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Introduction

» The presence of gaps in meteorological series is a recurring problem in
climate studies, potentially compromising the analysis of extreme
events such as heat waves. In this context, this study aimed to evaluate
different data reconstruction methodologies for filling gaps in

maximum temperature series.




Location of the study area

Monthly temperature in the subtropics (1981-2010)
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Methodology

Number of failures in the series
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Methodology

Multiple Linear Regression (MLR): statistical method that models a linear
relationship between a dependent variable and multiple independent
variables to realize predictions.

Random Forest (RF): Machine-learned algorithm based on multiple
decision factors that combines multiple results to improve accuracy and
reduce overfitting.

Multilayer Perceptron (MLP): type of artificial neural network composed of
interconnected neuron cells capable of learning complex relationships and
not linear data.

Support Vector Regression (SVR): Learned machine technique derived from
support vector machines that perform regression to find a function that
inimizes errors within a tolerated range.




Temperatura Maxima (°C)

Temperatura Estimada (°C)

Randon Forest model

Florianépolis

Reconstrugdo da Série de Temperatura Maxima - Random Forest

Porto Alegr

Reconstrugdo da Série de Temperatura Maxima - Random Forest
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Multilayer
Perceptrons (MLP) Florian6polis Porto Aleg

Reconstrugdo da Série de Temperatura Maxima - MLP
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MLR (Multiple Linear Regression)

Floriano6polis Porto Alegr

Reconstrucédo da Série de Temperatura Maxima - MLR
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SVR (Support Vector Regression)

Floriano6polis

Reconstrucao da Série de Temperatura Maxima - SVR
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Reconstrucdo da Série de Temperatura Méxima - SVR
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Results:

Table 02 - Model trained on the (2009 - 2014) dataset and applied to the
reconstruction of the (2008 - 2025) series.

Model Estacio R? MAE RMSE RMAE RME
MLR Florianopolis 0.67 1.80 235 0.07
Porto Alegre 0.67 2.59 3.28 0.10

RF Florianopolis 096 061 0.81
Porto Alegre | 096 (08§ 114

MLP Florianépolis 0.65 1.88 242
Porto Alegre 0.58 2.95 3.70
SVR Florianopolis 0.62 192 251
Porto Alegre 055  3.00 3.86




Work in Progress

» The research will continue using the thirty stations. I will reconstruct
them using Random Forest and then homogenize by Climatol. After
that, I will use Climpact to perform a climate analysis of heat waves and

cold spells in the subtropics from Nineteen ninety-one - two thousand
twenty-five. g s -
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