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A B S T R A C T

Mitigating Urban Heat Island (UHI) effects has become a challenge to improve urban sustainability. The
simulation tool URSUS_LST has been developed to allow urban planners to estimate how the addition of
different green infrastructure elements would affect temperature. To achieve this, a new methodology was
defined based on data mining, geospatial image processing and the knowledge of experts in the domain that
predicts the Land Surface Temperature (LST) of any location within a city. It consists of a first data mining
phase in which the real LST and the different urban elements of the nearby environment are considered:
buildings, vegetation and water bodies. In a second phase, different regression models are induced to predict
LST. Additionally, considering the most accurate models, the relevant attributes and their relationships are
identified. A real application of the tool in the city of Malaga (Spain) has been used as an example of its
usefulness.
1. Introduction

The Urban Heat Island (UHI) effect refers to the difference in
temperature between urban constructed areas and rural areas, where
there is usually more vegetation cover, including different types of
vegetation (forests, agricultural fields or grassland). This effect hap-
pens as the result of using construction materials that accumulate and
re-emit heat. The consequences are devastating as increased heat is
related to diseases and mortality (Goggins et al., 2012; Heaviside et al.,
2016), and also affects energy consumption and the quality of life of
residents (Lin et al., 2013).

Traditionally, the difference in air temperature between urban and
rural areas are used to calculate UHI. However, due to the need of
high temporal and special resolution, the land surface temperature
(LST) has been also commonly used (Mohamed et al., 2017; Dutta
et al., 2021). Therefore, the intensity of the UHI is higher when the
difference between the average LST in urban and rural areas (with more
vegetation) is greater (El-Hattab et al., 2018).

Urban Green Infrastructure (UGI) elements are a subset of Green
Infrastructure (GI) or vegetation elements that are exclusively used in
cities like green walls, green roofs or parks, whereas GI elements are
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used in both urban and non-urban areas (European Commission, 2013).
The spatial distribution of temperatures in a city is usually directly
related to the presence, amount (low, moderate, or dense) and type of
vegetation (Susca et al., 2011; Schlink et al., 2020). Therefore, Urban
Green Infrastructures (UGI) play an important role in mitigating the
UHI effect (Hart and Sailor, 2009). This problem becomes a target for
urban planning as implementing different alternatives to mitigate the
UHI effects can make cities more sustainable. Adding new urban green
infrastructures and expanding the area of existing ones could be one
solution (Herrera-Gomez et al., 2017).

Identifying the relationships between urban elements and temper-
atures in cities is a complex task, largely due to the vast quantities of
data and their diverse nature, involving many variables. Data mining
techniques and applications have demonstrated their ability to uncover
hidden knowledge in many domains (Liao et al., 2012), including the
effect of urban green infrastructures on temperature (Zumwald et al.,
2021). Therefore, data mining is a suitable approach to be applied to
the problem of determining the Land Surface Temperature (LST) based
on the immediate environment.
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The data mining process definitions are organised in phases sharing
main characteristics (Ponsard et al., 2017). The first phase is where the
bjectives are defined and the potential data sources are identified. In the
ata preparation phase, the necessary transformations are carried out to
btain the final dataset to train the algorithms and obtain candidate
odels. Several techniques are used in the modelling phase, and different
odels are induced. Finally, in the evaluation phase the models are

ssessed by experts, and the acquired knowledge is integrated into real
pplications in the deployment phase.

Given the multidisciplinary nature of research projects, conducting
a data mining process without the participation of domain experts
would not allow for a proper design or evaluation of the models,
esulting in less satisfactory outcomes. Thus, domain experts have a
rucial role to play in various phases of the data mining process.

Identifying the most unfavourable areas due to the UHI effect
nd simulating how that temperature would change by modifying

the composition of urban environmental elements are complex and
ime-consuming tasks. The former task was already approached in

Rodríguez-Gómez et al. (2022a), where a methodology and a tool
ave been developed to determine the most unfavourable areas due
o the urban heat island effect. In the case of the simulation task,
ncorporating the knowledge extracted through the data mining process

into a software tool is a significant advantage for urban planners which
has not yet been addressed and which is one of the objectives of the
present paper. Efforts to combat the effects of climate change can also
be enhanced if experts know how increasing the surrounding vegetation
would impact temperature.

New tools are necessary in urban planning to effectively resolve
urban problems with UGI (Muñoz and Duarte, 2025). They must be
designed for the peculiarities of urban settings, with focus on urban
ecosystem services and multi-scalability (Oijstaeijen et al., 2020) and

ust integrate economic, social, and environmental criteria to provide
comprehensive and strategic support for urban planners. Hence, they
an guide strategic planning and placement of green infrastructure, en-
uring that it meets the specific needs of urban areas and enhances the
verall urban ecosystem (Tóth et al., 2015; Cherchyk and Khumarova,

2023). For that, it is essential to have information on UGI and their
potential effect in order to provide strategic approaches to integrate
he planning of green spaces and elements on different scales (Kajosaari

et al., 2024).

1.1. Related work

Meteorological data can be used to create models that predict
extreme events and identify links between weather variables at extreme
temperatures (Herrera et al., 2018). These models, which use meteoro-
logical data, can help with a spatial resolution of several kilometres,
which is useful for setting alerts.

When a higher resolution is needed, a frequent method for making
and Surface Temperature (LST) predictions involves training machine
earning models from LST time series over the years in various urban
ocations. For instance, Mustafa et al. (2020) classified the urban

environment using supervised machine learning algorithms (four soft
computing techniques) and arrived at conclusions regarding tempera-
ture variations based on the analysed environment in Beijing (China).
It is crucial to note that the models were trained with LST time series
data alone, without incorporating additional information regarding the
characteristics of the urban environment at the points used for training.
Other approaches that utilise time series data from different years apply
ARIMA models to predict LST values, as demonstrated in the study of
Chennai, India by Kesavan et al. (2021).

Examining the features of the urban environment to make LST
predictions is a way of incorporating new information that could pro-
ide an enhanced understanding of the issue. In this line, Khalil et al.

(2021) proposed training machine learning algorithms by analysing
environmental features (EVI: Enhanced Vegetation Index, elevation,
2 
and road density) along with LST data collected from Lahore, Pakistan
over 20 years. Another example employs genetic algorithms to induce

odels through training with space–time features (such as building
density or air pollution level) for LST prediction in Iran (Karimi and
Ghajari, 2022).

Employing Landsat images to extract the LST for model training
is common, but other sources for images can also be utilised. For
example, Kartal and Sekertekin (2022) uses MODIS satellite images
from the southern region of Turkey. While Landsat images offer lower
temporal resolution, the drawback of MODIS images is their lower
spatial resolution.

Research based on the training of models from LST time series
hat do not consider the urban features of the study areas presents
 limitation. Such studies can classify green infrastructure typolo-
ies (Bartesaghi-Koc et al., 2019), can assess the impact of change in

the vegetation covers (Rahaman et al., 2022), or even can identify
best localisation of urban parks (Nesticò et al., 2022), but they do not
llow for the simulation of new scenarios to predict temperature by
odifying environmental characteristics. Incorporating such features

n the training phase is crucial; and LiDAR images can provide that
nformation. Sharma et al. (2021) demonstrate the full potential of this

technology in terms of extracting urban characteristics. One benefit
f using LiDAR images is the simplification of the data preparation
hase, as it includes an urban classification for each point in the image
e.g. building, vegetation or water) (Ramiya et al., 2017). A recent
pplication in a different field is presented by Rodríguez-Gómez et al.

(2022b), who use them to identify urban roofs and determine optimal
ocations for photovoltaic installations.

1.2. Contributions and organisation of the paper

Prediction can be improved by incorporating urban features in
addition to LST values to create a more accurate model. However,
he urban characteristics at different distance intervals from the study
oints should also be taken into account. Conducting an analysis of
he urban environment at different distance ranges for a variety of

study points allows the impact of adding urban green infrastructure
at varying distances to be simulated. Calibrating the impact of the
distance factor on LST is another benefit for domain experts, providing
them with novel and relevant knowledge.

This paper presents the advances achieved through a data mining
process to develop models and tools for predicting the LST and simu-
lating how it is influenced by changes in urban environment features.
The proposed methodology is extensible to any city and minimises
nitial pre-processing steps. It is based on the information collected

from Landsat images (for calculating LST values), Sentinel images (for
egmenting urban water masses) and LiDAR images (for extracting

urban features).
Specifically, the main objective of this research is to develop a tool

for predicting the impact of adding new urban green infrastructure on
temperatures in the areas most affected by the urban heat island effect.

he system allows for tuning low, moderate, or dense vegetation in
ncrements of 250m distance intervals from 0 to 1 k m. This will enable
sers to determine the optimal distance, quantity, and type of urban
reen infrastructure.

The most relevant contributions are the following:

• Identification of the most important variables for predicting LST
based on the urban elements of the environment. As experts have
selected a broad set of urban features relevant for model training,
the resulting models take into account the environmental features
with the greatest impact on temperature.

• Design of an expert system for predicting LST values in a region
by analysing the urban environment features.
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Table 1
Urban elements and NDVI ranges.

No vegetation Vegetation

Water Other Low Moderate Dense
NDVI range [−1.0, 0.0] (0.0, 0.2] (0.2, 0.4] (0.4, 0.6] (0.6, 1.0]
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• Development of a software tool (implemented as open-source)
that enables urban planners to simulate the impact of increasing
urban green infrastructures on the temperature. This increase can
be defined as a percentage, and its effect can be measured at
different distance ranges.

The rest of the paper is organised as follows. The prior knowledge
necessary to follow the article is described in Section 2. The proposed
methodology is explained in Section 3: the data preparation phase is
described in Section 3.1, including the data sources, their selection
nd processing, while Section 3.2 describes the algorithms and con-

figurations that have been tested and evaluated. Results, including the
model, the web application, and the most important variables to predict
the LST, are described in Section 4 and Section 5. Finally, Section 6
summarises the main conclusions of the work.

2. Preliminaries

This section aims to review a series of crucial concepts for a thor-
ugh understanding of the proposed methodology. These include: cal-
ulation of the Normalised Difference Vegetation Index (NDVI), calcula-
ion of Land Surface Temperature (LST), supervised learning algorithms
or regression, and metrics for evaluating the accuracy of the induced
odels. All references to temperatures from now on correspond to LST.

2.1. Calculating normalised difference vegetation index from sentinel-2

The Normalised Difference Vegetation Index (NDVI) is a numerical
index used to assess the presence of vegetation in urban areas. It ranges
from −1 to 1, and Table 1 illustrates the correspondence between NDVI
anges and various urban elements (Fusami et al., 2020). This same
lassification was used for defining the quantity of vegetation observed
n the different pixels or areas.

The NDVI value for each pixel of a selected Sentinel-2 satellite
mage is calculated using the red (𝑏4) and the near-infrared (𝑏8) bands
ccording to the following formula:

NDVI = 𝑏8 − 𝑏4
𝑏8 + 𝑏4

(1)

The vegetation amount (density or strata) refers to the fraction of
he image pixel covered by vegetation, and it is related to the NDVI
alue calculated in it (Jiang et al., 2006).

2.2. Calculating land surface temperature from landsat −8

Land Surface Temperature (LST) is often utilised as a metric for
identifying the areas most affected by the Urban Heat Island (UHI)
effect. Images from the Landsat −8 satellite are employed to calculate
ST. To generate a raster layer with LST values for each pixel of
 selected image of a city, the first step is to calculate the Top of
tmospheric (TOA) spectral radiance (𝐿𝜆) using the rescaling factors

provided in the metadata file (either Band 10 or Band 11 may be
sed) (Mejbel Salih et al., 2018):

L𝜆 = 𝑀𝐿 ⋅𝑄𝑐 𝑎𝑙 + 𝐴𝐿 (2)

where 𝑀𝐿 and 𝐴𝐿 represent the band-specific multiplicative and addi-
tive rescaling factors from the metadata, respectively; and 𝑄cal is the
quantised and calibrated standard product digital number pixel value.

The TOA spectral radiance 𝐿𝜆 is then converted to brightness tem-
perature (𝐵 𝑇 ) using the following formula:

BT = 𝐾2
(

𝐾1
) (3)
ln 𝐿𝜆
+ 1

3 
where 𝐾1 and 𝐾2 are band-specific thermal conversion constants from
the metadata, corresponding to the same band used to calculate 𝐿𝜆.

Intermediate calculations are necessary to obtain the LST value, as
detailed in Mejbel Salih et al. (2018). The main term is the Land Surface
Emissivity (𝐿𝑆 𝐸 or 𝜀𝜆), which is influenced by certain emissivity con-
stants and the proportion of vegetation (computed from NDVI values)
according to:

L ST = 𝐵 𝑇
1 + 𝜆⋅𝐵 𝑇

𝜌 ⋅ ln 𝜀𝜆
(4)

where 𝜆 is the mean wavelength of the band used and 𝜌 is a constant
(dependent on universal constants such as Boltzmann’s or Planck’s).

2.3. Supervised learning algorithms for regression problems

In this subsection, the regression algorithms to be used in the
odelling phase are listed and briefly described.

Machine learning classification algorithms involve identifying re-
lationships between input data and output data. The input data may
e discrete or continuous, while the output data (class) is typically a
iscrete variable (Liu and Wu, 2012). Regression methods are employed

when the class variable is numerical. In supervised learning techniques,
the class to which observations belong is known and the models learn
to predict the dependent variable (class) from labelled examples. When
the goal is to predict LST values, we can use supervised learning
regression techniques, as the class (LST at a given study point) and the
composition of the urban environment within a radius of 1 k m for each
observation are known.

There is a wide array of classification algorithms available. In this
work, we will focus on regression algorithms that are suitable for
addressing the problem at hand.

Artificial Neural Networks (ANNs) (Murtagh, 1991) consist of inter-
connected neurons that are organised into input, hidden, and output
layers. The connections between neurons (weights) are adjusted to alter
the relationship between inputs and outputs and filter input values and
generate a desired output with the help of activation functions. ANNs
often employ the backpropagation technique to adjust the weights of
the network to fit the desired output to the input variables from labelled
examples.

Support Vector Machines (SVMs) (Cortes et al., 1995) are a type
of classification algorithm that utilise linear classifiers to identify the
hyperplane that divides data into different categories. Support Vector
Regression (SVR) (Awad and Khanna, 2015) is a variant of SVM specif-
ically designed for regression problems. The algorithm searches for a
urve or line (hyperplane) with maximum symmetric margin on both
ides that best captures the trend of the data.

Decision trees are supervised machine learning algorithms that can
enerate interpretable and explainable predictive models for classifica-
ion or regression problems. Each branch in the tree represents a rule
xpressed as a conditional statement that can be understood without
xpert knowledge. C4.5 (Quinlan, 2014) is a widely used decision tree
lgorithm. When the target variable to predict is numerical, regression
rees (RTs) are utilised (Breiman et al., 2017).

Ensemble methods, such as bagging or boosting, are often used in
onjunction with decision trees and are often used in the environmental
ield as reference algorithms (Zumwald et al., 2021).

Bagging (Breiman, 1996) is a learning method in which multiple
weak models are trained with different sets of randomly selected ob-
servations from the dataset. The training data for each new model may
include data used to train other models. The model’s output is the mean



F. Rodríguez-Gómez et al.

i

m
S
p
v
𝑅

o

t
𝑅
t
t

o

m
a

s
(

b
e
c
o

t
i
d
u

c
v
c
‘

Environmental Modelling and Software 186 (2025) 106364 
of the output of the weak models. Inspired by this approach, Random
Forest (RFs) (Breiman, 2001) is a decision tree-based technique that has
demonstrated great success (Wyner et al., 2017). It involves generating
multiple decision trees using different subsets of attributes. If regression
trees are employed instead of decision trees, a random regression forest
is created.

XGBoost (XGB) (Bentéjac et al., 2020), or eXtreme Gradient Boost-
ing, is a supervised machine learning predictive algorithm that uses
the boosting principle to generate multiple weak prediction models
sequentially. Each model is built upon the results of the previous model
to create a new model with improved predictive power and greater
stability in its results. An optimisation algorithm such as Gradient
Descent is used to combine these weak models into a more robust
model.

2.4. Evaluation metrics

To assess the accuracy of the models produced by supervised learn-
ng algorithms for regression problems, we will utilise the following

metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE)
and R-Squared (R2). All of which are well-known and we describe them
in this section for the sake of self-completeness of the article.

The coefficient of determination, denoted by 𝑅2, is a statistical
easure that provides information about the fit of a regression model.

pecifically, it represents the proportion of the variance in the de-
endent variable (response) that is predictable from the independent
ariable (predictor). The formula for the coefficient of determination
2 is

𝑅2 =
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2

where 𝑦𝑖 represents the predicted value of the dependent variable for
bservation 𝑖, 𝑦̄ is the mean value of the dependent variable, 𝑦𝑖 is the

observed value of the dependent variable for observation 𝑖, and 𝑛 is the
number of observations. The formula can also be expressed as:

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2

where the numerator represents the sum of squared errors (SSE) and
he denominator represents the total sum of squares (TSS). Therefore,
2 can be interpreted as the proportion of the TSS that is explained by

he SSE. The value of 𝑅2 ranges from 0 to 1, where 0 indicates that
he model does not explain any of the variability of the response data

around its mean, and 1 indicates that the model perfectly explains it
all.

𝑅2 is often used as a goodness-of-fit metric to determine how
well the model fits the data. One advantage of 𝑅2 is that it is easy
to interpret, as it provides a simple indication of the proportion of
variability in the response variable that is explained by the model.
However, a disadvantage is that 𝑅2 does not provide information about
the validity of the model’s assumptions or the statistical significance
of the model. Therefore, it should be used in conjunction with other
diagnostic measures to assess the overall quality of the model. In this
work, we use the MAE and RMSE, defined as follows:

MAE = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2

Both MAE and RMSE provide useful insights into the performance
f a regression model, since they measure the error incurred when

approximating 𝑦𝑖 through 𝑦̂𝑖, but they have different interpretations
and applications. MAE is often used to compare the prediction errors of
different models, while RMSE is often used to assess the overall fit of a

odel to the data. In general, a lower value for either metric indicates
 better fit of the model to the data.
 n

4 
3. Methodology

The methodology followed to conduct the data mining process
was the Cross-Industry Standard Process for Data Mining (CRISP-
DM) (Chapman et al., 2000). It defines six phases: (1) business under-
tanding, (2) data understanding, (3) data preparation, (4) modelling,
5) evaluation and (6) deployment.

The problem and data study phases (phases 1 and 2) have already
been described in Section 1. Given the importance of the data prepa-
ration (phase 3) and the modelling (phase 4), two subsections have
een dedicated to their description in this Section. The final phases,
valuation and deployment (phases 5 and 6), where the methodology
hecks and apply the results attending to the initial objectives, are set
ut at Section 4 and Section 5 respectively.

In the project in which the presented methodology was developed,
hree experts in urban greening participated. Their involvement was
mportant for the entire data mining process: searching for relevant
ata and sources, validating images, and checking tools in real urban
se cases.

The rest of this section outlines the procedure to obtain the required
data to train the models, and a study of the processing conducted to
select the most appropriate model for predicting LST.

3.1. Data preparation

The data inputs needed to extract knowledge about the influence of
the near-environment on the land surface temperature are compound
by three sources:

• Sentinel-2 images are required to calculate the NDVI values of
the study city using Eq. (1). Considering the scale presented in
Table 1, this information is used mainly to locate water bodies
and identify the non-vegetated areas in the region. The surround-
ings of points inside water bodies (such as seas or oceans) are not
of interest as they can be considered non-urban points (and their
environment is irrelevant). However, the presence of a water body
in the near-environment of other urban points is indeed relevant,
hence the importance of identifying water bodies in the image. On
the other hand, areas without vegetation are of particular interest
because they will be the best candidates for action to lower the
temperature. It is, therefore, crucial to better understand how the
environment affects the temperature in these non-vegetated areas.
The resolution of Sentinel-2 images is 10 m/pixel.

• LiDAR maps are used to determine the use of urban soil (with or
without vegetation). Different labels are assigned to points taking
the land use into account (American Society for Photogramme-
try & Remote Sensing, 2011). The information relevant to this
research is marked with LiDAR labels 3 to 6. Values 3 to 5 are
used for low, moderate, and dense vegetation, respectively, and
value 6 indicates the presence of buildings. In addition, the LiDAR
label 2 stands for ‘‘ground’’, which can be used to determine the
height of such buildings. The resolution of the LiDAR images is
0.5 point/m2 and they have been rasterised to 1 m/pixel.

• Landsat −8 images are needed to calculate the LST values at
different points of the city using Eq. (4). As mentioned above, the
LST value will be the target variable to predict using regression
models. The resolution of Landsat −8 images is 30 m/pixel.

Fig. 1 summarises these data inputs and outlines the transfor-
mations performed to obtain the final dataset. The details of these
transformations are described below.

For each point in the city under examination, we have its classifi-
ation within one of the following categories: low, moderate and dense
egetation, building, water, or other. This results in an aggregate of 6
ategories into which we divide the urban soil. Note that the category
‘other ’’ accounts for roads, bridges, cables, and other urban elements
ot included in the previous classes.
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Fig. 1. Proposed methodology to obtain the required data and create the dataset.
As regards the pixels categorised as building, the proposed methodol-
ogy includes a step to calculate new subcategories taking their heights
into account. The height is calculated using a normalised digital surface
model (NDSM) (Rao et al., 2022), obtained from the LiDAR image
filtered with classification points (2: Ground, 6: Building).

The NDSM measures the difference between the Digital Terrain
Model (DTM) and the Digital Surface Model (DSM), displaying the
heights of objects relative to the ground. If necessary, the domain
experts can discretise this numerical attribute in multiple ranges, in line
with their knowledge about the studied city.

The points of interest whose near-environment needs to be studied
are a determining factor for a successful data mining process. Domain
experts are interested in how the environment affects the temperature
of non-vegetated areas. For that reason, this methodology follows an
adaptive approach to choose points on the map representing every non-
vegetated area. Connected Components Labelling (CCL) is the key to
segmenting maps and finding these areas. CCL is an image processing
technique that assigns a unique label to all the connected pixels due
to neighbourhood and similarity (He et al., 2017). This way, separated
non-vegetated areas are identified and random points are selected from
them. The number of random points chosen from each area depends on
its extension with respect to the total area. Thus, few points are selected
for small areas, while as the area increases, more points are selected.
Choosing the same number points for every area independently of its
size is inefficient because the environment of many points in a small
area is the same and can be represented with few points (or even only
one point).

For each of the randomly selected points, some variables that de-
scribe their near-environment are calculated:

• the presence (or not) of a nearby water body, and
• the percentages of land (with respect to the total urban area)

occupied by:

– low, moderate, and dense vegetation,
– buildings (that can be optionally discretised in ranges), and
– other urban elements.

These variables are calculated at different scales of distance: less than
250m, from 250m to 500m, from 500m to 750m, and finally, from
750m to 1 k m. The whole preparation process is depicted in Fig. 1.
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Table 2
Hyperparameter tuning.

Algorithm Hyperparameters Analysed values

RT Max depth {1, 2, 3, 4, 5}
ANN Number of neurons in hidden layer {2, 4, 8, 16, 24}
SVR Cost {0.25, 0.5, 1, 2, 4}
XGB Depth × Number of rounds {3, 7} × {250, 500, 750}
Bagging Number of iterations {10, 20, 25, 35, 40}
RF Number of trees {50, 100, 150, 200}

3.2. Modelling

The process carried out for the selection of the best model to predict
LST, which is one of the main contributions of this work, follows a
model training with hyperparameter optimisation (Bischl et al., 2023).

Several regression algorithms are chosen: Artificial Neural Network
(ANN), Regression Trees (RT), Random Forest (RF), Bagging (with
regression trees as base classifier), Support Vector Regression (SVR)
and XGBoost (XGB), all of them already introduced in Section 2. Since
all these algorithms have different hyperparameters that control their
execution (and therefore can impact their performance), it is necessary
to determine which is the optimal configuration for each.

Thus, fine-tuning of the hyperparameters is performed, conducting
a grid search to obtain the configuration that would provide the best
results for each algorithm, in terms of minimising the MAE and RMSE
errors obtained. In Table 2, we can observe which hyperparameters are
analysed for each algorithm, as well as the values that were examined.
A 10-fold cross-validation strategy is repeated for 3 times to ensure the
stability of the results for each generated model.

4. Evaluation results

The data preparation and modelling phases – part of the data
mining methodology presented in the previous section – are generic
and can be used whenever data are available. In this section, we
show the results evaluated by experts (researchers specialised in ur-
ban green areas) in a specific case and applying the methodology in
a real city as an example. Therefore, their process to validate the
knowledge before being incorporated into the expert system to support
the decision-making process is shown. In particular, the Urban Atlas
Copernicus project (European Commission, 2014) has been used as a
complementary source of information in this validation process.
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Fig. 2. Location of Malaga in Spain (Europe) and urban area of interest. RGB image downloaded from the Spanish Geographic Institute (IGN) with the license CC-BY 4.0.
http://www.ign.es.
4.1. Data preparation: validation example

Data from the city of Malaga, in southern Spain, have been collected
and processed following the description given in Section 3.1. Malaga
is located in southern Spain (see Fig. 2) and has a population of
578 000 inhabitants. It is on the coast, between two river valleys,
with a mountain range to the northeast and the Mediterranean Sea
to the south. Temperatures are milder (although with higher relative
humidity). Even so, they can reach up to 35 ◦C.

Every point in the area of interest was defined by the class assigned
to it; that is, each point was labelled as water, vegetation (low, mod-
erate, or dense), building (including its height) or other. Each point
corresponded to a pixel in the LST image, and its dimension was defined
as a square of 10m × 10m.

Then the information was segmented using a Connected Compo-
nents Labelling (CCL) algorithm, and 8 754 connected components
were identified. Points were selected to ensure that every connected
component was represented. The smallest components, with an area
of 100m2, only needed one point for their study, while the greatest
components, with an area of 1 865 300m2 were inspected using 308
points. In the end, a total of 16 678 points were calculated in the city
of Malaga.

The observed Land Surface Temperature (LST) was known for every
point from those 16 678 selected points, and 28 additional variables
were calculated to describe its near-environment. Four concentric re-
gions of 250m width were defined in the range of 1 k m, and seven
variables were calculated for every region. Those variables indicated
the presence of a water body, the percentage of uncategorised elements
(other), the percentage of every kind of vegetation (low, moderate,
or dense), and the percentage of two types of buildings. In this case,
the experts decided to discretise the height of buildings in two ranges:
smaller and bigger than 24m. Some other discretisation options were
considered. For example, avoiding discretisation produced more errors
in the model. In contrast, a more fine-grained discretisation did not
improve the result but made the model more complex.

4.2. Modelling: validation example

Once the dataset with the information of the near-environment
characteristics of relevant points in the city of Malaga (defined by
16 678 examples described by 29 attributes) was created, it was used
to train different models. The algorithms and configurations used were
enumerated in Table 2 and the best results achieved are described in
Table 3. Every algorithm (and configuration) was evaluated by repeat-
ing 3 times a 10-fold cross validation, and therefore 30 experiments
have been performed. A statistical validation was conducted using the
Wilcoxon test over those 30 experiments in order to detect significant
differences.

The configurations that obtain the best evaluation metrics (aver-
age and standard deviation values) for every algorithm are shown in
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Table 3. There is one exception with Random Forest as the selected
model uses 50 trees instead of 200. The results achieved by 200 trees
are slightly better than those achieved by the version with 50 trees, but
the differences in accuracy are not statistically significant. We therefore
opted for the version with 50 trees, since its computational complexity
is much lower.

As is presented in Table 3, the most accurate model is the one
induced by Random Forest with 50 trees. In order to check this state-
ment, we have conducted statistical tests comparing this model with
the others, showing that the error obtained by the rest of models is
significantly greater (𝑝-value ≪ 0.05). This is depicted in Table 3 with
the symbol ⊖.

4.3. Evaluating and tuning a model: validation example

Considering the results achieved in the modelling phase, the most
accurate models are selected and the experts try to learn something
about them. They can also tune the model by making a feature selection
to keep the most informative attributes while discarding those that are
not so relevant. Thus, the model can be adapted to be less complex,
while keeping the explanatory capacity.

The overall importance of every variable is calculated (see Fig. 3).
It can be observed that the most relevant variables are those that
affect the closest nearby point, in the range between 0 and 250m. The
percentage of high buildings (over 24m) is particularly relevant. On
the other hand, the presence of water bodies does not seem to affect
the differences in LST observed between different locations within the
studied city.

The final model selected to be incorporated into the expert sys-
tem implemented during the deployment phase has considered these
findings regarding feature importance. After performing a search-based
feature selection using a wrapper approach (Li et al., 2017), only the 10
most relevant attributes have been considered. Differences in accuracy
between models with 10 or more than 10 attributes are negligible for
the experts’ requirements.

5. Expert system including knowledge

This section describes the application implemented to use the
knowledge gained during the application of the data mining process.
The model might change from one city to another, and it might be
necessary to repeat the modelling phase to better adjust it to a new
city. However, the implemented expert system uses the model in a
transparent way. New models can update the preloaded model and
continue to work. The steps followed by the application to predict the
land surface temperature (LST) at a specific point or to simulate the
new LST value when changes in the near-environment are the same
regardless of the loaded model.

http://www.ign.es
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Table 3
Algorithms, configuration selected, and accuracy values error.

Algorithm Selected
hyperparam.

MAE RMSE 𝑅2

RT 5 1.02 ± 0.020 1.33 ± 0.030 0.55 ± 0.024 ⊖
ANN 24 0.86 ± 0.030 1.14 ± 0.050 0.68 ± 0.006 ⊖
SVR 4 0.69 ± 0.020 0.98 ± 0.040 0.76 ± 0.017 ⊖
XGB 7 × 5 0.47 ± 0.010 0.67 ± 0.030 0.89 ± 0.011 ⊖
Bagging 25 1.00 ± 0.020 1.30 ± 0.030 0.58 ± 0.018 ⊖
RF 50 0.44 ± 0.010 0.63 ± 0.020 0.9 ± 0.007
Fig. 3. Importance of variables used during a feature selection process. The model used is a Random Forest with 50 trees. Attributes refer to the percentage of different land uses
in four increasing ranges. The name of variables include information such as the kind of variable (percentage as a float number or existence as a boolean), the kind of land use
(vegetation, building and other) and the range (0–250, 250–500, 500–750 and 750-1 000m).
5.1. Technologies for implementation

Currently, R (R Core Team, 2020) and python are the most widely
used languages for data mining, machine learning or artificial intel-
ligence processes. R has been selected for this research as it has the
necessary libraries to process LiDAR, Landsat and Sentinel images, and
as it offers a framework that facilitates the conversion of the results
obtained from data mining processes into web tools.

The main R technologies used to develop the tool can be grouped
according to the phase of the data mining process where they have been
intensively used.

R packages were used, such as raster (Hijmans, 2025) and
lidR (Roussel et al., 2020; Roussel and Auty, 2021) for data prepara-
tion. lidR allows the extraction of buildings and vegetation from the
near environment while raster facilitates the calculation of building
height, NDVI, or LST, and the extraction of near environment features
in 250 m rings. dplyr package (Wickham et al., 2020) was used to
obtain core knowledge for training models and for models predictions.
7 
R libraries for machine learning such as the caret package (Kuhn,
2008) have been used to train different models using different algo-
rithms and configurations, as well as to evaluate the models.

Finally, the shiny package (Chang et al., 2021) has been used for
the development of the dashboard for LST predictions and simulations.
A Linux server has been configured for the web app deployment.

5.2. Prediction and simulation

Screenshots are presented in Fig. 4 to illustrate the processing of the
information to obtain LST predictions. Continuing with the validation
example of the previous section, they correspond to the selection of a
point in the centre of the city of Malaga, in Spain, and specifically, the
Cathedral.

The usage of the application is described below.

Selecting the study point. Cropping area of interest (a). The map shows
the user blue squares representing the area covered by the LiDAR
imagery, where the study point can be selected. This is the first step:
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Fig. 4. Screenshots with part of the information generated until a prediction of LST is given: (a) Selecting the study point. Cropping area of interest ( 3,1416 k m2 – 1 k m radius
circle–). (b) Building extraction. (c) Vegetation extraction. (d) Existence of water bodies nearby. (e) Calculating the area percent of urban features. (f) Model predictions.
selecting the point of interest on a map using interactive tools. The
system then draws an orange circle of radius 1 k m and starts extracting
urban features. From the catalogue of LiDAR images of the city, the
application performs the cropping of the area surrounding the study
point for 1 k m around it.

Building extraction (b). An image containing only the LiDAR points
classified as buildings is obtained from the LiDAR model of the area
of interest. The normalised height model is then obtained and a Raster
layer of the buildings categorised by height is calculated. For the case of
Málaga, the application obtains 2 images by filtering the heights in the
image with all buildings to determine the buildings below and above
24m.

Building height thresholds, potentially more than one, can be con-
figured according to the morphology of each city. In historic cities, of
intermediate size, with compact morphology and modern expansion,
such as Malaga, 24m can be an appropriate value because it allows
separating two of the most common types of buildings. Those in the
historic centre, with a predominance of low-rise buildings, and those
in the expansion area, with high-rise buildings (above 24m) (Wu et al.,
2023).
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Vegetation extraction (c). To calculate the areas with low, moderate and
dense vegetation, a process similar to the one described above for the
segmentation of buildings is followed. In this case, the application cal-
culates 3 LiDAR images, filtering by points belonging to low, moderate
and dense vegetation, and their 2D raster models are then obtained.

In this step, as in the whole process, experts in the domain have
validated the results achieved. They have compared the real vegetation
identified in the Urban Atlas (Copernicus Project) with the estimation
of vegetation automatically calculated (URSUS_LST). Fig. 5 shows these
two maps where correspondence is clear.

Existence of water bodies nearby (d). To obtain the areas covered by
water, a raster image with the terrain classified according to the NDVI
of the city is used. This raster image is cropped to a radius 1 k m from
the study point. The next step is to perform a Connected Component
Labelling on the raster water map, as it is necessary to determine the
extent and shape of the different water bodies.

Calculating the area percent of urban features (e). The division of each
raster layers (water, buildings or vegetation) into 250m intervals is eas-
ily performed using the distanceFromPoints(point,raster)
function of the raster library. The tool can create a mask that
represents the cutting ring, removing points that are at distances that
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Fig. 5. Green areas in Malaga: (a) Urban Atlas, (b) URSUS_LST.
are not of interest. The distance mask (cutting ring) can be applied on
different raster layers and is immediate to calculate the area of every
feature.

Model predictions (f). Once the values of the variables that the pro-
posed model needs to make the predictions (presence of water bodies,
%vegetation, %buildings, and %other features) have been calculated
for each interval of 250m, the model is fed to obtain the predicted
LST at the selected point, and the tool displays the predicted LST. The
selected model is Random Forest with 50 trees trained with the 10 most
relevant variables as described in Section 4.2. Fig. 4 shows a complete
example of a real case in the city of Malaga for the prediction of LST
at a selected point.

Simulating new environment scenarios (g). The system is a means to sim-
ulate how a modification of the vegetation percentages in the intervals
could affect the land surface temperature (LST). This simulation can be
used by urban planners and designers, landscape architects and even
administrations to decide on the development of new UGI installations.

Although several variables are identified as relevant, the simulator
only takes into account the percentage of different vegetation densities
(low, moderate and dense). The main reason is that this potential
changes are easy to configure and implement in reality by an urban
planner. Changing the percentage of buildings or their height would not
be so feasible to change unless new constructions are made. In addition,
the percentage considered refers to the ring closest to the point (less
than 250 m), as these nearest features were proved to have the highest
influence on the LST obtained (see Fig. 3).

In this new situation, the tool shows the temperature reduction
over the real scenario. Fig. 6 shows the actual information describing
the environment of a point and presents the controls that a user can
configure to set up a new scenario. The user can define new values
for the percentages corresponding to the three categories of vegetation
density in the close range. The temperature in the new scenario after
changing the vegetation percentages is shown at the bottom.

6. Conclusions

This paper presents a novel methodology for predicting Land Sur-
face Temperature (LST) and simulating the effects of adding new urban
green infrastructure on temperatures in areas potentially affected by
the urban heat island effect. The incorporation of urban features, in
addition to LST values, results in a more accurate model for predicting
temperatures. This methodology is extensible to any city and min-
imises initial pre-processing steps for retraining, making it efficient and
effective for urban planners.

This methodology has allowed the optimal model to be determined
and trained in the aforementioned task of estimating the LST values
from urban features and how they will be affected if there are new
urban elements introduced.
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The analysis of urban environment features at different distance
intervals for different study points has shown that the distance factor’s
impact on LST can be calibrated to provide domain experts with novel
and relevant knowledge. Furthermore, the proposed tool allows for
simulating the existence of different quantities of vegetation in a certain
radius from the study point (in increments of 250m distance intervals
from 0 to 1 k m). This will enable users to determine the optimal
distance, quantity, and type of urban green infrastructure to reduce
temperatures.

In the proposed methodology, the identification of the most impor-
tant variables for predicting LST based on the urban elements of the
environment ensures that the resulting models take into account those
features with the greatest impact on temperature. We have found that
the amount of vegetation and buildings in less than 250m are the most
influential variables to determine temperature.

Furthermore, the significant contributions of this work are (a) the
design of an expert system for predicting LST in a region by analysing
the urban features; and (b) the development of an open-source web
application for urban planners to simulate the impact on temperature
of increasing urban green infrastructures.

According to experts in the domain, the use of the tool in different
cities would have a global impact on mitigating the UHI effect in
cities, and therefore on improving urban sustainability and on the fight
against climate change. The main limitation is the dependency of the
model accuracy on the geospatial images used to train it. For example,
the dates of the images are a key factor, given that some features
(i.e., quantity of vegetation or its state) are dependent on the season
and climatic conditions. If the intent is studying the impact on extreme
high temperatures, the model should be trained with images acquired in
the warm season. Also, the availability of certain type of images should
be considered. For instance, LiDAR information is often limited to one
or two specific dates for a certain city, so all the rest of images used
should correspond to similar dates.

In conclusion, the proposed methodology and tools have the po-
tential to facilitate urban planners’ work by providing more accurate
predictions of LST and simulating the impact of adding urban green
infrastructure. As such, it represents a valuable contribution to the
development of sustainable urban environments.

Future work could explore the integration of other factors, such as
air pollution, to further improve the accuracy of temperature predic-
tions and the impact of urban green infrastructure on urban environ-
mental quality.

Some other parameters, like cost, available space, look and feel
of the place or time to implement the project could be included
in multi-criteria decision-making. Another improvement that experts
consider important, and on which we are working, is the automatic
identification of the most promising areas in which to apply the desired
changes. This will be achieved by using more information, from new
sources, concerning the viability of installing urban green infrastruc-
ture. In addition, visualisations will be generated which will enrich the
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Fig. 6. Screenshots with part of the process to simulate new scenarios (g). The new LST value is estimated by changing some variables in the near-environment of the study point.
application and allow the final users to gain a deeper understanding
of the forecast results and of the influence of the different factors in a
given scenario.
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