Companion Proceedings of the 40t" Brazilian Symposium on Data Bases October 2025 — Fortaleza, CE, Brazil

UrbanReleaf: Enhancing Sustainable Urban Transformation
with a Data-Driven Solution for Smart Depaving

Rafaela Morandi Santos', Lucas Sarmento’,
Mirela T. Cazzolato 2, Harlei Miguel de Arruda Leite'

"nstituto Tecnoldgico de Aerondutica (ITA)
Sao José dos Campos — SP — Brazil

Instituto de Ciéncias Matematicas e de Computac¢do (ICMC)
Universidade de Sdo Paulo (USP) — Sao Carlos, SP — Brazil

{rafaela.santos.8932, lucas.sarmento.8956}@ga.ita.br
mirela@icmc.usp.br, harlei@ita.br

Abstract. How does the proliferation of impervious surfaces affect the quality
of life? Impermeabilization due to paving contributes to urban issues, such as
increased temperatures, which form the so-called heat islands. It can also cause
more intense and frequent floods, diminished biodiversity, and deterioration of
air quality. In this context, depaving is a practical solution for increasing ur-
ban resilience. Given a large urban region covered by impervious surfaces, how
can we select the best points for intervention? We propose the UrbanReleaf
method to map excessively paved urban areas and simulate the environmen-
tal impact of implementing green infrastructure. UrbanReleaf identifies critical
zones for nature-based interventions such as depaving and forecasts environ-
mental outcomes, including surface temperature, soil moisture, and vegetation
indices. The method achieves this by leveraging geospatial satellite imagery and
machine learning regressors to analyze vegetation indices, land surface temper-
atures, and moisture content. Experimental results show that UrbanReleaf can
support urban planners and policymakers with data-driven clues that can help
mitigate problems caused by impermeabilized areas.

1. Introduction

Urban expansion has led to an excessive proliferation of impervious surfaces, includ-
ing asphalt and concrete. This problem is especially relevant in major cities world-
wide, where impermeabilization contributes to environmental imbalance. This high
degree of paving contributes to multiple urban issues, such as increased surface tem-
peratures, more frequent and intense flooding, deterioration of air quality, and dimin-
ished biodiversity [Lee 2025]. The lack of vegetation and green infrastructure also af-
fects public health. Elevated temperatures worsen respiratory and cardiovascular con-
ditions, while limited access to natural spaces is linked to higher stress levels and re-
duced mental well-being [Zhang et al. 2012]. Green areas, on the other hand, have
shown many benefits. They cool the urban microclimate, improve air quality by filter-
ing pollutants, retain rainwater to prevent runoff and provide habitats for local fauna
[Wen et al. 2025, Vedri et al. 2025, Bowler et al. 2010]. In response, several cities around
the world have invested in reintroducing green infrastructure through nature-based solu-
tions.
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Existing initiatives to address the problem of impermeable surfaces include con-
verting underused paved areas into community parks, gardens, and rainwater-absorbing
landscapes [Chan et al. 2018]. This practice, known as depaving, has gained traction as
a practical and impactful strategy for increasing urban resilience [Nguyen and Park 2025,
Huber et al. 2023, Meerow 2017]. However, despite its effectiveness, there remains a lack
of tools to identify areas that are most suitable for intervention systematically. This work
addresses this gap.

We propose UrbanReleaf, an automated, data-driven solution for mapping paved
urban areas and evaluating the environmental impact of converting them into green spaces.
By integrating remote sensing, geospatial analysis, and machine learning techniques, Ur-
banReleaf enables data-driven decision-making to support sustainable urban planning.
Our method collects geo-referenced environmental indices, preprocesses the data, and
predicts the Land Surface Temperature (LST) of a given region. This information is a
powerful tool for guided intervention, enabling authorities to identify the most effective
locations for depaving. The UrbanReleaf codebase is fully open-source at a GitHub repos-
itory!, enabling replication of the methodology and adaptation to different cities and con-
texts.

Paper outline. Section 2 presents the relevant background and related work. Section 3
introduces the proposed method UrbanReleaf. Section 4 presents the experimental vali-
dation of our proposal. Finally, Section 5 gives the conclusion.

2. Background and Related Work

In this section, we present related work focused on enhancing depaving and the main
concepts related to Regression models employed in our proposal.

2.1. Solutions for Enhanced Depaving

The environmental consequences of urban impermeabilization, such as heat islands and
flooding, are well-documented [Gill et al. 2007]. However, the integration of scalable
technological solutions to guide green infrastructure planning remains limited. Exist-
ing depaving initiatives, like Depave Portland [Depave 2025] and Sponge Cities in China
[Chan et al. 2018], have demonstrated localized success, but their implementation often
relies on manual, community-based decision-making or top-down planning without algo-
rithmic prioritization.

Recent advances in remote sensing and open-access satellite data platforms, such
as Sentinel Hub and Landsat, offer an unprecedented opportunity to monitor urban envi-
ronmental indicators over time and at scale [Lima et al. 2025] [Vasconcelos et al. 2023].
These platforms provide datasets with valuable information, including vegetation in-
dices such as Normalized Difference Vegetation Index (NDVI), Land Surface Temper-
ature (LST), and moisture content (SWIR). Such information can support data-driven
decision-making. However, the potential of Artificial Intelligence (Al) to extract action-
able information from the provided is still underexplored in the context of urban eco-
logical restoration [Pimenow et al. 2025]. There is a lack of Al-powered tools capable
of integrating geospatial data and producing predictive models that estimate the environ-

I'The source code is available in github.com/LucsarR/UrbanReleaf
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mental outcomes of interventions, such as reductions in temperature or improvements in
vegetation cover.

UrbanReleaf addresses the literature gap by developing a data-driven solution that
can identify critical urban areas with high impermeability and thermal stress. The method
simulates the expected environmental impact of converting detected critical urban zones
into green infrastructure. As a result, UrbanReleaf supports evidence-based planning and
offers municipalities and environmental organizations a scalable, replicable solution for
sustainable urban management.

2.2. Regression Models

Machine Learning (ML) approaches for Regression can predict data based on historical
observations. The problem can be formally defined as learning a mapping function f that
predicts a continuous output variable y based on one or more input variables X . The goal
is to approximate the function so that when new input data X' is provided, the predicted
output /' is as close as possible to the actual value [Bishop 2006].

Among the most commonly employed methods are Linear Regression and the
Stochastic Gradient Descent (SGD) Regressor. Linear Regression is a fundamental algo-
rithm that models the relationship between input variables and output by fitting a linear
equation to the observed data. It calculates the best-fitting line that minimizes the sum of
the squared differences between the predicted values and the actual values.

The SGD Regressor is an efficient and versatile optimization approach that can be
used for linear Regression and other models. Instead of using the entire dataset to cal-
culate the error gradient at each step (as traditional methods do), it updates the model’s
parameters using only a single, randomly selected training example at a time. This makes
it much faster and particularly useful for very large datasets. In our context, these re-
gression models are crucial for predicting future outcomes, enabling proactive decision-
making, and optimizing operational strategies.

To evaluate the prediction quality, we consider standard metrics such as the Mean
Squared Error (MSE) and the coefficient of determination (R?). MSE quantifies the av-
erage magnitude of the prediction error and is given by MSFE = % "y — 002
Low values for MSE indicate a better fit. Additionally, the R? measures the propor-
tion of the variance in the data that is explained by the model, calculated as R* =
1 — Xy — 9:)*/ X(yi — 9)?]. R? values close to 1 signify that the model has high

explanatory power over the observed data [Han et al. 2011].

3. The Proposed Method: UrbanReleaf

UrbanReleaf is a modular pipeline designed to process remote sensing data and iden-
tify critical urban areas for green infrastructure interventions. The system automates the
acquisition of satellite imagery, extracts key environmental indicators, such as vegeta-
tion density and surface temperature, and employs machine learning models to predict
thermal behavior under varying vegetation scenarios. These predictions inform urban de-
paving strategies by highlighting locations where green space integration may yield the
most significant environmental benefits.

Figure 1 illustrates the architecture of UrbanReleaf, consisting of five main stages.
The diagram illustrates the sequential flow of data, starting with satellite image acquisi-
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tion, followed by environmental index extraction (e.g., NDVI, LST), preprocessing and
data cleaning, predictive modeling using machine learning algorithms, and finally, the vi-
sualization and interpretation of results. This modular structure facilitates extensibility,
making it easier to integrate additional indicators or scale to different regions.
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Figure 1. Overview of the UrbanReleaf system architecture.

First, (i) environmental data are acquired through the Sentinel Hub API
[Sentinel Hub 2025], granting access to multi-temporal satellite imagery. The system
focuses primarily on two sensors: Sentinel-2, used to obtain NDVI and SWIR data, and
Landsat 8/9, used to extract Land Surface Temperature (LST). Bounding boxes define
the geographic region of interest, and images are filtered based on seasonal variability
and cloud coverage. Next, (i1) custom evalscripts are applied to generate environmen-
tal indices, including NDVI (Normalized Difference Vegetation Index), LST, and SWIR
(Short-Wave Infrared). The resulting .ziff files are (iii) flattened into one-dimensional ar-
rays, spatially aligned, and preprocessed. This step also includes the removal of missing
values and outliers, followed by normalization using StandardScaler to enhance model
convergence and interpretability.

The core predictive task is performed in stage (iv), and is framed as a Regression
problem aimed at estimating surface temperature variations based on NDVI and other
geospatial features. UrbanReleaf employs two baseline models: Linear Regression for
transparency and interpretability and SGDRegressor to handle large datasets through in-
cremental learning efficiently. The model’s performance is evaluated using the Mean
Squared Error (MSE) and the coefficient of determination (R?). To support interpreta-
tion and decision-making, (v) the Regression outputs are visualized using scatter plots,
loss curves, and heatmaps that compare predicted and actual temperatures. These vi-
sualizations not only enable technical validation but also facilitate communication with
non-expert users, such as city planners and policymakers.

UrbanReleaf has a modular architecture that allows for the incorporation of ad-
ditional features, such as carbon sequestration potential, air quality metrics, or socioeco-
nomic indicators, thereby expanding the system’s utility in sustainable urban planning.
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4. Experimental Analysis

This section presents the experimental analysis carried to validate UrbanReleaf with data
collected from a real-world scenario.

4.1. Setup

The UrbanReleaf pipeline was implemented in Python, using libraries such as scikit-learn,
rasterio, and matplotlib. Environmental data were collected through the Sentinel Hub
API, using evalscripts to extract vegetation index (NDVI) from Sentinel-2 imagery and
land surface temperature (LST) from Landsat-8 imagery. The two evaluated regression
models were the linear regression baseline and the Stochastic Gradient Descent (SGD)
Regressor, both trained over 100 iterations. The prediction quality was evaluated using
the Mean Squared Error (MSE) and the coefficient of determination (R?) metrics.

4.2. Data Collection and Preprocessing

As a case study, the region of interest was defined as a bounding box over Curitiba, Brazil,
and the selected imagery corresponds to the period of December 2023. The resulting
GeoTIFF files were spatially aligned, flattened into one-dimensional arrays, and cleaned
to remove invalid values. A feature matrix was then constructed with NDVI as the primary
input and LST as the target. Features were normalized using the StandardScaler method,
and the dataset was split into training and testing sets in an 80/20 ratio.

4.3. Results

In this subsection, we show a case study to validate UrbanReleaf. Figure 2 shows a
side-by-side comparison between (a) the actual Land Surface Temperature (LST) map
of Curitiba in December 2023, and (b) the predicted LST generated by the UrbanRe-
leaf’s model trained on NDVI data. The predicted map preserves the spatial temperature
gradient and highlights the model’s ability to generalize heat distribution patterns from
vegetation coverage.

We observe that both the ground truth and predicted maps reveal that regions with
lower NDVI values are systematically hotter (depicted as reddish areas). This behavior
typically corresponds to highly urbanized or paved zones

The patterns confirm the phenomenon of urban heat islands and demonstrate that
NDVI is a meaningful predictor of thermal behavior. On the other hand, greener areas
(with higher NDVI values) consistently exhibit lower surface temperatures (depicted as
bluish areas), reinforcing the environmental relevance of vegetation in regulating urban
microclimates.

Similar studies have also reported consistent relationships between urban
land cover patterns and surface temperature. For example, Stamou and Manika
[Stamou and Manika 2013] analyzed remote sensing data for the cities of Thessaloniki
and Volos, Greece, and identified a positive correlation between densely built-up areas
and higher surface temperatures, as well as a negative correlation between green areas
and surface temperature. Although the methods and geographic context differ, the re-
sults obtained in this study follow a similar trend, reinforcing that building density and
vegetation presence are key factors in shaping the urban microclimate.
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(a) Actual LST (100m) — Curitiba (b) Predicet LST (UrbanReleaf)
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Figure 2. Comparison between Land Surface Temperature values. In (a), the map
shows actual (measured) LST values (Ground Truth). The values were col-
lected from Curitiba, Brazil, in December 2023. In (b), the map shows LST
values predicted by UrbanReleaf. By comparing both maps we observe
great similarity between actual and predicted LST.

The model achieved an R? of 0.41 in predicting LST from NDVI features, in-
dicating moderate predictive capability. The greening intervention simulation suggested
possible temperature reductions in selected areas of Curitiba.

This study constitutes a proof of concept, developed and evaluated using data
from a single city (Curitiba) within a limited time frame. The predictive performance of
the model, with an R? of 0.41, is modest, reflecting the inherent complexity of model-
ing land surface temperature solely from spectral indices. The results should therefore
be interpreted with caution, as variations are likely when applying the methodology to
other geographic contexts or temporal periods. Future work may benefit from more ro-
bust modeling strategies, such as ensemble learning or convolutional neural networks,
in combination with additional predictors (e.g., socioeconomic, hydrological, or urban
morphology data) to enhance accuracy and generalizability.

In the Brazilian context, UrbanReleaf could be directly integrated into municipal
planning tools and public policy frameworks. For example, its predictive maps could sup-
port Planos Diretores Municipais by identifying priority zones for depaving and green
space creation, guiding zoning changes toward sustainable land use. In flood-prone cities,
the tool could be linked to Planos Municipais de Redugcdo de Riscos to prioritize nature-
based drainage solutions. For urban arborization programs, such as Plano Municipal de
Arborizacdo Urbana or Sao Paulo’s Programa Ambientes Verdes e Sauddveis (PAVS),
UrbanReleaf could help select planting locations with the greatest cooling and hydro-
logical benefits. Furthermore, integration into platforms like the Sistema Nacional de
Informagoes sobre Meio Ambiente (SINIMA) or municipal GIS dashboards would enable
continuous monitoring of environmental indicators, allowing city officials to evaluate the
effectiveness of interventions and adjust strategies accordingly.
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5. Conclusions

This work proposes UrbanReleaf, a data-driven approach to assist in identifying urban
areas where green infrastructure interventions, such as depaving, can have the most sig-
nificant environmental impact. By leveraging open-access satellite imagery, geospatial
analysis, and machine learning techniques, we demonstrated the ability to predict Land
Surface Temperature (LST) variations based on vegetation indices.

In future work, we aim to expand the model by incorporating additional environ-
mental indices, such as SWIR for soil moisture and air quality proxies, and explore Deep
Learning architectures like Convolutional Neural Networks (CNNs) for spatial pattern
recognition. We also plan to apply the methodology to other Brazilian cities, validate pre-
dictions with ground-truth meteorological data, and integrate stakeholder feedback from
public institutions and NGOs.

The UrbanReleaf platform and codebase are open-source, encouraging commu-
nity contributions and adaptation of the framework to different urban contexts.
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