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Abstract Heavy rainfall events that cause floods are natural and unavoidable, yet result in devastating damage to
society and, therefore, must be studied to mitigate their impacts. This study presents a predictive Artificial Intelli-
gence model capable of classifying the occurrence of flood events using Machine Learning techniques, including
Multi-Layer Perceptron (MLP) neural networks and decision trees. This research was conducted in two separate
case studies: one in the urban area of Hugo Cantergiani, the regional airport in Caxias do Sul, Brazil, and the second
on the Faxinal microbasin, also located in the city. The model was trained using meteorological, such as rainfall,
temperature, atmospheric pressure, and others, and hydrological data such as Antecedent Precipitation Index (API).
The data collected from Instituto Nacional de Meteorologia (INMET) for the first case study, and provided by
Servigo Auténomo Municipal de Agua e Esgoto de Caxias do Sul (SAMAE) for the second. The first case study
was treated as a classification problem, whereas the second was a regression problem. The performance of the
model was evaluated using metrics coherent to each case study, such as accuracy and F1-Score for the first case
and R?, Mean Absolute Error (MAE), and Root Mean Square Eeviation (RMSE) for the second case study. Ex-
plainability was also explored using the Shapley Additive Explanations (SHAP) method. The INMET case study
obtained 93.3% accuracy in predicting one day in the future. In SAMAE case study, it was possible to reach R? of

0.984 in the complete dataset, but only 0.779 for the outliers, that are the cases when floods happened.
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1 Introduction

The Intergovernmental Panel on Climate Change (IPCC) is
an United Nations (UN) entity created to assess the impacts
of climate change in the world. In its Sixth Assessment Re-
port, the group reports that the average global temperature
is 1.1°C higher than it was in the pre-industrial era [IPCC,
2023]. Of these, 1.07°C was caused by anthropogenic ac-
tions.

In that regard, climate changes go beyond the growth of
the average temperature. The same document by IPCC states
with high confidence that human intervention is contributing
to increasing the frequency of extreme events. Further evi-
dence is given by World Weather Attribution [2024], which
used computer models to quantify human influence in ex-
treme events. Of the sixteen flood events analyzed by the
group, fifteen were caused by heavy rainfall resulting from
anthropogenic actions.

In 2004, approximately a quarter of all registered natural
disasters worldwide were flood events [Munich Re Group,
2004]. In Brazil, between 2017 and 2022, 55.5 billion reais
were spent on damage repair due to heavy rainfall, and 14.8
million people were displaced or killed as a result [CNM,
2022]. Between September 2023 and May 2024, the state of
Rio Grande do Sul in Brazil suffered several casualties due to
three different flood events that consecutively broke histori-
cal records in terms of rainfall and urban flooding [Marengo
et al.,2024].

Floods are among the most common, fatal, and destructive
extreme events [Razavi et al., 2020; Marengo et al., 2024].
They can be defined as the temporary cover of land by water
outside of its normal confinement, invading terrains not nor-

mally occupied by it [FLOODsite, 2005; de Sene and Mor-
eira, 2012]. There are multiple different forms of floods, in-
cluding heavy rainfall, snowmelt, tsunamis, a rise in the level
of bodies of water, drainage system saturation, and reser-
voir leakages [Penning-Rowsell and Fordham, 1994]. An-
other type is flash floods, characterized by intense, hardly
predictable, short-period rainfall [INMET, 2025].

In order to prevent damage from these disasters, efficient
disaster management is essential. The process involves sev-
eral phases, including preparation, response, and recovery
[Sharma et al., 2021]. Early warning flood systems enter the
preparation phase by ensuring that the public defense is not
caught off guard, and prevention mechanisms are well estab-
lished by the time the event occurs [Sharma et al., 2021].

Early warning systems can be implemented using Artifi-
cial Intelligence and Machine Learning techniques [Sharma
et al., 2021]. Artificial Intelligence can be defined as the
study and development of rational agents, which are compu-
tational systems projected to make decisions based on math-
ematical or logical models, without relying on explicit al-
gorithms [Russel and Norvig, 2022]. Machine Learning is
an area of Artificial Intelligence that focuses on developing
models capable of learning from training data, thereby in-
creasing their performance after analysis. In that regard, Ma-
chine Learning models can discover patterns in data and help
solving problems that even humans cannot understand per-
fectly, serving as a nondeterministic alternative to unsolved
problems [Russel and Norvig, 2022].

Therefore, floods are disasters that affect most cities in
the world, and both their frequency and impact are intensi-
fied by climate change. Although impossible to avoid, those
disasters can have their damage controlled by predicting the
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event and acting on it. This project proposes the development
of two early warning Machine Learning models to support
decision-making on flood events.

The first is a binary classification model that estimates
flood occurrence in the urban area surrounding Hugo Can-
tergiani Airport, using meteorological and hydrological data
from flood events during the period from September 2023 to
May 2024 as the independent variables. The second model
is a regression model that estimates the water column level
of the Faxinal microbasin’s reservoir, also using meteorologi-
cal and hydrological data from December 9, 2024, to June 30,
2025. Both areas are located in Caxias do Sul, Brazil. The
first case study primarily maps flash floods and drainage sys-
tem saturation caused by heavy rainfall floods, while the sec-
ond estimates the water column level in a reservoir to avoid
a leakage that could cause a flood. More detailed explana-
tions of the input and output variables will be discussed in
section 3.

This article is divided into five subsections. After the in-
troduction, section 2 explores the current state of the art and
analyzes how other studies are related to this one. Section 3
describes the methodology used for the development of the
models. Section 4 shares the results obtained by the models,
using relevant metrics to assess their performance. At last,
section 5 concludes the findings and contributions obtained
in this study, as well as highlights its limitations and suggests
possible paths for future works to improve upon.

2 Related Works

Several studies have been conducted in trying to estimate
the occurrence of flood events. This section will discuss the
methodologies employed in these other works, placing this
study in the context of the current literature.

First, there is a strong debate over the quantity of data nec-
essary for a model to be reliable. Some authors defend that
a model should have at least ten years of data to be assertive
[Mosavi et al., 2018]. Others argue that climate changes
make data from the past quickly unreliable [Wasko et al.,
2021]. The authors believe that, for a flood prediction model,
the time frame is less relevant than the number of extreme
events within it. For example, ten years of data with only a
single flood event is just as relevant as a single year of data
with the same number of events. The models usually lack
examples of extreme events, not normal events.

There is also a discussion about using Artificial Intelli-
gence (Al) and statistical methods without any hydrological
modeling. The critics of these methods raise a point about
the lack of understanding of how the model makes its pre-
dictions, and that some level of hydrological comprehension
must exist to determine if the predictions are coherent or
merely a mathematical model overfitted to the training data
[Klemes, 1983; Todini, 1988].

Those discussions show how important the dataset is for
these models. However, it is also found that one of the most
significant barriers identified by researchers who use Al for
flood prediction is having access to robust and reliable data
[Mosavi et al., 2018]. Some studies have attempted to col-
lect their own data using Internet of Things (IoT) devices
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[Furquim et al., 2018]. Despite the promising approach, the
effort to install those equipments made it unfeasible to sup-
port many variables, resulting in a model that only uses rain
and the river level for prediction, which ultimately could
reach a R? of only 0.681 for the river level prediction and
80% accuracy for the civil defense alerts.

Besides the data, the models and metrics used are also es-
sential parts of the Al studies. The most used models for
flood prediction are Artificial Neural Networks (ANN), De-
cision Trees, Wavelet Neural Network (WNN), Support Vec-
tor Machine (SVM), Support Vector Regression (SVR), and
Adaptive Neuro Fuzzy Inference System (ANFIS) [Mosavi
et al., 2018]. The most used metrics are R? and RMSE. R?
shows how the sum of the errors of the model compares to
the sum of the errors when using the mean to predict, with 1
being the best value it can get, and anything below 0 means
that the model is worse than predicting using the mean [Gao,
2023]. RMSE is the square root of the mean of the model’s
errors, powered by two, being 0 its best possible value, while
other values indicate larger errors on the measurement scale
of the output [Hodson, 2022].

MAE is also a recurrent metric. It is very similar to RMSE,
but uses the absolute value to calculate the error, instead of
powering it by two [Hodson, 2022]. This makes the interpre-
tation simpler, as O is its best possible value, and anything
above that represents the mean of the absolute values of the
errors.

Tabbussum and Dar [2021] used observational data col-
lected by Irrigation and Flood Control Department from Sri-
nagar, India, and obtained and R? of 0.97. Pereira Filho and
dos Santos [2006] did the same in Sdo Paulo, obtaining 0.95
using ANNSs. Aichouri et al. [2015] maintains the trend in
Algeria, achieving 0.9 for runoff and comparing these results
with the ones obtained by a simple linear regression model.

Dawson et al. [2002] uses artificial intelligence without
any hydrological modeling and compares the results with au-
toregressive models. This class of studies improves on statis-
tical flood prediction, but is absent from physical knowledge
in the process.

Between the studies using hybrid models, Adikari et al.
[2021] uses the API method, which defines the soil moisture
based on recent rain absorption, for flood prediction. This
method is interesting because it uses simple and accessible
data, but still attempts to provide some physical explanations.
It is known that, if the soil is saturated (which means a high
API value), it is more likely that the rain will turn into super-
ficial runoff and cause flooding.

Noymanee et al. [2017] uses ANN to predict flooding us-
ing open data of the water level in different points in the river
Pattani, in Thailand. The study defends that open data is cru-
cial to develop the potential of predictive models, and con-
cludes that rain alone is not enough for predicting floods.

Khosravi et al. [2018] uses multiple tree-based models to
define the susceptibility of flood in different points in the
Haraz basin, in Iran. Kourgialas and Karatzas [2017] also
works with this methodology in Greece, but on a national
scale. This approach is very interesting for mapping risk, al-
though it does not function as an early warning, as the present
study intends.

A brief summary of the studies mentioned above can be



found at Appendix A. Table A.l shows the methodology
used for data in these articles, describing how the samples
were acquired, which variables were used, and the period
covered in the dataset. Table A.2, on the other hand, points
out which kinds of models were used, their output variables,
which metrics were used to evaluate the performance, and
what values were encountered for those metrics.

3 Methodology

This study follows the Sample, Explore, Modify, Model, and
Assess (SEMMA) methodology for Artificial Intelligence de-
velopment [Sharda et al., 2019]. This method divides the pro-
cess into sampling and exploring the data, modifying it to fit
the application, training the model, and testing how well it
generalizes the data. Since SEMMA is an iterative method,
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Table 1. Features used in INMET case study

Feature Name Description

Date The day in which the data
was collected (YYYY-
MM-DD)

Daily rain The total rain during the
day (in mm)

Mean Temperature Average temperature dur-
ing the day (in Celsius de-
grees)

Maximum temperature
during the day (in Cel-
sius degrees)

Minimum temperature
during the day (in Cel-

sius degrees)

Max Temperature

Min Temperature

if the results of the test step are not as good as expected, the Thermal Amplitude D1ff<.arence betw§ep the
. . . maximum and minimum
process can be restarted from any given step in order to im- .
temperature during the
prove the model. The general development process, led by day (in Celsius degrees)
the SEMMA methodology, is illustrated in Figure 1, and fur- — ay cISTus dogrees
. . . o . Mean Humidity Mean humidity during
ther explanations will be provided later in this section. .
the day (in %)
Max Humidity Maximum humidity dur-
9 Build the | . ing the day (in %)
£ dataset Min Humidity Minimum humidity dur-

i ing the day (in %)

g ) Mean Atmospheric Pressure | Average  atmospheric

K=} Variables .

Bl pressure during the day

- (in hPa)

2 ceaning and|  [nyaroiogical Mean Wind Speed Average wind speed dur-

g P || caciation ing the day (in m/s)

Max Wind Speed Maximum wind speed

g Training during the day (in m/s)

= Mean Wind Direction Average wind direction

" (in degrees)
g Xl Mean Cloudiness Average cloud cover of
< the sky (in tenths)
Figure 1. SEMMA methodology Max Cloudiness Maximum cloud cover of
the sky (in tenths)

This study used meteorological and hydrological data col- Insolation Hours in which the sun
lected from Instituto Nacional de Meteorologia (INMET) ! was shining (in hours)
and data provided to the authors by Servigo Autébnomo Mu- API Antecedent Precipitation
nicipal de Agua e Esgoto de Caxias do Sul (SAMAE)?, the Index
company responsible for the management of waters in Cax- Urban Runoff Rain-runoff conver-
ias do Sul. Each dataset was used as one of the case studies. sion using the rational

method
Flood Boolean target indicating

3.1 INMET case study

The INMET data was obtained from their official website?
in September 7, 2025. The meteorological station, as well as
the rain gauge, is located at Airport Hugo Cantergiani. The
data is collected by an INMET-hired observer three times a
day, at 8 A.M., 12 PM., and 6 P.M. in local time.

The rain data, however, is collected only once a day, com-
puting only the total rain in the last 24 hours, forcing a daily

! Available at: https:/portal.inmet.gov.br/

2 Available at: https://www.samaecaxias.com.br/

3 Available at: https://tempo.inmet.gov.br/TabelaEstacoes/A001. Ac-
cessed on September 7, 2025.

the occurrence of a flood

grouping of the data. The hypothesis is that rain and other fea-
tures derived from it are strong predictors and are very likely
to improve flood prediction. Therefore, this grouping should
be worth it. In order not to discard two readings every day,
the data for every day was grouped, gathering the maximum,
minimum, and average readings of the variables. The input
features are detailed in Table 1. The rational method and API
method were used in this case study to guarantee some level
of hydrological understanding in the model [Viessman and
Lewis, 2003; Tucci, 2004; Teixeira, 2010].



The input data also passed through standardization tech-
niques. Those techniques change the scale of the data so ev-
ery feature has the same significance. When using the de-
fault scale for each feature, features like temperature that,
in the studied city, usually vary between 0 and 35 degrees,
can become insignificant to a neural network that also con-
siders atmospheric pressure, which is often near a thousand
hPa [Geron, 2019].

To normalize the value of each features, this study imple-
mented a standardization technique called Z-Score, which
calculates the mean and the standard deviation of each fea-
ture, and then changes the value of each instance for the
amount of standard deviations that the current instance de-
viates from the mean. That way, every column is in the same
unit of measurement, which is standard deviations away from
the mean [Geron, 2019]. Z-score is also a particularly inter-
esting choice for this work because it highlights how uncom-
mon that value is by identifying if it is around the mean or
distant from it. This capacity to determine whether a value is
common or extreme could be useful for predicting extreme
events.

The data was labeled using alerts from the state’s civil
defense agency, using news reports and articles (such as
[Marengo et al., 2024]) as supporting references for the dates
on which the events took place. The civil defense uses the
terminology “warning” for potential events and “alert” for
events that are already in progress. Therefore, only alerts
were considered for labeling. Those labels were later shifted
forward in variable time windows, creating a lag that should
allow the model to learn whether the current conditions cre-
ated flood conditions in the future [Geron, 2019]. Tests were
made using different numbers of time steps, from one to four
days in the future, allowing an analysis of the efficiency of
the prediction for all these forecast horizons.

The model used was a Multi-Layer Perceptron (MLP)
neural network, trained supervised with the data discussed.
Since this classification problem has only two classes, the
output consists of a single neuron, which should tend to 1
when there is a flood event in the time window or 0 when
there is not [Geron, 2019; Russel and Norvig, 2022]. Tree-
based models were preliminarily tested as well, but the MLP
showed significantly better performance over them.

The dataset was also divided into training and testing, us-
ing data from September 1st, 2023, to March 31st, 2024, for
training, and data from April to May 2024 for testing. This
configures a dataset of 274 instances that was split into 214
(consisting of 207 normal days and 7 flood events) for train-
ing and 60 for testing (consisting of 51 normal days and 9
flood events), resulting in a split of approximately 77.7% for
training and 22.3% for testing. It’s also notable that there
are more instances of flood events in the testing dataset than
in the training dataset, an uncommon practice, but necessary
to assess if the model could predict the events in May 2024
with the data of the events in September and November 2023
[Geron, 2019].

This case study used accuracy, which is the raw percentage
of correct predictions the model made, and recall, which is
the percentage of positive cases that were correctly predicted
[Geron, 2019]. In this context, recall means the percentage
of right predictions when a flood event occurred, while accu-
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racy means the percentage of right predictions in both situa-
tions. The goal of this study is to create a model with good
accuracy, but great recall, being able to always detect flood
events with as few false positives as possible.

Cross-validation was used here to find the best hyperpa-
rameters, but the results were not satisfactory. The method
divides the datasets into multiple folds and iterates over them,
taking some of the folders as train sets and the remaining
as test sets for each iteration [Geron, 2019]. By testing the
cross-validation method with mulitple hyperparameters, you
can estimate what configuration averages the best results.

By default, the method rewards high accuracy. Yet, with
the imbalance in the dataset, high accuracy means always pre-
dicting that there will not be floods. Recall was then tested as
the scoring metric, but it led to the cross-validation method
rewarding models that always predicted floods. A custom
measure that rewarded high recall only when there was de-
cent accuracy was developed, but also did not lead to great re-
sults. Under these circumstances, a trial-and-error approach
was used to define the hyperparameters in this case study.

As supporting metrics, precision and F1-Score were used.
Precision is the percentage of times the model was correct in
predicting a flood. F1-Score is the harmonic mean of recall
and precision, working as a way to aggregate the two met-
rics into one [Geron, 2019]. They are helpful to understand
not only whether the model can correctly predict the days on
which a flood event happens, but also how often it incorrectly
assumes a flood occurrence.

Since floods are rare events, the labels showed a con-
siderable imbalance between classes. Only 15% of the in-
stances were flood events, while 85% were normal days.
To overcome this barrier, the oversampling algorithm Syn-
thetic Minority Over-sampling Technique (SMOTE) was
used. SMOTE uses a k-nearest neighbors algorithm to gen-
erate synthetic data based on the distance from a minority
class’ sample to one random neighbor of its k nearest neigh-
bors [Chawla et al., 2002].

Different versions of the base dataset were created, using
different lag values to move the labels and allow predictions
in the other time windows (from one to four days in the fu-
ture). The days on which the label became NaN due to the
shift were simply replaced with 0 (No flood), as it is known
that there have been no floods in the following days.

The reason the tests must stop at four days is because the
data starts on September Ist, 2023, and the first event for
training occurred on September 4th, 2023. Using prediction
for higher windows would conflict with the oversampling
method, since there would not be enough examples of flood
events for the algorithm to generate synthetic examples. The
k-value could be lowered for those cases, but the quality of
the oversample would be compromised. The authors believe
that four days is already an interesting time range to explore.
Expanding the dataset was not considered to avoid creating
an even bigger imbalance between common days and flood
days.

Explainability was explored for both case studies using
Shapley Additive Explanations (SHAP) method to test how
local changes influence the model’s decision [Mosca ef al.,
2022]. That way, an interpretation of how each feature con-
tributes to the prediction can be done, and interesting forays



into explaining flood events can emerge from that.

3.2 SAMAE case study

SAMAE meteorological data were collected in their meteoro-
logical stations, and the rainfall data were collected by three
different rain gauges surrounding the Faxinal basin. The wa-
ter column level in the basin’s reservoir was also collected
and provided by SAMAE. The authors received the data in
early October, 2025. Figure 2 shows the city of Caxias do
Sul and its basins, as well as the location of the rain gauges
at each basin. The figure was also provided by SAMAE. The
Faxinal basin is painted green in the figure.

. @ santa Licia do Piai N

Figure 2. Caxias do Sul’s basins

The meteorological and rain data serve as input for the
model, while the output is the water column level in the reser-
voir. The model was tested first for estimation and later for
prediction, first identifying if the model is capable of estimat-
ing the level of the reservoir considering the current state, and
later expanding to predict the level in different time windows.
The windows vary between one and three days.

Also, hydrological models were calculated and integrated
as input to the model in order to achieve some level of hydro-
logical understanding of the process. Methods used were the
rational method for rainfall-runoft conversion and the API
method for keeping the temporal dimension that the tested
models cannot naturally store [Viessman and Lewis, 2003].
Table 2 details the features of the model.

Multiple models were preliminarily tested to evaluate their
performance. The tree-based models were the ones with the
highest accuracies, which converges with what the literature
review showed. Tree-based models are also an interesting
choice considering they are naturally explainable and dis-
miss the need for standardization, since the divisions those
models make are scale-agnostic [Geron, 2019]. The chosen
models for training were Decision Tree, Gradient-Boosted
Tree, and Random Forest. The latter two were still passed
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Table 2. Features used in the SAMAE case study

Feature Name
Date

Description

The day on which the
data was collected
YYYY-MM-DD)
Wind speed at the
time of measurement
(in m/s)

Wind direction at the
time of measurement
(in  degrees from
North)

Air temperature at the
time of measurement
(in Celsius degrees)
Relative humidity at
the time of measure-
ment (in %)
Atmospheric pressure
at the time of measure-
ment (in hPa)

Incident solar radia-
tion (in W/m?)
Average wind speed
during the day (in m/s)
Average wind direc-
tion during the day (in
degrees)
Dew point
ature  (in
degrees)
Maximum wind gust
speed (in m/s)
Direction of maxi-
mum wind gust (in
degrees)

Total precipitation dur-
ing the day (in mm)
API Antecedent Precipita-
tion Index

Estimated urban
runoff using the ratio-
nal method

Water level of the
reservoir  (difference
in meters from the
normal operation
level)

Wind Speed

Wind Direction

Temperature

Humidity

Pressure

Solar Radiation

Mean Wind Speed

Mean Wind Direction

Dew Point Temperature temper-

Celsius

Wind Gust Speed

Wind Gust Direction

Daily Rain

Urban Runoff

Reservoir Water Column Level

through SHAP in order to understand how the different trees
in the ensemble complemented each other in the decision pro-
cess. The trainment was supervised with the target column
discussed. A different model for each of the three types was
created for each window of prediction. Since the rain data
provided by SAMAE is collected daily, the prediction time
slot is also daily.

Then, the dataset was split into training and testing sets.
The SAMAE dataset starts on December 9th, 2024, and goes
until June 30th, 2025, configuring a dataset of 204 instances.
Unlike the dataset described in subsection 3.1, this dataset



does not contain data collected during any of the three major
flood events that occurred in 2023 and 2024. A less impact-
ful but still severe event took place in mid-June 2025, but this
is the only major event present in the dataset [Tomé, 2025a;
GZH, 2025b]. Other more localized events took place during
late-December 2024, early-January 2025 and mid-February
2025, none of which were enough to raise the water col-
umn in a significant way [GZH, 2025a, 2024; Tomé¢, 2025b].
Therefore, most of the outliers in this case are associated with
moderately heavy rainfall, and the peaks in the water column
level are not as high as they could be.

Because of that, this case does not allow the temporal divi-
sion made in subsection 3.1, and the division between train-
ing and testing datasets was decided randomly, but stratified.
Stratifying the splitting means that, if 25% of the data is used
for testing, then each class has 75% of its instances on train-
ing and 25% on testing. This avoids a distribution where all
instances of a class are in the training set and none in the test
set, as well as the opposite [Singh and Mangat, 1996].

The datasets were stratified using an outlier metric. Since
the goal of the model is to predict the water column height
during extreme events, it’s fundamental that both the training
and testing datasets contain the most extreme examples in the
dataset. The threshold to determine what is an outlier is 90%,
which represents 20 instances.

The split was made using 80% of the normal instances for
training and 20% for testing, while 70% of the outlier in-
stances were used for training and 30% for testing. Those
ratios were thought to keep as much instances for training as
possible (since there’s very few examples) while still retain-
ing a considerable amount of data in the test. Other ratios
were also tested, with this configuration yielding the best re-
sults. Therefore, 161 instances were used for training (147
from normal cases and 14 from outliers), and 43 instances
were used for testing (37 from normal cases and 6 from out-
liers).

The dataset was then shifted backwards, so each instance
contained the water level N days in the future, being N the lag
value, between 1 and 3 days. This also assings a null value
to the target column in the last N instances of the dataset.
Different from subsection 3.1, it is not possible to deduce
the value in the column, and therefore, those last N instances
were removed from each variation of the dataset.

In most prediction systems, outliers tend to be removed
for better accuracy. However, in this case, the outliers repre-
sent the flooding events. Therefore, predicting the outliers is
the main goal of the model. To improve the performance of
outlier prediction, oversampling techniques were also tested,
but ultimately failed to enhance the model.

After running the model in the test dataset, metrics are
used for assessing if the model can correctly predict the data.
This study used R?, RMSE, MAE, and R? for the outliers.
The latter is important since the main idea is to predict flood-
ing correctly. Therefore, the days in which flood occurs
are the ones that configure an outlier, and having good pre-
dictions for the usual case but bad predictions for the flood
events would give a false sense of a good performance.

Training and testing the model fit, respectively, the model
and assess phases of SEMMA methodology. Since the
methodology is iterative, if the assessment concludes that
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the model is unable to estimate the water column height cor-
rectly, the process can be restarted at any point, allowing dif-
ferent approaches to be tested to achieve sufficient accuracy
[Sharda et al., 2019].

4 Results and Discussion

In order to discuss the results, this section will be divided
into subsections that reconstruct the timeline of each case test.
The first tests were focused in flood detection, which means
being able to detect if given conditions characterize a flood
event or not. Then, different windows of prediction horizons
were developed. Finally, explainability was explored.

This section is divided into three subsections. The first
subsection talks about the naive approaches took to develop
baseline models used as comparison metrics with the actual
Al models. The other two subsections discuss the results ob-
tained for the models developed in each case study.

4.1 Naive approaches

In order to measure the quality of the predictive models, a
baseline model was created for comparison. Each case study
presents a distinct type of problem. While INMET case study
is a classification problem, SAMAE case study is a regres-
sion problem. Therefore, the methodology used to create the
baseline models varies in each case.

4.1.1 INMET case study

INMET case study used the 80% quantile threshold for rain-
fall and API variables. The API-based model performed bet-
ter and was kept as the baseline model for this case. The
baseline model had 88% of accuracy over the test dataset,
but only was able to predict correctly 7 out of the 9 days in
which flood happened, and wrongly assumed flood in 5 days.
If the threshold was strict (90% quantile), the accuracy rose
to 92% and only 1 normal day was confounded as a flood day.
However, it was only able to predict 5 of the 9 days. It was
only possible to predict all the 9 days by reducing the quantile
threshold to 40%, which reduced the accuracy to 55%. The
80% quantile was chosen then as the best balance between
recall and accuracy for the baseline model.

The detection baseline model had accuracy of 88%, with
arecall of 77.78% and precision of 58.33%, characterizing a
F1-Score of 0.67. The confusion matrix can be seen at Fig-
ure 3.

The one-day prediction model, however, showed a decline
in every metric. The accuracy dropped to 85%, recall de-
creased to 67.67%, and precision is now 50.0%, characteriz-
ing a F1-Score of 0.57. The confusion matrix is shown in
Figure 4a.

Figure 4b shows the two-day prediction model, that contin-
ued the trend of decline in the metrics. The accuracy dropped
another 3%, going to 82%, recall decreased to 55.55% and
precision to 41.67%, characterizing a F1-Score of 0.48.

The three-day model had the biggest drop in prediction
quality yet, as found in Figure 4c. The accuracy went to 75%,
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Figure 3. Baseline model for detection

recall decreased to 33.33%, and precision bottomed at 25.0%,
characterizing a F1-Score of 0.29.

At last, the four day model, found in Figure 4d, shows an
accuracy of 72% a recall of 22.22% and precision of 16.67%,
characterizing a F1-Score of 0.19. This is the culmination
of the model’s decline in prediction capacity, demonstrating
that using quantiles can be effective for short-term predic-
tions but is insufficient for longer-term predictions.

Accuracy: 0.85 Accuracy: 0.82

Real

Flood
Flood

No Flood Flood No Flood Flood
predicted predicted

(a) Baseline model for one-day prediction (b) Baseline model for two-day prediction

Accuracy: 0.75 Accuracy: 0.72

No Flood
No Flood

Real
Real

Flood

No Flood Flood No Flood Flood
Predicted Predicted

(¢) Baseline model for three-day prediction (d) Baseline model for four-day prediction
Figure 4. Baseline prediction models for INMET case study

4.1.2 SAMAE case study

For a regression problem, however, simply using quantiles
is not coherent. Because of this, the SAMAE case study’s
baseline model was a simple Linear Regression model us-
ing only rainfall and API as variables. This is a very simple
model used only to compare with the decision tree models.
Figure 5 shows that the average R? of the baseline models is
very close to 0, which is very low, and means this model is
barely any better than predicting by using the mean value for
the water level.

Baseline Linear Regression Model for detection
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4.2 INMET case study

(d) Baseline model for 3-day prediction

The first few tests showed several issues, reaching only
around 60% of accuracy at best. Some models achieved
much better accuracy, achieving even 93.75% when guess-
ing that there would never have any flood. This revealed a
significant imbalance in the dataset, as the great majority of
it consisted of days on which floods did not occur.

In that perspective, this study’s main obstacle was the class
imbalance inherent to the problem of flood prediction. By
nature, extreme events are rare, and therefore, the conditions
that define flood events can be hard for an Al to compre-
hend, since there are very few examples. To assess this, over-
sampling algorithms (such as SMOTE) and undersampling
algorithms (such as Near Miss) were tested to facilitate the
model’s learning.

Tests were made using both sampling approaches, with
different degrees of success. Undersampling proved great
for optimizing recall and minimizing false negatives. How-
ever, it also tended to make much more false positives, which
could lead to numerous alarmist predictions that would dis-
credit the model. Since there are very few instances, under-
sampling tests resulted in high accuracy, but when testing
the model with the full dataset, which includes data that was
cut because of the Near Miss algorithm, it proved itself to be
less generic than it seemed. As such, undersampling was dis-
carded, since it reduced a dataset that was already small and
did not show considerable improvements in the performance.

On the other hand, the oversampling algorithm SMOTE
obtained good results, having consistently great average re-
call values and being able to reach a high percentage of ac-
curacy in recognizing a flood state. That serves as evidence
to indicate that, with sufficient data on similar events, the
model would be able to make accurate predictions. How-
ever, oversampling-trained models are not the most reliable,
since most of the data is synthetic and might inflate the accu-
racy by creating too many similar cases to the ones passed as
input.

To prove this inflation caused by the method, an exam-
ple was made using the oversampling method with the full
dataset, instead of the correct practice of using only the train-



ing dataset. When using test dataset instances in the SMOTE
algorithm, new instances are created based on them, and the
model is exposed to data derived from the test data [Chawla
et al., 2002]. That way, the model is indirectly being trained
with test data, making it impossible to test the model’s gen-
eralization capacity. When using this approach, the model
was capable of recognizing flood events with 100% accuracy,
which is much more than it was capable of when trained cor-
rectly.

When isolated from the oversampling method, the test data
proved itself much more difficult to predict. This approach
is more correct because when the model starts being used
in everyday scenarios, it’ll come in contact with data that it
has never seen before. To consider the model 100% capable
of predicting flood events would be dangerous, because it’s
impossible to know how the model would react to data it has
never touched, considering synthetic data based on the test
data was used in its training. Even so, oversampling proved
itself a promising method.

A simpler yet still efficient method to deal with imbal-
anced data is simply changing the threshold to compensate
for the non-dominant class, in this case, the positive one. For
example, in this network with a single output neuron, the de-
fault threshold considers all predictions equal or greater to
0.5 to be the positive class, and predictions below that thresh-
old are considered negative. By changing the threshold to
0.3, for example, it’s possible to make it easier for the model
to predict positive cases, compensating a little the imbalance
that makes the output tend to 0 [Geron, 2019].

This approach was implemented and tested, with mixed re-
sults. Without the need to generate artificial data, the model
achieved very high accuracies but tended to have low recall
and inconsistent predictions of flooding. That means that,
even with a 0.3 threshold, the model was still not very effi-
cient in recognizing flood events with so little examples.

With those initial tests, it was possible to establish which
methods were good enough for implementation. Both over-
sampling and threshold-reducing methods were good enough
to be tested with the periodic division, in which the train-
ing dataset consisted of data from September 2023 to March
2024, and the testing dataset consisted of data from April and
May 2024.

The results indicated that the oversampling method was
much more efficient for recognizing a flood state, consis-
tently reaching high recall values and being able to keep de-
cent accuracy. The best selected model was able to reach
83.3% of accuracy with 100% of recall. In contrast, the
threshold-reduced model had a lot of trouble predicting the
flood events in the test dataset, and when able to detect them
well, a lot of false positives came in the process. Because of
that, the selected best model for flood detection using thresh-
old reduction had 65% of accuracy and 77.8% of recall. Fig-
ure 6 and Figure 7 show the confusion matrixes for the over-
sampling and threshold reduced models, respectively.

Considering the challenge of using threshold reduction to
get good recall while retaining good accuracy, the oversam-
pling model was the only one retained for testing the differ-
ent prediction windows. The artificial data generated by the
oversampling method is still not ideal, but using oversam-
pling only with the training data at least retains the integrity
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Figure 6. In-day flood detection model using oversampling
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Figure 7. In-day flood detection model using threshold reduction

of the results. The scarcity of data on flood events (and the
scarcity of flood events themselves) forces this limitation on
the training.

Comparing the oversampling model with the baseline
model for detection, the first thing that catches the attention
is that the accuracy is lower. The baseline model had 88.3%
of accuracy, against the 83.3% of the oversampling method.
However, the accuracy can lead to a wrong interpretation.
The oversampling model performed much better at predict-
ing floods, being able to have 100% recall, against the 77.8%
of the baseline model. The accuracy seemed better because
there are more examples of the negative class than of the pos-
itive class, which inflate the numbers for the baseline model
and punish the oversampling model.

When comparing both models’ F1-Score, it is notable how
similar they are in predictions, with the baseline model reach-
ing around 66.5% and the oversampling method reaching
64.3%. The oversampling model is still considered an im-
provement for being able to keep good accuracy while im-
proving in the prediction of flood events, which is the main
goal of the study.

Finally, the labels were shifted to one day prior, and now
the dataset does not indicate if there was a flood on that day,
but if there was a flood on the day after. Those tests initiate
the actual prediction, rather than the recognition discussed so
far.

Curiously, when shifting the prediction window to 1 day,
the model became much more capable of detecting flood



events. This corroborates that floods are not necessarily a
direct cause of what happened on the current day, but are
more influenced by what happened the day before.

Also, it’s important to notice that the main goal of this
case study, which was to discover whether it was possible
to predict the events that happened in May 2024 using data
from September and November 2023, is validated. All nine
days in which the city was affected by flood events were cor-
rectly predicted by the model, achieving 100% of recall. Ad-
ditionally, it was possible to avoid excessive false alarms,
with only four incorrect guesses, which configures 69.2% of
precision and totals 93.3% of accuracy. Figure 8 shows the
confusion matrix for this test.
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Figure 8. One-day flood prediction model

The one-day prediction model shows how the Al is im-
portant for prediction when compared to the baseline model.
While the simpler quantile methods were able to achieve 85%
of accuracy and detect two-thirds of the flood events, the neu-
ral network was able to reach 93.3% of accuracy and detect
every single event. While the baseline models worsened as
the prediction window increased, the AI model for the one-
day lag was able to predict even better than its detection
counterpart. Usually when the recall improves, the precision
tends to diminish. Contrary to expectations, the neural net-
work model has 69.2% precision, against the 50% precision
of the baseline model.

When changing the prediction window to two days, the re-
sults become a bit less consistent. It was still viable to make
the model predict the 9 flood events, but the more days it
correctly recognized as flood-affected, the more days it incor-
rectly recognized as flood-affected as well. The best model
for two days had a drop to 90% accuracy, as shown in Fig-
ure 9. The model was able to retain a good 60% precision as
well.

While the baseline model showed a more obvious decrease
in the quality of the predictions as the prediction windows
grew, the neural network models seem to be more resistant to
the passage of time. The two-day model was still able to de-
tect every flood event, while maintaning 90.0% of accuracy
and 60.0% of precision. The baseline model, however, had
only 81.6% of accuracy, 55.5% of recall, and 41.7% of pre-
cision. The baseline model is not impressively good at pre-
dicting the flood events, and yet, it also predicts a lot of false
positives, creating false alarms and not even guaranteeing
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Figure 9. Two-day flood prediction model

that every event was between those detections. This shows
the considerable improvement caused by the neural network.

The three-day model significantly lowered the accuracy,
showing a lot of difficulty to predict all nine occurrences.
That was possible to do at the cost of a great portion of the
model’s capacity of recognizing days without flood, indicat-
ing an overfit in the model. The best version of the model
capable of recognizing all nine days had only 36.6% of accu-
racy, as shown in Figure 10.

However, it was possible to balance a decent accuracy with
decent recall and precision for the positive class, having a
model that is not perfect at predicting floods, but is coherent
enough to avoid excessive alarms. It was possible to achieve
77.8% of recall with 76.6% of accuracy. The confusion ma-
trix is shown in Figure 11.

One limitation of the three-day model, however, is that it
predicts more false positives than true positives, thus having
a low precision. This means that the model wrongly assumes
there will be a flood with high frequency. It removes some of
the reliability in the model, since only 36.8% of the times it
predicts a flood are correct. This is still fairly decent for such
a difficult problem and such a huge lag in the prediction, but
it is debatably more reliable than an observer’s verification.
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Figure 10. Three-day flood prediction model predicting all days

Even with the abrupt fall in the prediction quality, the
three-day prediction model was able to maintain a decent re-
call of 77.8%, even if at the cost of a good precision. This
model shows that three days is far too big of a horizon for this
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Figure 11. Three-day flood prediction model predicting some days

flood prediction model. Still, when compared to the baseline
model, the prediction of the flood events is much more con-
sistent. The baseline model had only 33.3% of recall and
25.0% of precision on predicting floods, being very close to
simply guessing. In that sense, even if the neural network
was unable to make certain predictions, it offers better con-
sistency compared to simpler models, such as the baseline
approach proposed.

At last, there’s the four-day window. It showed more in-
consistency between trainings and had more difficulty reach-
ing its best version than the previous models, but showed
very curious results. The model performed impressively
well, with 88.9% of recall, 83.3% of accuracy, and 47.0% of
precision. All this information is shown in the confusion ma-
trix at Figure 12. It performed better than three-day model,
even being more distant to the event. Discussions on why
are explored after the explainability model SHAP was ap-
plied. When compared to the baseline model, which had
22.2% of recall and 16.7% of precision, it performed impres-
sively well.
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Figure 12. Four-day flood prediction model predicting some days

The results of each model are summarized in Table 3, high-
lighting the accuracy, the recall, and the precision of the pre-
dictions. The best model is bolded, highlighting the model’s
best performance.

Comparing the models side to side, it’s easy to see that,
while the accuracy and the recall remain relatively high in ev-
ery model, the precision rarely reaches a truly great number,
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and only the one-day and two-day prediction models were
able to overcome the 50% barrier.

Table 3. Metrics of the models

Prediction Window | Accuracy | Recall | Precision | F1-Score
0 days ahead 83.3% |100% | 47.4% | 64.3%
1 day ahead 93.6% |100% | 69.2% | 81.8%
2 days ahead 90.0% | 100% | 60.0% | 75.0%
3 days ahead 76.6% |77.8%| 36.8% | 50.0%
4 days ahead 83.3% [88.9%| 47.0% | 61.5%

All these results were obtained for models trained with a
simple architecture consisting of an input layer of 17 neurons
(since the Date and Flood features were excluded from input),
a single hidden layer of 8 neurons, 1 output neuron, Rectified
Linear Unit (ReLu) activation function for input and hidden
layers and logistic activation function for the output layer,
using Adam optimizer and a constant learning rate of 0.001
(1 x 1073), as well as early stopping with tolerance varying
between 0.0001 (1 x 10~°) and 0.000001 (1 x 10~7) to avoid
overfitting. It’s intricate to attest that the more complexity
that was added to the architecture of the model, the worse it
seemed to perform.

Few studies were encountered with similar classification
systems as the one used in this case study in order to make
comparisons with related works. Still, in Furquim et al.
[2018], a very similar approach obtained 80.0% of accuracy
and 90.0% of recall when predicting red alerts. Hence, the
93.3% of accuracy and 100.0% of recall that the one-day pre-
diction model achieved defines excellent performance.

4.2.1 SHAP analysis

The SHAP method was used to explore the explainability of
the model. SHAP uses the Shapley value, originally a con-
cept of game theory, to estimate the contribution of each
feature, considering even the interaction between features
through different permutations [Mosca et al., 2022]. Us-
ing this method, it is possible to identify which features are
the most relevant to the model predictions, as well as defin-
ing which features better determine the behavior of each in-
stance.

Mean SHAP values represent the absolute mean variation
caused by a feature in the output. That means that this metric
represents, on average, how much the output varies because
of that feature [Mosca et al., 2022]. This way, features with
higher SHAP values are more significant to the model, and
features with lower values are less significant. Optionally,
the relative importance of each feature can be expressed as
a percentage by normalizing its mean absolute SHAP value
over the total sum of all features’ mean absolute values, de-
termining what percentage of the model’s decision is defined
by that feature.

The analysis of the mean absolute SHAP values presented
in Table C.1 is a key aspect of this study, as it intends to in-
tegrate hydrological models with Al, and learning how the
Al is making the predictions is of extreme importance to un-
derstand how the model’s findings relate to the physical and
hydrological knowledge that exist.



For the detection model, 15.25% of its decision is defined
by API, which shows the strong relevance of the hydrological
modeling to flood detection, and validates the hypothesis that
rain and other features based on it could improve the predic-
tion performance. Even being a very simple model, API can
input the memory of the past day’s rain into the model, pro-
viding a context otherwise impossible for an MLP network.
It is also 66.66% more relevant than the second most impor-
tant feature, which is mean pressure, showing how powerful
this variable is for identifying flood.

Other features, like wind, temperature, cloudiness, and of
course, rain, were also important, showing that the condi-
tions of the atmosphere are really important for flood detec-
tion. However, the rain alone is not capable of identifying
flood dates, and is not even remotely the most important fea-
ture for this prediction. This makes sense, since the basin
response time makes rain cause late damage, and the city’s
runoff system can handle heavy rain until a certain point, fail-
ing when saturated by consistent rain.

The summary plots of the SHAP values for every model
can be found at Appendix B. Those are particularly great
ways to understand the behavior of the model, as it scatters
every test instance and compares, for each local analysis, the
SHAP value of each feature with the feature value of the in-
stance. With that, it is possible to comprehend if high values
mean positive or negative influence for the model’s decision
of a flood occurring. It is also possible to see the SHAP val-
ues for each feature across the models in Appendix C. Those
resources are provided in the appendix for better visualiza-
tion.

The summary of the detection model shows a very linear
behavior for most of the features, with most variables show-
ing that higher values represent a higher chance of flood and
lower values represent lower chances, and some others have
the inverse. Maximum wind speed and pressure, as well as
mean humidity, are the only variables that show a slight over-
lap between behaviors, but they are still well separated.

The linear behavior is seen in API, wind direction, mean
temperature, maximum cloudiness, mean wind speed, rain,
rainfall-runoff, maximum temperature, insolation, mean
cloudiness, maximum pressure, and mean humidity. The in-
verse behavior, on the other hand, appears in mean pressure,
thermal amplitude, minimum temperature, minimum humid-
ity, and maximum wind speed.

Cloudiness, pressure, humidity, and rain play the most im-
portant roles for the one-day prediction. This means that the
current rain added by the rain forecast the model is making
represents flood in the near future better than the accumu-
lated rain. The difference between the most relevant features
shows that the model is really predicting a flood event, in-
stead of recognizing it like the previous model did.

It’s also curious to see how pressure and humidity are so
important and so closely significant. That aligns really well
with the Crossing Humidity, Dewpoint, and Atmospheric
Pressure (CHRUDA) model’s discovery of how pressure, hu-
midity, and dewpoint correlate to predicting rain around nine
hours in the future. The authors believe that the model rec-
ognizes that those features are the most significant to predict-
ing flood because they are reliable variables to predict rain,
which leads to flood [Gutierrez-Lopez et al., 2019].
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The two-day prediction also does not take API much in
consideration, but is significantly different from the one-day
model. The wind direction variable is curiously the most rel-
evant to the model’s decision, representing around 13.6% of
the variance in the decision. Cloudiness, temperature, and
rain follow it, and isolation, humidity, thermal amplitude,
and wind speed are similarly relevant. Those variables in-
dicate that the model is still analyzing the imminence of rain
in order to predict floods.

Also, the wind direction variable being the most relevant
could mean two things: a significant discovery about the be-
havior of flood events in the city, or a signal of overfitting.
The authors of this study tend to believe in the second. If
every flood event is marked by wind coming from a specific
area in the world, such as the Atlantic Ocean, that could be a
good lead to focus monitoring in those areas. However, if it
is merely a coincidence that most flood events in this dataset
originate from rain in a specific area, that could simply rep-
resent the model’s overfitting. It’s also curious how the mod-
els interchangeably consider it relevant or not, which could
mean that it is possible to predict without this information. If
so, that would be another signal of overfitting.

Exploring the API values in those two models, it is pos-
sible to see how high values of API are spread around lean-
ing the model towards predicting flood and not flood. That
means the API does not have a linear influence, as it did in the
detection model - higher values can contribute negatively to
the prediction, depending on other variables. One possible
conclusion is that the model believes that, when there’s no
imminent rain and the API is really high, a flood event just
took place, and the chance of another happening is lower. If
the API was lower, than even with no immediate rain, there’s
a greater chance of a flood event taking place because there
has not been any flood in the immediate past days.

The three-day model also uses a similar prediction core
to the one-day model, giving high significance to pressure,
humidity, temperature, and rain. However, API once again
rises as the most important feature by a large margin, repre-
senting 13.56% of the behavior and having the most linear
distribution that the detection model had, meaning high API
values could lead to a flood. This suggests that, while the
imminence of heavy rain is an important factor for predict-
ing floods in several days in the future, more important than
that is how saturated the soil already is. This is consistent
with the logic of a basin’s response time, as well as the logic
of the city’s response to flooding [Tucci, 2004]. Heavy rain
might harm the city if it happens suddenly, but it will be dealt
with as fast as it starts. However, if the soil and the city’s
runoff system are saturated, any rain could turn into superfi-
cial runoff and, therefore, be classified as flooding. So, for
long horizons, API was the most reliable of the variables for
flood prediction.

The four-day model works quite differently than the other
models. At first sight, it might appear to be a very similar
case to the three-day and detection models in the sense that
API is the most relevant feature. It truly represents 29.63%
of the model’s decision, which is the most representative fea-
ture in those models. However, the linear behavior of API
attested in the other models is not reproduced here. This
model’s API analysis consider it of inverse proportion to the



event of a flood, meaning that high API values mean little to
no chance of having a flood four days in the future.

This indicates two very interesting findings. The first is
that the model is most likely clustering events, and realizing
that, if there’s a high API value today, it is very likely that a
flood is happening, and therefore, there is little to no chance
that this flood will still be taking place four days in the future,
as both the basin and the city were able to deal with the water
by then in the examples the model was given.

This finding also implicates that a four days lag could be
the limit value for this experiment. If the model is recogniz-
ing a flood in order to say that there will not be a flood, there’s
a very likely chance that the right predictions of the model
are arbitrary coincidences or derived from overfitting, and
do not really represent a good understanding of the problem.
That could explain why it got better results than the three-day
model.

However, it could also mean that the estimatives of the
flood happening are all based on the rain prediction variables,
which are also important to the model, and a high API only
serves to help place the event within a temporal context of
a flood event. This would mean that API helps the model
avoid the prediction of a flood that lasts longer than the ex-
pected. Since rain, wind, humidity, temperature, pressure,
and cloudiness variables all have a very linear behavior, the
rain prediction aspect is evidently strong in the model, and
more in-depth studies would have to be conducted in order
to determine which of the hypothesis is the most probable.

This estimative is corroborated by Lorenz’s claims that,
above one or two days in the future, weather prediction be-
comes speculative [Lorenz, 1963]. That does not mean the
prediction has no value, but rather that it can change signifi-
cantly and in unpredictable ways, so considering predictions
in this time window as certain is not ideal.

Overall, the SHAP analysis demonstrates that the mod-
els behave coherently with hydrological reasoning, but there
are certain signals of overfitting in higher prediction win-
dows. For detection, it emphasizes hydrological memory
through API. For short-term prediction, it focuses on the
signs of future precipitation on meteorological data. For
longer horizons, the predictability decreases and the model
relies heavily in the current occurrence of flood to determine
the chance of future flood. The varying importance of API
across windows reveals that it is a powerful predictor, but
limited for long-term prediction, with meteorological factors
being more relevant in those contexts.

4.3 SAMAE case study

SAMAE provided several datasets containing fragmented
data, which, after an exploration process, were selected for
this study and were integrated into a single dataset, described
in Table 2.

Initial tests were made using this dataset. Those initial
tests resulted in a R? of 0.61 for the detection model. To im-
prove the model’s context for predictions, data from previous
days was incorporated, significantly enhancing it. API is an
important factor for obtaining the history of the rainfall in the
region, but for a regression model, this knowledge will not
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always be enough to estimate the water column level, and the
level in the previous days is a better indicator.

While the R? demonstrated a lot of improvement, the
model was still finding difficulty predicting outliers. Mul-
tiple different oversampling approaches were used to try to
improve the model’s capacity of predicting the water column
level when a flood event occurs. First, SMOTE for Regres-
sion (SMOTER) was tested. However, it proved itself inef-
ficient, as the SAMAE dataset had very little data for the k-
nearest neighbors algorithm that SMOTER is dependent on.
Next, some more naive approaches were tested, such as dupli-
cating the outlier instances and duplicating them with small,
random noises. Both approaches decreased the outliers’ R?
considerably and were discarded. The oversampling tech-
niques were then dropped, and this limitation was accepted
into the model.

The detection model was the first tested and showed the
best results. The model that performed best with this dataset
was the Decision Tree, achieving an R? of 0.98, MAE of
0.04, and RMSE of 0.06. The outliers’ R? value was 0.78,
which is a decently high value considering the small number
of examples, but not as reliable as the models in the previous
case study.

Next came the Gradient Boosting model, with an even
higher R? 0of 0.99, MAE of 0.03, and RMSE of 0.04. Even if
the general performance of the model was better, it was con-
siderably worse in predicting the outliers, with an outliers’
R? 0f0.62. At last, the random forest model, with R%, MAE,
RMSE, and outliers’ R? of 0.98, 0.03, 0.06, and 0.30, re-
spectively, showing a consistent performance for the normal
cases, but very low precision for the outliers. A summary of
the results for the detection model can be found at Table 4.

Table 4. Summary of the metrics for the detection model

Model R? [MAE|RMSE|Outliers’ R?
Decision Tree |0.984|0.044| 0.068 0.779
Gradient Boosting|0.992|0.032| 0.046 0.618
Random Forest |0.986]0.037| 0.063 0.299

The prediction models, however, did not share the capac-
ity of decently predicting the Faxinal basin’s reservoir wa-
ter level during flood events. The one-day prediction, for
example, the best model was the Gradient Boosting, which
achieved a very strong overall R? of 0.96, as well as a MAE
of 0.069, RMSE of 0.11, but an outliers’ R? of only 0.59.
This shows a vast decrease in the capacity of identifying the
water level in flood events. It proves that the model is very
good for prediction in normal days, but in days of extreme
rainfall, it will not be as reliable. The other models per-
formed even worse for the outliers, even if they were able
to maintain the overall metrics in a good state, as seen in Ta-
ble 5. The Decision Tree model is particularly interesting
for having a negative R? for the outliers, which means the
model is less precise than a prediction made only using the
mean water level [Gao, 2023]. That means that the Decision
Tree model, even with great overall scores, is terrible for pre-
dicting flood.

The tendency started by the Decision Tree model in the
1-day prediction spread to all models in the 2-day prediction
models, as shown in Table 6. The best R? for outliers in this



Table 5. Summary of the metrics for the one-day prediction model

Model R? [MAE|RMSE|Outliers’ R?
Decision Tree |0.976{0.063 | 0.091 -0.600
Gradient Boosting|0.964|0.069| 0.111 0.588
Random Forest |0.989[0.041| 0.061 0.216

model was ironically in the Decision Tree model, which was
-0.30. That shows that these models have absolutely no value
for predicting flood in a horizon longer than one day in the
future.

Table 6. Summary of the metrics for the two-day prediction model

Model R? |MAE |RMSE|Outliers’ R?
Decision Tree |0.971]0.075| 0.099 -0.304
Gradient Boosting|0.940(0.098 | 0.142 -0.942
Random Forest |0.977|0.061| 0.087 -1.107

This bad prediction remained in every other window, only
worsening with the increase of the prediction window. The
3-day model was decided to be the last presented, in order
to demonstrate not only the persistence of terrible prediction
for flood events, but also the decline in the overall capacity of
prediction even for the common days. The results obtained
by this model are in Table 7.

Table 7. Summary of the metrics for the three-day prediction model

Model R? |MAE |RMSE |Outliers’ R?
Decision Tree |0.888|0.102| 0.183 -0.76
Gradient Boosting|0.922]0.097| 0.153 -0.592
Random Forest |{0.948|0.080| 0.124 -0.617

When comparing these tree-based models with the base-
line Linear Regression model, it is very clear how much bet-
ter those models performed. The worst R? found in the tree-
based models was the 3-day prediction Decision Tree, with
0.89, which is staggeringly higher than the average of 0.03
the baseline models had. Also, even if the models with higher
prediction windows were not able to make correct estima-
tions for the outliers, the baseline models were actually much
worse. The same day detection model had an outliers’ R?
of -60.34, while the prediction models’ number were -60.54,
-60.81, -61.10, for the one-day, two-day, and three-day pre-
diction models, respectively. This indicates that the sum of
the quadratic errors in the baseline models were around 60
times bigger than the sum of the quadratic deviation from
the mean value of the outliers.

In perspective with the results obtained on the related
works, the results were also very good. The best prediction
model obtained R? of 0.964, which is competitive to the re-
sults obtained by Tabbussum and Dar [2021], Pereira Filho
and dos Santos [2006], Dawson et al. [2002], and Kour-
gialas and Karatzas [2017], that ranged from 0.95 to 0.98.
MAE and RMSE are harder to compare since they are sen-
sitive to the unit of measurement of the output. Even so,
for the same one-day prediction model MAE was 0.069 and
RMSE was 0.111. The first metric ranged from an impres-
sive 0.00034 (Tabbussum and Dar [2021]) to 0.12 (Noyma-
nee et al. [2017]) and 0.27 (Saravi et al. [2019]). The second
ranged from 0.018 to 0.16 in the same studies.

The results obtained, even if not fantastic, show progress
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in the estimation of the water column level in Faxinal’s reser-
voir. When compared to simply using the average, the one-
day prediction’s error is 59% smaller. When compared to a
simple linear regression, it is multiple times better. While
there are still barriers to overcome, the results are already
promising.

4.3.1 SHAP analysis

To try to understand the decision-making process of the mod-
els, explainability was explored using SHAP. For the De-
cision Tree models, it is possible to use only the tree the
model uses for decision-making to explain it. However, Ran-
dom Forest and Gradient Boosting models use several trees
that complement each other, and therefore, only analyzing
a single tree does not allow for a full comprehension of the
model’s behavior [Geron, 2019]. For those models, SHAP
was used for explainability.

The Decision Tree was the best model for detection. As
shown in the first divisions of the tree, at Figure 13, almost
every single division is made based on the water column level
of the day before. There’s only two exceptions, the mean of
the water column level in the last three days, and the humid-
ity, both only appearing in the fourth level of the tree. This
shows how the model heavily relies on the previous state, in-
stead of the current atmosphere. Such behavior could mean
that models that work with temporal storage, like s or Long
Short-Term Memory (LSTM)s, could be more appropriate
for this case, as they naturally handle sequential data [Geron,
2019].

DecisionTree for Detection.
Overall R?=0.98; Outliers' R?=0.78

Figure 13. Best model for detection explained

The one-day prediction problem was better solved by the
Gradient Boosting model. In this case, SHAP was used for
explanation, since an ensemble model’s behavior cannot be
explained by a single tree. As shown in Figure 14, the water
column level on the day of the prediction is the most impor-
tant factor, just like the level on the day before was in the
detection model. It is notable how the higher values are im-
portant for increasing the water level predicted, but the lower
values tend to have an even more significant impact by de-
creasing the level predicted. The interpretation is that if the
level is high today, it has a higher chance of being high to-
morrow, but if it is low, it’s significantly more likely that it
will be lower.

It is also evident how several other variables have little to
no impact on the prediction, with the difference between each
instance being indistinguishable for several features. Rain
and urban runoff, though less impactful than other features,



also make an important distinction between normal values
and outliers, demonstrating its importance. Other variables,
such as humidity, are clearly distinguished into two levels of
contribution, which could imply that there’s a single instance
of a decision node including that feature.
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Figure 14. Best model for one-day prediction explained

The two-day prediction problem was better represented by
the Decision Tree model at Figure 15. It’s essential to note,
however, that this model’s predictions for flood days were
inferior to those obtained by simply using the average. The
tendency to use the current day’s water level as the primary
source of prediction continues, but several different factors
start getting relevance. Pressure, temperature, solar radia-
tion, and the average water level in the last three days all
appeared in the third and fourth levels of the tree, and rain
also appeared in the fourth level. This bigger variance is co-
herent, since the more days pass, the less the water column
level of today will be determinant for the future, and the at-
mospheric conditions start to play an important role. Those
variables were probably helpful for the normal day predic-
tions, but they were not enough to help the model succesfully
predict the outliers with the given samples.

DecisionTree for Lag 2
Overall R?=0.97; Outliers' R?=-0.30

Figure 15. Best model for two-day prediction explained

At last, the three-day prediction was better solved by the
Gradient Boosting model, which also did not achieve decent
standards for the flood events. The level of the current day
was still the most important feature, but the outliers did not
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impact the model as much as they did in the one-day predic-
tion, for example. Pressure, the water column level in the last
three days, and wind direction were also relevant for the pre-
diction. API, dewpoint temperature, and temperature follow,
but different feature values share similar impact, which can
raise suspicions on how determinant they actually are. The
remaining features follow with less impact in Figure 16.
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Figure 16. Best model for three-day prediction explained

5 Conclusions

This study, through two different case studies, was able to
achieve decent to great prediction in flood events. In the IN-
MET case study, it was proved that, using the data of the
floods that occured in September and November of 2023, it
is possible to completely predict the events in May 2024 with
up to 2 days of antecedence. It was also possible to predict a
good portion of the events for longer windows, though over-
fitting suspicions rose.

The SAMAE case study had more modest findings, but
proved that it is also possible to decently predict how the
level of a reservoir is affected by extreme rainfall up to one
day in the future. This case study was strongly affected by
the lack of data collected during flood events, and deserve
further investigation in how to deal with this imbalance and
improve the outlier prediction.

In comparison to the baseline models proposed in this
study, the Al models developed showed great improvement,
both in general terms and when analyzing the flood events
isolated. The models were also on par with the state of the
art reviewed. For example, Furquim et al. [2018] used a
very similar classification model to the INMET case study,
and obtained 80% of accuracy for civil defense’s red alerts,
while the models developed achieved between 77.7% and
93.3%. Dawson et al. [2002], Tabbussum and Dar [2021],
and Pereira Filho and dos Santos [2006] achieved 0.98, 0.97,
and 0.96 of R? for runoff prediction, which is very close to
the results obtained for the level of the reservoir in SAMAE
case study. These studies, however, do not specify how well



the model performed with the outliers, which limits the com-
parison in this regard.

The following subsections will be discussing some of the
major limitations on the models developed for this study.
Those acknowledgments help to better define what the model
can and cannot do, as well as pave the way for further work
that can improve on the results obtained so far.

5.1 Labeling uncertainty

This study used data from the state’s Civil Defense to label
the flood events for the INMET case study. This is not a flaw-
less methodology, as the warnings they provide not always
represent the exact days in which the city was harmed by
flood. Sometimes, the warnings merely represent risk, rather
than the actual occurrence of an event. That’s the reason
why this study used only alerts from Civil Defense, which
are strictly triggered when there’s actual devastation happen-
ing, instead of warnings. The articles used for support are
also very unclear about dates, with long date ranges and usu-
ally talking about the month as a whole instead of specific
days. This lead to a strictness in the labeling that could cause
confusion for the model.

This uncertainty regarding the dates could lead to ambigu-
ities. If the model is taught that a day was affected by a flood
even if it was not, the model will make wrong assumptions,
and this will lead to a wrong comprehension of the problem.
Therefore, the accuracy might be high, but if the labels are
inherently wrong, that means nothing for the model’s capac-
ity of prediction. As stated by Saravi ef al. [2019], a model
is just as good as the data that it was trained on.

The uncertainty in the labeling is a known limitation of
the model, but the authors defend that, given the information
freely available at the internet of the incidents, this method is
as close as possible from reality. For future works, a personal
data collection when the events are taking place would be
more appropriate.

Another way to overcome this limitation is to improve
the classification system to something similar to the work of
Furquim et al. [2018], which uses the different levels of alert
from Civil Defense as the output of the model.

5.2 Spatial and Temporal Limitations

The data collected for the training of the INMET case study
was obtained at a specific point in the city, the Salgado Filho
Airport. However, the labels consider flood in the city as a
whole, since the Civil Defense data has little spatial accuracy.
This can lead to some uncertainty in the prediction, since the
data is from a point in the city that was not necessarily dam-
aged by the flood, and that is not reflected in the labeling.
Also, the classification method of this case study has a spa-
tial limitation that makes it specific for cities in which the
flooding was directly caused by the rain in its own region.
The floods in Porto Alegre in this same period, for example,
were caused by the level of Lake Guaiba rising because every
river in the surrounding area flows into Guaiba. Therefore,
for cases similar to Porto Alegre, the rain in other regions
as well as the level of the surrounding rivers would most
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likely be fundamental, and the method applied here would
need some adjustments to truly fit the problem.

Another limitation of the model, also related by the lack
of data available, is the temporal limitation. Since the rain-
fall data is only collected once a day in the city, the lags
are in days, instead of hours. However, floods can proba-
bly be better predicted within the same day, few hours prior.
Twenty-four hours is a huge lag for prediction, considering
how rapidly the weather can change, and data collected more
frequently could lead to better accuracy, as well as very short-
term predictions. For future works, the model can be tested
without rain data, but as shown in the SHAP analysis, rainfall
and API are very relevant features in the INMET model.

This temporal limitation is also true to the SAMAE model,
and seemed to affect the prediction more strongly than it did
in the INMET model, as the lack of examples could be dimin-
ished without the daily aggregation made to match the tem-
porality of the rainfall data. In this case, the rainfall-related
variables seemed less relevant, and a test without those fea-
tures looks promising, and should be further explored.

For the INMET model, even collecting meteorological and
hydrological data hourly would be insufficient to solve the
temporal limitation, since the labeling would continue to be
daily. To properly solve this issue, the time precision of the
flood events would have to be better defined as well.

5.3 Prediction Policy

In this study, the authors opted for prioritizing correctness
on flood prediction rather than overall accuracy. This tends
to lower the overall accuracy as flood events are more rare
than days in which the city is not flooded. This leads to the
model wrongly predicting several cases of flood. This could
be considered a conservative or alarmist approach, as it will
always choose to predict a flood when in doubt.

The alarmist nature of the model, while not ideal, is be-
lieved to be better in comparison with a less conservative
model. The authors defend that it is better to be prepared for
damages that will not happen than to be taken by surprise.
While it would be incorrect to say that the events that took
place in May 2024 were a surprise, given the previous events
that served as alerts, the cities in Rio Grande do Sul were cer-
tainly unprepared for the event. The damage could have been
diminished with some degree of precaution, and the authors
believe models like these can help structuring early warning
systems that can lead to more readiness in the case of flood
events.

Therefore, while a limitation of the model, its alarmist na-
ture can also be seen as something positive to city planners
who could use the model to assess the possibility of a flood-
ing. The model urges for precaution, just like the population.

5.4 Contributions

This paper contributes to the literature by applying the cur-
rent Machine Learning techniques in early prediction of
flood events in a territory that lacks this kind of modeling.
It also employs a binary classification system that produces
a straightforward, easily interpretable result to aid decision-
makers. This differs from most runoff predictions in the



current state of the art, and follows the approach taken by
Furquim et al. [2018]. Moreover, this study uses hydrologi-
cal reasoning and the SHAP method to improve explainabil-
ity of how these models work, which is a gap in the literature.
Finally, this study takes an isolated look at the prediction of
outliers, guaranteeing that the models are actually making
good predictions for the days of extreme rainfall and not only
achieving good metrics because of the normal cases.
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A Related Works Summary

Table A.1. Data Used in Related Works
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Article Data Source Variables Data Period
Noymanee et al. [2017] Open data Basin’s level, precipi-|2015-2017
tation
Saravi et al. [2019] Governmental  depart-| Meteorological, rain|1994-2018
ments duration,  material
damage, dead and
hurt people
Furquim et al. [2018] Sensoring Precipitation, river’s|{2013-2014
level, and images
Tabbussum and Dar [2021] |Governmental  depart-| Precipitation, runoff,| 1990-2018
ments evapotranspiration,
and vegetation
Pereira Filho and dos Santos|Governmental ~ depart-| Precipitation, runoff|1991-1995

[2006] ments e river’s level

Aichouri et al. [2015] Meteorological stations |Precipitation and|1986-2003
runoff

Dawson et al. [2002] Three Gorges University | Precipitation and|1991-1993
runoff

Adikari et al. [2021]

Open data (Australia)
and governmental de-

Meteorological, pre-
cipitation, and runoff

1987-2014

tralia) and 1981-2018

(Aus-

partments (Thailand) (Thailand)
Khosravi et al. [2018] Governmental  depart-| Precipitation, basin’s|1991-2015
ments slope, altitude, and
curve
Kourgialas and Karatzas|Governmental  depart-| Precipitation, runoff,| 1960-2014
[2017] ments vegetation, basin’s al-

titude, slope, and ero-|
sion susceptability




Table A.2. Models and Results in Related Works
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Article

Metrics and Results

Prediction type

Model

Noymanee et al. [2017]

MAE (0.12), RMSE (0.16), and EI

Basin’s level (observa-
tional)

Bayesian Linear Re-
gression, ANN, De-
cision Tree, Random
Forest

Saravi et al. [2019]

RMSE (0.13), MAE (0.27), Accuracy
(79.83%), and Confusion Matrix

Flood class

Random Forest, ANN,
Naive Bayes, Logis-
tic Regression, Lazy
Learner

Furquim et al. [2018]

RMSE (22.92), MAE (12.97), and R?
(0.6813) for the river level e Accuracy
(80% and 66%), sensibility (90% and
70%), and specificity (88%, and 72%) for
the red and yellow alerts, respectively

River level and civil
defense’s alerts

Neural Network

Tabbussum and Dar [2021]

NSE (0.968), RZ (97.07%), MSE
(0.00034), RMSE (0.018), MAE
(0.0073), CA (0.018)

Runoff

ANN, Fuzzy models,
and ANFIS

Pereira Filho and dos Santos
[2006]

RZ (0.96), and MSD (0.033)

River level and runoff

ANN

Aichouri et al. [2015] R (0.902), ASE (0.00001), and MARE |Runoff ANN
(1.453%)
Dawson et al. [2002] MSRE (0.007), RMSE (0.1933), CE|Runoff ANN

(94.7%), AIC (1611), and R2 (0.98)

Adikari et al. [2021] Numeric results not presented. R?, RSE,|Runoff (observa-|CNN, LSTM e WAN-
RAE, NSE, WI tional) FIS

Khosravi et al. [2018] Accuracy (94.3%), Kappa (0.886), Susceptability to|Decision Tree
RMSE (0.216), AUC (0.976) flooding

Kourgialas and Karatzas [2017] |RMSE (0.52), NSE (0.96), and R? (0.95)| Susceptability to|ANN

flooding
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B SHAP summaries
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Figure B.1. SHAP summary of the Flood Detection Model
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Figure B.2. SHAP summary of the One-Day Flood Prediction Model
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Figure B.3. SHAP summary of the Two-Day Flood Prediction Model
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Figure B.4. SHAP summary of the Three-Day Flood Prediction Model
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C SHAP summaries

Pereira

Table C.1. Mean of the global absolute SHAP values for different prediction windows

and Notari, 2025

Feature 0-day | 1-day | 2-day | 3-day | 4-day | Mean
API 0.095 | 0.023 | 0.022 | 0.085 | 0.164 | 0.078
Rain 0.039 | 0.048 | 0.034 | 0.059 | 0.071 | 0.050
Mean Cloudiness | 0.012 | 0.076 | 0.043 | 0.018 | 0.078 | 0.045
Wind Direction 0.054 | 0.017 | 0.056 | 0.027 | 0.061 | 0.043
Mean Pressure 0.059 | 0.072 | 0.006 | 0.044 | 0.012 | 0.039
Mean Temperature | 0.051 | 0.028 | 0.038 | 0.026 | 0.037 | 0.036
Thermal Aplitude | 0.050 | 0.042 | 0.029 | 0.012 | 0.011 | 0.029
Mean Humidity 0.008 | 0.020 | 0.010 | 0.067 | 0.043 | 0.030
Min. Humidity 0.028 | 0.060 | 0.033 | 0.021 | 0.011 | 0.031
Max. Pressure 0.012 | 0.010 | 0.018 | 0.075 | 0.018 | 0.027
Max. Temperature | 0.018 | 0.016 | 0.016 | 0.059 | 0.031 | 0.028
Min. Temperature | 0.031 | 0.026 | 0.023 | 0.027 | 0.034 | 0.028
Max. Cloudiness | 0.042 | 0.025 | 0.020 | 0.024 | 0.011 | 0.024
Max. Wind Speed | 0.015 | 0.040 | 0.026 | 0.013 | 0.008 | 0.020
Mean Wind Speed | 0.040 | 0.012 | 0.014 | 0.012 | 0.019 | 0.019
Rainfall-Runoff 0.031 | 0.010 | 0.012 | 0.012 | 0.024 | 0.018
Insolation 0.015 | 0.011 | 0.033 | 0.012 | 0.009 | 0.016
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