed and issuing early warnings.

The initial regression-based formulation highlighted important limitations associated with
data gaps in the historical rainfall records, which affected the reliability of near-threshold forecasts.
However, the analysis also revealed that the neural network was able to learn meaningful output
ranges associated with different hydrological states. This observation motivated the reformulation of
the problem as a classification task, in which forecasted water levels were grouped into hydrologically
relevant classes corresponding to non-critical, intermediate, and alert conditions.

A sequence of classification experiments was conducted to progressively refine the proposed
framework. The results showed that the MLP-based classifier is able to reliably identify alert situations,
particularly in the independent test dataset, while maintaining stable overall performance. The
explicit treatment of missing rainfall data through availability masks demonstrated that classification
performance is largely insensitive to data gaps, indicating that the observed misclassifications near the
alert threshold are not primarily driven by data quality issues. Instead, these cases reflect near-critical
hydrological conditions characterized by elevated antecedent water levels combined with rainfall
forcing.

By incorporating these conditions into an expanded definition of the alert class, the final
experiment provided a classification scheme that better represents pre-alert states of practical
relevance for flood early-warning applications. This approach preserves the simplicity of
threshold-based decision rules while enhancing their flexibility and robustness under uncertain
and rapidly evolving conditions.

Overall, the proposed MLP-based classification framework offers a practical and operationally
meaningful solution for short-term water-level forecasting in small, fast-responding watersheds
with incomplete data. The results support its potential integration into real-time early-warning
systems, contributing to more reliable and conservative flood risk management in data-limited
environments.

Although the neural models developed in this study were trained and tested exclusively using
historical data and are therefore not yet operational, the results support their potential as a viable tool
for early flood warning applications. Ongoing research at Cemaden is currently focused on generating
rainfall estimates for the Capivari watershed through a neural-network-based downscaling scheme
driven by forecasts from the WRF mesoscale model. These rainfall estimates are expected to replace the
observed rainfall data used in the models proposed here, enabling the implementation and real-time
evaluation of an operational version of the system.
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