Beyond Accuracy: A Comparative Study of Machine Learning
Models for Extreme Weather Forecasting in Rio de Janeiro
with a Green Al Perspective

Gabriel B. Breder!, Gyslla Vasconcelos', Mariza Ferro'

"nstituto de Computacdo — Universidade Federal Fluminense (UFF)
Av. Gal. Milton Tavares de Souza, S/N°, Sio Domingos — Niter6i — RJ — Brasil.

{gabrielbertobreder, gysllav, mariza_ferro}@id.uff.br

Abstract. In recent years, climate change has severely impacted the city of Rio
de Janeiro. Some extreme events have occurred, such as temperatures above
40° C and heavy rains that have caused landslides, floods, and deaths. This
study investigates the application of Machine Learning (ML) models (MLP, XG-
Boost, and LSTM) to predict extreme temperature and precipitation for the city
of Rio de Janeiro, while critically evaluating their environmental impact through
a Green Al perspective. Beyond traditional accuracy metrics like RMSE, our
aim is to assess the trade-off between good prediction and computational ef-
ficiency, energy consumption, CO2 emissions, and water usage during model
training.

1. Introduction

Extreme weather events, intensified by climate change, are increasingly responsi-
ble for natural disasters that cause significant material damage and loss of life
[Intergovernmental Panel on Climate Change (IPCC) 2021]]. These events disproportion-
ately affect cities in the global south, such as Rio de Janeiro, Brazil, where rapid ur-
banization and socio-spatial inequalities exacerbate vulnerabilities [Sharma et al. 2024,
Regoto et al. 2021]]. In Rio de Janeiro, extreme rainfall during spring and summer has
historically led to floods, landslides, and other disasters, particularly in low-income ar-
eas located in geologically unstable regions [Dereczynski and Calado 2017]. To address
these challenges, the city established the Rio Operation Center (COR , which collab-
orates with Alerta Rio E] to provide weather alerts based on telemetry stations, weather
radars, and Numerical Weather Prediction (NWP) models.

In recent years, there has been an alarming increase in heat waves that requires
new measures in municipal operations. In March 2024, Rio recorded a historic heat index
of 62.3°C, the highest since the measurements began in 2014 ﬂ By September 2024, win-
ter temperatures reached 39.4°C, the second hottest temperature of the yearﬂ prompting
COR to implement heat-level classifications and alert protocols similar to those adopted
for rainfall.

These developments highlight the critical role of data-driven governance in en-
abling timely public safety measures and mitigating the social impacts of extreme weather.

!Centro de Operagdes Rio - https://cor.rio/

2Alerta Rio - http://alertario.rio.rj.gov.br/

3News article about a heat wave in Rio de Janeiro (in Portuguese), available at: link
“News article about second hottest temperature of the year, available at: link
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Forecast models are an essential component for early warning systems and consecutive
actions within crisis management and risk prevention. However, the precision of current
forecasting systems for extreme conditions remains insufficient, particularly in complex
urban environments such as Rio de Janeiro, where topography, ocean proximity, and mi-
croclimates impose even greater challenges to this prediction [[da Silva et al. 2022al].

Artificial Intelligence (Al), especially Machine Learning (ML), offers transforma-
tive potential for improving meteorological forecasts [Han et al. 2023| [Kumar et al. 2024
and supports Sustainable Development Goals (SDG), notably SDG 11 and SDG
13 [Vinuesaetal. 2020]. While ML models can enhance accuracy and require
fewer resources than traditional NWP models [Allen et al. 2025], they still demand
considerable computational power and energy, challenging their use in developing
countries [Lamptey et al. 2024]. Deep Learning (DL) models, in particular, have
high energy consumption, contributing to CO2 emissions and raising climate con-
cerns [Cowls et al. 2021, Saetra 2021]]. Additionally, AI’s substantial freshwater usage
for data center cooling poses environmental risks [Li et al. 2025]. These sustainability
trade-offs are especially critical for resource-limited regions, perpetuating vulnerability.

The climate impact of these models is controversial in projects addressing cli-
mate change. A key factor in choosing them for city governments is the operational cost.
These models require retraining for each new extreme event to capture evolving dynamics,
which may be unfeasible in developing countries [Lamptey et al. 2024]. This technolog-
ical gap can perpetuate a cycle where the most affected regions have the least access to
advanced forecasts. High computational costs deepen this disparity, leaving vulnerable
populations without effective early warning systems.

Therefore, the general objective of this work is to investigate the use of ML mod-
els to forecast extreme weather events (temperature and precipitation) in Rio de Janeiro,
while critically evaluating their environmental sustainability. Beyond traditional accuracy
metrics (e.g., RMSE), the work introduces a Green Al perspective, comparing the com-
putational efficiency, energy consumption, CO2 emissions, and water usage of three ML
models (XGBoost, MLP, and LSTM). By addressing the trade-offs between predictive
performance and ecological impact, the paper aims to demonstrate that climate resilience
solutions can and must balance technical efficacy with environmental responsibility, par-
ticularly in resource-constrained regions. This study also highlights the challenges of data
imbalance in extreme weather prediction and advocates for equitable access to sustainable
ML tools, aligned with SDG 11 and SDG 13.

This work is organized as follows. In Section 2] the related work is presented;
Section [3|shows the methodology, data preprocessing, model configuration, and the eval-
uation used. In Section [] the experiments and results are presented. Finally, Section [3]
presents the final considerations and future works.

2. Related Works

Predicting extreme weather events is particularly challenging in urban areas due to the
complexity of atmospheric phenomena and the need for timely alerts [Porto et al. 2022,
Sharma et al. 2023]]. Accurate forecasts of extreme temperature and precipitation are es-
sential for risk assessment and issuing warnings, given their direct impacts on human
life and their social and economic consequences. Mountain regions, for example, are



especially vulnerable due to orographic effects, often facing intense rainfall and flood-
ing [Sharma et al. 2023]. In this context, we analyzed studies on extreme event prediction
in Rio de Janeiro to identify state-of-the-art methods and their limitations.

Rio de Janeiro presents forecasting challenges due to its complex topog-
raphy and coastal location, which affect atmospheric dynamics [Porto et al. 2022,
Dereczynski and Calado 2017]. Several studies address extreme rainfall and temper-
ature in the city. [da Cunha et al. 2024] analyzed trends in extreme climate indices.
[da Silva et al. 2022b]] evaluated the WRF model, highlighting microphysics and atmo-
spheric mechanisms. [Dereczynski and Calado 2017] emphasized the role of circulation
and relief.[Polifke et al. 2020] and [da Silva et al. 2020]] explored temperature variability
and radar-based approaches to improve rainfall forecasting.

Due to the limitations of traditional methods, there is growing interest in ap-
plying Al, especially ML and DL, to forecast extreme weather events using large me-
teorological datasets [Porto et al. 2022, |Bouallegue et al. 2024]]. ML models can learn
non-linear relationships between variables, offering faster and often more accurate fore-
casts. However, the rarity of extreme events poses data scarcity challenges, addressed
through approaches like meta-learning and few-shot learning [Bendre et al. 2020]. DL
models, such as RNNs, have been used to capture spatio-temporal patterns in rain-
fall prediction [Shietal. 2015]. YConvLSTM [Porto et al. 2022] combines outputs
from NWP models to improve heavy rainfall detection. Other models, like Met-
Net [Sonderby et al. 2020] and RainNet [Ayzel et al. 2020]], use radar and satellite data
with advanced architectures, yet forecasting rare events remains a challenge requiring
further advances.

Therefore, the studies analyzed demonstrate the progress of ML techniques in
predicting extreme events, applied to forecasting precipitation and temperature from
meteorological data [Sonderby et al. 2020, Ayzel et al. 2020, [Porto et al. 2022]. How-
ever, a recurring challenge in the literature is data imbalance, which affects the detec-
tion of rare events, in addition to the high computational cost of some DL-based mod-
els [Bouallegue et al. 2024, Bendre et al. 2020]].

The literature also proposed works related to the three models used in this study.
For temperature prediction, [Xu etal. 2024] present an LSTM model with high accu-
racy. [Ma etal. 2020] applied the XGBoost model to predict temperature 1, 2 and 3
hours ahead, also obtaining good accuracy. Furthermore, [Mfetoum et al. 2024]] showed
an MLP model that had good performance in predicting solar irradiation. Meanwhile, for
precipitation, [Anwar et al. 2021]] presented an XGBoost model and had faced a really
challenging task with many 0 mm precipitation values in the data, such as ours. How-
ever, none of the studies showed energy efficiency or time wasted training the models,
highlighting a gap that this work aims to explore.

In this work, we explore three ML models to predict temperature and precipitation
in the city of Rio de Janeiro. Beyond evaluating the accuracy, as in related work, we
evaluated the computational and environmental impact of the approaches. In this way,
we seek to contribute to the literature by comparing different techniques, considering
predictive efficiency and sustainability.



3. Methodology

The methodology proposed to achieve the objectives of this work begins with Data Ex-
ploration and Analysis (3.1)), followed by Data Preprocessing (3.1); Modeling for three
ML models trained and tested (3.2) which are quantitatively evaluated - Model Evalu-
ation (3.3). This pipeline was designed to handle the challenges of weather prediction
using ML models. The problem addressed here consists of a supervised ML task, more
specifically regression, since we want to predict the value of precipitation in millimeters
(mm) and the temperature in degrees. The study area is the city of Rio de Janeiro, and for
this work is the neighborhood of Copacabana.

3.1. Data Exploration and Preprocessing

The experiments involved the use of data from meteorological stations of the National
Institute of Meteorology (INMET) E] downloaded by year, and a script was created to join
the files of the Forte de Copacabana station, Rio de Janeiro. For this work, the Copacabana
subset was selected in the period of May 18, 2007 to February 16, 2024 with the target
features: Precipitation and Temperature, which were trained separately. This period
was selected due to its low number of missing data. After this period, from March 19,
2024 to July 30, 2024 there is a huge amount of missing data with no values representing
radiation, temperature, and humidity features.

This station was selected among other four INMET stations, because it is located
in a coastal region, close to some other sensors, such as the meteorological buoys in Gua-
nabara Bay |7_;] and the pluviometric stations of AlertaRio. Furthermore, the Copacabana
station contains data collected from 2007 onward, that is, just no more than Marambaia
with data from 2002. However, the Marambaia station is not well located when consider-
ing the distance to those other stations. In the future, in addition to the weather stations,
we plan to integrate these complementary data sources to train ML models for extreme
precipitation forecast. This concern with the location of the stations came due to the
challenge of training ML models with spatially non-uniformity observations collected in
regions of space that do not form a regular grid.

This database includes 19 features and 145,139 instances measured by meteo-
rological instruments with a temporal resolution of 1 hour, characterizing a time series
dataset. Table |l| provides details on the features and their descriptions. Analyzing the
number of missing values for each feature in this subset of Copacabana, only the Radia-
tion feature had a significant amount of missing data - 36% of all data. In a deep analysis,
it was observed that most of these missing data were about the period of night when
there is no sun, so the missing values were set to 0. The other features had only a small
amount of missing data with less than 5% each and were filled using the linear spline
interpolation.

The following analysis was about the distribution of the precipitation data since
one of the main focus of the study was to predict extreme rainfall. According to Aler-
taRio’s classification criteria IZ], precipitation accumulated in 1 hour is categorized into

SINMET - https://portal.inmet.gov.br/dadoshistoricos

These sensors collect water temperature, among others, which were indicated by the project meteorol-
ogists as relevant for predicting extreme events in Rio de Janeiro.

"Preciptation Distribution - https://www.sistema-alerta-rio.com.br/
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Table 1. Meteorological data from INMET stations — Features and description

# Feature Description

1 Date Date of the measurement

2 Time Time (UTC) of the measurement

3 Precipitation Hourly precipitation (mm)

4 Pressure Atmospheric pressure at station level (mB)

5 MaxPressure Max atmospheric pressure in the last hour (mB)
6 MinPressure Min atmospheric pressure in the last hour (mB)
7 Temperature Air temperature (°C)

8 MaxTemp Max air temperature in the last hour (°C)

9 MinTemp Min air temperature in the last hour (°C)

10 | DewPoint Dew point temperature (°C)

11 | MaxDewPoint | Max dew point in the last hour (°C)

12 | MinDewPoint Min dew point in the last hour (°C)

13 | Humidity Relative humidity (%)

14 | MaxHumidity Max relative humidity in the last hour (%)

15 | MinHumidity Min relative humidity in the last hour (%)

16 | WindSpeed Hourly wind speed (m/s)

17 | WindDirection | Hourly wind direction (°)

18 | MaxWindGust | Max wind gust in the last hour (m/s)

19 | Radiation Global radiation (KJ/m?)

Figure 1. Temperature vs. Humidity
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five groups, as shown in Table [2] This classification was utilized in order to exhibit how
difficult it is to make a regression model that can predict moderate, heavy, or violent rain
with a limited amount of data.

Table 2. Rain rate statistics of data - Forte de Copacabana meteorological station
- monitored by INMET from May 18, 2007 to February 16, 2024.

Rain Rate (mm/h) | Proportion (%) | Severity Level
rz=0 91.42 No Rain
0<x<5b 8.01 Light Rain
5 <x <25 0.53 Moderate
25 <z <50 0.03 Heavy
x > 50 0.01 Violent

The data distribution is highly uneven with 91% of the days without any precipi-
tation (Table[2). This significant data imbalance is a huge challenge for ML models. On
the other hand, Figure[]illustrates that temperature and humidity are strongly correlated,
where a decrease in temperature affects an increase in humidity. This correlation suggests
that predicting the temperature may be easier than predicting the precipitation.

The features of the database and its values changed after 2019, which required

previsao—-do—tempo/termosmet/
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standardization. The name of column “Hour (UTC)” changed to “Hour UTC” and the
hour value represented by “hh:mm” changed to “hhmm UTC”. Additionally, float values
that were represented by “” turned into “)” and the missing values that before 2019
were represented by “-9999”, began to be represented by a blank space. As the database
splits date and time into two different features, it was necessary to perform a feature

engineering joining them into one called Timestamp.

3.2. Setup of Machine Learning Models

The eXtreme Gradient Boosting (XGBoost) is an implementation of gradient boosted tree
algorithms. This is an ensemble learning technique that makes use of a set of base learners
to improve the stability and effectiveness of an ML model. It is called gradient boosting
because it uses a gradient descent algorithm to minimize loss when adding new models.
The central idea of boosting is the implementation of homogeneous ML algorithms in a
sequential way, where each tries to improve the model by focusing on the errors made by
the previous one [Chen and Guestrin 2016[]. The hyperparameters used in the training are
detailed in Table [3|defined by means of the Grid Search method.

Table 3. XGBoost Hyperparameters used in the Experiments to predict precipita-
tion (Value Prec) and temperature (Value Temp)

Hyperparameter | Value Prec | Value Temp | Description

eta 0.01 0.1 Learning rate

colsample_bytree 1.0 0.6 Fraction of features used per tree
max_depth 8 6 Maximum tree depth
min_child_weight 5 3 Minimum weight sum in a child node
subsample 0.6 0.6 Fraction of training samples per tree

Multi-Layer Perceptron (MLP) is a feedforward neural network consisting of three
layers: input layer, hidden layer, and output layer [Rosenblatt 1958|]. For the input and
hidden layers the ReLu activation function was utilized and for the output layer, as it is
a regression model, the linear activation function was used with one neuron. The hidden
layer consists of 32 neurons.

LSTM is neural network used to maintain sequential information; this enables pre-
dictions based on past-sequences within a defined window size. The model architecture
consisted of two layers, each with a hidden dimension of 256 units, and was trained for
25 epochs. For the temperature prediction model, a learning rate of 0.001 and a batch size
of 64 were used. In contrast, the precipitation prediction model employed a learning rate
of 0.01 and a batch size of 100.

Models based on decision trees, such as XGBoost, offer greater energy efficiency
compared to those based on neural networks. Some studies have shown reasonable results
in weather prediction, as presented in Section [2]and are fast model for training. However,
neural network-based models have proven to be more precise in handling time series data,
despite their higher training costs. Although MLP can manage time series data, they are
not the most efficient or natural choice compared to LSTM, MLPs can perform reasonable
short-term dependencies like predicting temperature and precipitation a few hours ahead,
which aligns with our experiments, and they train faster than LSTM, which is superior for
predicting extreme events. The varied complexity and training times led to an evaluation
of these three models to balance predictive accuracy with environmental sustainability.



These three ML models were used to predict temperature and precipitation. The
dataset was divided into 80% for training and 20% for test, so the data set of May 18,
2007 to October 25, 2020 was used for training and October 24, 2020 to February 16,
2024 for the test phase.

3.3. Quantitative Evaluation

The Root Mean Square Error (RMSE) was used to assess the predictive accuracy of
the ML models, a common metric for regression tasks. To track energy use and carbon
footprint, we employed the Python library codeCarbonﬂ, which monitors emissions
with minimal code changes by wrapping model functions. After each run, it reports total
energy consumption in KkWh. CO, equivalent emissions were calculated by multiplying
energy use by the local grid’s carbon intensity, adjusted by the Power Usage Effective-
ness (PUE), which accounts for total infrastructure energy. The global average PUE is
published annually by the Uptime Institute [report 2024].

Water consumption is a recent topic and challenging to estimate. To calculate the
hydric footprint, we used the equation w = e - [ps1 + 0 - ps2] from [Li et al. 2025]], where
w 1is the water footprint, e the energy consumed; p,; and ps, the on-site and off-site WUE;
and 6 the PUE.

As experiments were conducted on a local machine in Brazil without cooling sys-
tems, the on-site WUE = 0 and PUE = 1. Since Brazil’s energy grid is mainly hydroelec-
tric, the off-site WUE = 18.59 [Reig et al. 2020)], simplifying the equation to w = € - pys.
The local hardware used was an Intel(R) Core(TM) i7-1065G7 CPU @ 1.30GHz with
12GB of RAM. The preprocessed dataset and ML code can be found in Github.

4. Experiments and Results

In this section, we report initial experiments with the three ML and setup described in
Section [3.2] These experiments aim to highlight the potential of the different models in
tackling the challenges in the forecast of extreme weather events (temperature and rain-
fall) and their energy consumption aligned with carbon emissions and water consumption
for training.

Regarding the forecast temperature, as illustrated in Figure [2] the comparison
among the three ML models shows that XGBoost and LSTM produced comparable re-
sults, while MLP performed significantly worse. The MLP model struggled to accurately
predict temperatures below 20° C and above 30° C.

Table [ provides a comparison of all results in different quantitative metrics.
Clearly, the LSTM model outperformed the others in terms of RMSE. However, its exe-
cution time was considerably longer, resulting in energy consumption that was 44 times
greater than that of XGBoost. While the MLP model delivered inferior results compared
to the other two models, it consumed less energy than the LSTM.

In forecasting precipitation, the models struggled to predict precipitation above 5
mm of cumulated rain in one hour. This was caused by the significant imbalance in the
data, as illustrated in Table 2| where non-rainfall values constitute over 91% of the total.

8http://codecarbon.io/
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Figure 2. Residual Plot of Temperature
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Table 4. RMSE, energy consumed in kWh (Energy), CO.e emission in Kg (CO-e)
and water consumption in Liters (Water) for temperature prediction.

Model Time(s) | RMSE | Energy(kWh) | CO5(Kg) | Water(L)
XGBoost 95 1.80 0.000441 0.000043 | 0.008196
MLP 384 2.46 0.001787 0.000176 | 0.033202
LSTM 2788 0.80 0.019453 0.001913 | 0.361631

for precipitation prediction.

Table 5. Comparison of RMSE, time in seconds, energy consumed in kWh (En-
ergy), CO.e emission in Kg (CO.e) and water consumption in Liters (Water)

Model Time (s) | RMSE | Energy (kWh) | CO, (Kg) | Water (L)
XGBoost 100 1.10 0.000467 0.000046 | 0.008679
MLP 327 1.15 0.001523 0.000150 | 0.028313
LSTM 2958 1.12 0.010987 0.001861 | 0.204248

Comparison of results (Table [5) shows that all models had a really low RMSE
error, clearly demonstrating that the models overfitted the data without rain. Despite the
low RMSE, the results are not good, as we need to predict when and how much rain
will fall and not when the precipitation is closer to 0 mm. We performed a new set of
experiments that removed all precipitation values equal to 0 mm. The hypothesis was
that by balancing the data, the ML. models could improve the learning. However, we got
similar results.

In summary, analyzing the data was a really difficult task, with numerous miss-
ing data and inconsistencies in sensor data representation across different years. Since
temperature has a strong correlation with other characteristics, such as humidity, it was
easier to predict. However, rainfall was a big challenge faced, especially because it has a
majority of no rain values.

Figure [3] shows a comparison for the three models; the blue bars represent the
RMSE error and the orange bars the energy consumed; both bars should be minimized.
It’s evident that the orange bar representing LSTM in both experiments are the prepon-
derant one, indicating the high energy consumed. As expected, XGBoost consumes less
energy among the three models while achieving an accuracy similar to LSTM.



Figure 3. Performance Comparison between XGBoost and LSTM Model.
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5. Final Considerations and Future Works

This study explored the use of ML models to predict temperature and precipitation in Rio
de Janeiro, focusing not only on predictive accuracy but also on the environmental and
operational costs of these models. Beyond traditional accuracy metrics (e.g., RMSE), the
work advocates for a green Al perspective, comparing computational efficiency, energy
consumption, CO2 emissions, and water use. Our aim is to raise the critical need to
balance predictive performance with sustainability in climate-related ML applications.

We evaluated three ML models—XGBoost, MLP, and LSTM—for forecasting ex-
treme temperature and precipitation in Rio de Janeiro. For temperature prediction, LSTM
achieved the lowest RMSE (0.80), outperforming XGBoost (1.80) and MLP (2.46),
demonstrating its strength in capturing temporal patterns. However, for precipitation pre-
diction, all models struggled due to severe data imbalance (91% of the samples had no
rain), producing misleadingly low RMSE values. Although these scores suggest high
accuracy, they primarily reflect the model’s ability to predict “no rain” events, masking
their poor performance in extreme rainfall. Regarding the trade-off between precision
and sustainability, LSTM, despite being more accurate, consumed 44 times more energy
than XGBoost, emitting 0.0019 kg CO, versus 0.000043 kg, and using 0.36 L of water
compared to 0.008 L.

Indeed, while investigating approaches to extreme rainfall events in the city of Rio
de Janeiro, we are confronted with a long time series of data, but at the same time with
the scarcity of samples of extreme rainfall, resulting in high imbalance data for training.
In addition, this is an initial work and only analyses the Copacabana station, out of three
others. Forecasting extreme rainfall is a really hard task and is already known to be a
challenge, especially when using models that do not inherently use past-sequence data,
like XGBoost. Nevertheless, this approach was essential to evaluate not only predictive
accuracy but also environmental costs. However, it is evident that the XGBoost model
effectively predicted the temperature well and continued to be greener than the others.
With the results, even though the LSTM model is slightly more accurate than XGBoost,
it requires significantly more energy.

Although this work presents major limitations with respect to the limited dataset,
and the low predictive accuracy for precipitation, these initial results still bring important



contributions and achieve the objective proposed in this article of discussing the para-
doxical situation of using ML to address climate change challenges without discussing
the environmental and economic costs involved. It is necessary to consider that despite
the numerous benefits that can be achieved with a high-precision solution - something
totally desirable - saving lives and local economies, these costs could make the develop-
ment and operational execution unfeasible in developing countries. This technological
inequality can perpetuate a vicious cycle in which less-advantaged regions, which suffer
the most from the impacts of climate change, have the least access to advanced forecast-
ing solutions, maintaining the disparity, leaving resource-constrained regions unable to
implement effective early warning systems. Consequently, the populations most vulner-
able to climate impacts remain marginalized. Furthermore, this work contributes to the
debate on the need for projects to prioritize the choice of greener models, whenever pos-
sible, and when not, to commit to evaluating the possibility and, above all, making these
costs transparent.

In summary, this work demonstrates that it is possible to reconcile environmen-
tal responsibility with technical performance, offering a viable and ethical path for the
application of Al in operational meteorology. In future work, the aim is to increase the
accuracy and performance of the precipitation model, using methods to oversample the
data and to have a more balanced precipitation feature. In order to do that, an integration
is going to happen with meteorological buoys from SimCosta and pluviometric stations
from Alerta Rio. Moreover, related features will be converted into new ones through
Feature Construction process, helped by meteorology specialists.

Ethical Declaration: We used the Writefull tool, a large language model based on GPT,
integrated with Overleaf to assist in the grammatical correction and improvement sugges-
tions of this text. Each Al suggestion was made based on our own text and was carefully
reviewed, which makes us fully responsible for the form and content of the text of this
work. In this work, for the training and tuning of the ML models, we consumed 0.0263
kWh of energy, impacted in 0.0025 CO2 emissions and 0.4888 liters of water.
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