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ARTICLE INFO ABSTRACT

keywords: Flooding due to overflowing rivers affects the construction elements of many buildings. Although significant
River floods progress has been made in predicting this damage, there is still a need to continue studying this issue. For this
B“ildings_ ) reason, the main goal of this research focuses on finding out if, based on a small dataset of cases of a given area,
;Z:z;blhty it is possible to predict at least three degrees of affectation in buildings, considering only three environmental

factors (minimum distance from the river, unevenness and possible water communication). To meet this goal, the
methodological approach followed considers scientific literature review and collection and analysis of a small
dataset from 101 buildings that have been affected by floods in the Guadalquivir River basin (Andalusia. Spain).
After analyzing this data, algorithms based on machine learning (ML) are applied to predict the degree of
affection. The results, analysis and conclusions indicate that, if the study focuses on a specific area and similar
buildings, using a correlation matrix and ML algorithms such as the "Decision Tree" with cross-validation, around
90% can be achieved in the "Recall" and "Precision" of "High-Level-Affection" class, and an “Accuracy” around

Machine learning

80% in general.

1. Introduction

Floods in general (Adhikari et al., 2010) and in particular those
caused by overflowing rivers are often responsible for varying damage to
buildings. Therefore, it is very important to be able to foresee these
floods and the damage they cause, thus being able to quantify the con-
sequences of these events and develop regulations to avoid or mitigate
them (Piyumi et al., 2021), especially in households with low-income,
since these are usually the most vulnerable (Chen et al., 2021; Deria
et al., 2020).

On the other hand, most of the studies detected on this issue focus on
the calculation of the risk of flooding, being less frequent studies on
damage prediction, especially when it comes to buildings with similar
construction characteristics, which are located in an area or specific
region, with similar weather and a proven history of flooding. This study
focuses precisely on the latter issue. However, a brief introduction to the
state of the art regarding the calculation of the risk of flooding and
damage is previously exposed.
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1.1. State of the art in terms of calculating the risk of flooding

At the present, to calculate the risk of flooding (Merz et al., 2010;
Osés-Eraso & Foudi, 2020) that can affect a building located in certain
geographical coordinates, it is usual to consult the historical and
cartographic data (Wan Mohtar et al., 2020) and apply various analysis
and prediction techniques and technologies in the form of models
mathematicians (Dutta et al., 2003). The results can later be captured
graphically using technologies that have to do with GIS geographic in-
formation systems (Deckers et al., 2009; Meyer et al., 2009), in which
flood risk maps are reflected that, as indicated, are based on environ-
mental data, statistical and mathematical studies, machine learning
(Armenakis et al., 2017; Li et al., 2019), etc., and that they can be
supported, among others, by LiDAR and UAV point clouds for the cre-
ation of digital elevation model (DEM) (Jakovljevic et al., 2019).

In this context, as indicated, geospatial analysis is usually based on
statistical methods and historical data processed in a GIS platform, but
also on hydrological modeling based on equations and multi-criteria
decision analysis (MCDA) (Arabameri et al., 2019; Doorga et al., 2021;
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Rahman et al., 2019). Thus, the so-called analytical hierarchy process
(AHP) is usually used to determine the weights of influential factors. For
the combination of weighted factors, the so-called weighted linear
combination (WLC) is applied, thus being able to generate a risk map of
floods. In this sense, unlike approaches based on determining the eco-
nomic and physical risks (Merz et al., 2010), the MCDA may also
consider, among other aspects, the environmental, social and cultural
aspects.

1.2. State of the art in terms of damage to buildings and goal of this
research

As has been shown, there is currently abundant information avail-
able on the calculation of flood risk, especially in developed regions, as
is the case in European countries (De Moel, Van Alphen and Aerts, 2009;
European Commission, 2007; Feyen et al., 2012; Vanneuville, Wolters,
Scholz, & Uhel, 2016), such as Spain (Perles Rosello, Olcina, & Meérida
Rodriguez, 2018; CNIH 2014; Junta de Andalucia REDIAM, 2022;
Government of Spain. Sistema Nacional de Cartografia de Zonas Inun-
dables/National Flood Zone, 2010 ),and there continues to be concern
about the damage that these floods can cause, especially as to whether
these the damages are foreseeable, and what factors influence their
greater or lesser magnitude.

In this sense, in addition to studying damage to people, infrastruc-
ture, farms and industry, among others, various studies have been car-
ried out on the evaluation of vulnerability to buildings (Galasso et al.,
2021), recommendations for the construction and rehabilitation of
buildings in flood zones (Ntinez Collado et al., 2019), technical assess-
ment of the deterioration (Dominguez Gutiérrez & Gonzalez Pajaro,
2015), damage to buildings (Galasso et al., 2021;Garcia-Prieto Rui et al.,
2009), and the determination of Process Analysis Hierarchy (PAH)
(Dall’Osso et al., 2009).

However, sometimes the type and amount of data available are
limited, which initially makes it difficult to predict what level of damage
buildings in a specific area will have when they are affected by a flood
due to an overflow of the river. For this reason, the main goal of this
research focuses on finding out if, based on a small set of case data from
a certain area, it is possible to predict at least three degrees of damage to
buildings, considering only three environmental factors (distance to the
river, unevenness and possible communication of the water). It must be
taken into account that the evaluation of the vulnerability of the
building, that is, the estimation of the probable maximum losses (PML),
is an essential issue to determine the strategies and policies of prepa-
ration, response mitigation and implementation of regulations and
appropriate technical standards.

For this reason, it is necessary to look for models that obtain the
relationship between the flood and its effect on the buildings it reaches
and help carry out evaluations that allow the establishment of adequate
strategies, narrowing the knowledge gap on this matter.

Thus, machine learning (ML) algorithms based on supervised
learning offer a very interesting option to achieve the objective sought to
estimate the damage that a building could suffer previously.

In this sense, during the development of this work the question of
why use ML and not statistical methods or traditional programming was
raised. Although it is possible to carry out the task by said methods, ML
has important advantages, among which two stand out: i) Traditional
programming requires formulating or coding rules (logic) manually,
however in ML, the algorithm automatically formulates the rules (logic)
of the data; ii) traditional statistical methods make a priori assumptions,
while ML can constantly learn from the data and thus build and refine
the prediction model, which can be trained over and over again to
further improve the results or for other cases.

On the other hand, until a few years ago, ML algorithms were usually
applied to predict the risk of flooding (Wang et al., 2015), susceptibility
mapping and assessment (Ahmadlou et al., 2021) or buildings’ flood
exposure (Pham et al., 2022), but not so much to predict the damage that
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buildings could suffer. However, there are some works (Amadio et al.,
2019) in which they have carried out very interesting checks as well as
some empirical and synthetic models to predict and evaluate flood
damage. Despite this, these jobs are often based on data that is some-
times difficult to obtain. That is why this work will focus on the premise
that the values to be introduced in the algorithms, for their training and
subsequent use, are few and in principle easy to obtain directly at any
time, in such a way that the interested party, through a simple and quick
operation of collecting this data can know how a hypothetical flood
could affect a given building.

It is true that data of the selected factors are easier to obtain in
developed regions, while for underdeveloped and developing regions
they may not be available. However, it is understood that in any case the
factors used in this study, can be collected both by sophisticated means
(satellite data, digital applications, etc.) and by simple observation and
direct measurement, simply resulting in the latter case a slightly more
laborious operation.

2. Methods and materials

The methodology followed is based in the first place on the detection
of studies carried out to date, related to the factors that influence in one
way or another the degree of affectation of floods in buildings, focusing
attention on the factors that have the most interesting results (Merz
et al., 2004) and the greater or lesser difficulty involved in obtaining
data from them. Thus, the easiest data to obtain is selected. The data
collection areas (areas that have suffered flooding) and the corre-
sponding buildings are selected. The data of these buildings and the
selected factors are collected. The appropriate ML algorithms are
selected for the class of data and type of classification-prediction that is
intended and the data is processed to apply them to said ML algorithms.
An analysis of a data set of 101 buildings that have been affected by
floods in the Guadalquivir river basin (Andalusia, Spain) is carried out.
Once the data is collected, the feasibility of establishing patterns is
analyzed through the use of different machine learning algorithms,
which allow us to reliably predict the level of severity of the damage.

In addition to these steps, it should be noted that studies carried out
in the area are analyzed (Bohorquez & del Moral-Erencia, 2017; Vallejo
Villalta, 2000).

To make this methodology as clear as possible, Fig. 1 shows the steps
followed.

2.1. Factors

One of the first steps of the work focuses on identifying the factors
that influence the degree of affectation of the buildings, to later classify
these factors according to whether or not they can be easily obtained in
most cases that may arise. The list of factors is obtained based on the
existing literature (Dall’Osso et al., 2009; Galasso et al., 2021; Ninez
Collado et al., 2019). The degree of difficulty in obtaining data has been
divided into two levels: i) Difficult (it is not always possible to obtain the
data); ii) Easy (virtually always are possible to achieve easily). In
addition, an intermediate level (Easy-Difficult) could occur depending
on the circumstances. For the assignment of these levels to the different
factors, the experience in this type of work of one of the authors in the
field of data review for insurance companies. However, in order for the
classification to be as scientific as possible, it has been taken into ac-
count whether it is possible (easy) to collect the data: (1) at any time,
regardless of whether the flood has occurred or it has not occurred yet;
(2) with few means (observation of the environment and basic mea-
surement); (3) without the need for knowledge or complex calculations
or to collect other data not always available. As can be seen, these
criteria buffer the reality that data that is readily available in developed
regions may not be available in underdeveloped and developing regions.
Thus, the "difficult" and "easy" standards have been classified in turn into
those that meet the three conditions, those that meet two and those that
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Fig. 1. Conceptual flowchart of the methodology.

meet only one of them. The initial relation between the influencing
factors and said degree of difficulty is reflected in Table 1.

As can be seen, the value of certain factors can be obtained more
easily, as is the case of the minimum distance from the building to the
river, the difference between the level of the ground floor of the building
and the level of maximum ordinary of the river and the existence or not
of possible communication between the building and the river in case of
flooding. It is also easy to obtain the shape of the building, but since
these are cases of buildings, all of which have rectangular floor plans,
this factor is not the object of study.

On the other hand, it is common to be able to obtain this data online,
consulting freely accessible sources. Even in some countries, such as
Spain, other factors can be consulted, such as the age, the heights, and
the location of the building, among others, for example, through the
electronic headquarters of the cadastre (Government of Spain, 2022),
without the need carry out visits to the place and consultations to owner
or users, as well as to the plans of the architectural project.

A recurring factor in the existing research already mentioned is the
maximum level of the water surface above ground (ml) reached in
contact with the building during the flood (Manrique Ruiz et al., 2017;
Sanchez et al., n.d.). However, although there are studies that propose

certain methodologies for its determination, as is the case of the statis-
tical method (Galasso & Senarath, 2014) and numerical-computational
simulations (Echeverribar et al., 2017), its approximate calculation is
carried out resorting to complex technologies such as the satellite sen-
sors used by Aguirre and Caro (Aguirre & Caro Gomez, 2014) or Vales
et al. (Vales et al., 2010) that carried out a study collecting data on the
extension of the flood and capturing them on maps of affected areas in
Andalusia (Spain). Thus, the extent of the sheet of water produced is
detected. Subsequently, cartography and characterization are obtained
from direct observation of the territory during the development of the
phenomenon and not based on simulation models, using Radar tech-
nology (for obtaining photographs).

On the other hand, the CNIH offers historical data on homes affected
by floods in Spain. In the case of Andalusia, the years 1963 and 2010
(Fig. 2) are the periods in which most of them are found, so These years
and the most affected areas will be the scope of this study, to be able to
take advantage of precisely these existing data and relate it to new ones
for the objective pursued.

Regarding the importance or weight of these factors (Kreibich et al.,
2009), accurately determining some of them is sometimes a difficult
matter, however, with the available data, in this study, a matrix of
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Table 1

Factors influencing the degree of affectation of buildings (Dall’Osso et al., 2009;
Galasso et al., 2021; Ntnez Collado et al., 2019) and the degree of difficulty in
obtaining data.

Outstanding factors related to the =~ Compliance with ease Final

degree of affectation of a flood in conditions to collect classification
buildings data
Minimum distance from the building  1,2,3 Easy

to the bank of the riverbed when it
has its maximum ordinary level.
Unevenness between the level of the 1,2,3 Easy
ground floor of the building and
the maximum ordinary level of the
river. (Measured considering the
point of the minimum distance
between the building and the
river).
Existence of possible water 1,2,3 Easy
communication between the
building and the river in case of
flooding regardless of the existence
or not of defense elements.
The maximum level of the water 2,3
surface above ground (ml).
The time that the maximum level of 2,3
the water sheet remains.

Easy-Difficult

Easy-Difficult

Hydrodynamic pressure and flow - Difficult
velocity.
Level of water penetration inside the 2,3 Easy-Difficult
house.
Age in years of the building. 1,2 Easy-Difficult
Number of floors in height. 1,2,3 Easy
Hydrodynamics of the ground floor. - Difficult
Constructive features. 1,2 Easy-Difficult
Building shape (circular, rectangular,  1,2,3 Easy
polygonal, etc.).
Building orientation (perpendicular, 2,3 Easy-Difficult
parallel or at an angle to the water
flow).
State of conservation. 1,2 Easy-Difficult
Objects that drag the sheet of water. 2,3 Easy-Difficult
Others. -

Fig. 2. Number of houses affected by floods (1920 to 2010). Andalusia (Spain)
(CNIH 2014)

correlation is made to said effects.

2.2. Study area and characteristics of the houses analyzed

For the case study, the dwellings located in Spain have been taken,
specifically in the andalusian municipalities of Penaflor, Lora Del Rio,
Alcolea Del Rio, Villanueva del Rio, Tocina, Los Rosales, Cantillana,
Villaverde del Rio, and Ecija.

Regarding this last locality, only some properties that were flooded
by the overflow of the Gentil River have been studied.
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These locations in Andalusia (Spain) are towns with between 2000
and 40,000 inhabitants, most of them close to the Guadalquivir river as
it passes through the province of Seville.

Fig. 3 shows the situation map, the location of said populations and
the levels of risk detected based on the Prevention Plan for floods and
floods in Andalusian urban channels. This study area is selected for this
model due to the existence of said risk and because floods have histor-
ically occurred due to river overflow.

These areas have a continental Mediterranean climate. Advancing
inland, the continentally increases. The average rainfall ranges between
500 and 700 mm, with between 75 and 100 days of rainfall per year and
an average annual temperature of 17-19 °C. Winters are usually mild
with irregular rainfall, and dry, hot and sunny summers. These last
characteristics are accentuated as move from the coast to the interior of
the region. The month with the least rainfall is usually in July with only
an average of 0.020 mm. The month of November is usually the rainiest.
In the analyzed areas, the height above sea level is between 20 and 100
m.

Regarding ground-level elevations, accurate representation is a
fundamental objective in geodetic surveying and is essential for flood
modelling studies (Sampson et al., 2016; Yamazaki et al., 2014). In this
sense, the accuracy of Digital Elevation Models (DEMs) has improved in
recent years due to advances in remote sensing techniques (Yamazaki
et al.,, 2017). There are various databases and maps available online.
However, for adequate accuracy, the recently built DEM (MERIT DEM)
is highly accurate and is known (Topographic-map, 2022).

Regarding the characteristics of the houses, they are two-story, with
a reinforced concrete structure with a brick factory enclosure and a flat
walkable roof, or a structure with load-bearing walls and a sloping roof
with curved tiles. The exterior finishes are cement mortar coating and
plastic paint. On the ground floor, there is a fagade clad with natural or
artificial stone at the height of 1.20 m. Regarding conservation and
maintenance, the houses are in a good state of preservation.

The entrances to the buildings are generally: i) Pedestrian, saving a
height of 30 cm; ii) access above ground from the roadway and finished
in non-slip flooring.

The houses analyzed are residences, and the water has penetrated the
property to practically the same height as the level of water outside.

2.3. Affectation levels

To define the levels of damage, the lesions observed in the buildings
were analyzed following the methodology mentioned by Dominguez
Gutiérrez, J. & Gonzalez Pajaro, Abel. (Dominguez Gutiérrez & Gonzalez
Pajaro, 2015) and what is specified in the "Guide for the inspection and
evaluation of damage to buildings due to flooding" edited by the
Valencian Institute of Building (Garcia-Prieto Rui et al., 2009). This
information was compiled orderly, and a state of conservation was
defined based on the levels of damage detected. The states of degrada-
tion were rated employing a numerical scale. This numerical gradation
was defined, in a general way, by the following characteristics: i) Level 1
(Low). It was generally assigned to cleaning operations and generalized
maintenance or light and punctual repairs. Light damage; ii) Level 2
(Medium). Corresponds to major repairs, up to 50% in the extension of
the element. Serious damage; iii) Level 3 (High). The element that re-
quires very important repairs (affecting more than 50% of its extension)
or requires its total replacement. Very serious damage.

2.4. Data processing

After setting the factors whose data they want to get, they are
collected. Once obtained, they are pre-processed before using them in
modeling. Said pre-processing includes: i) Integration; ii) Cleaning and
organization; iii) checking if some data are outliers or missing; iv) car-
rying out training, testing and validation of data sets where appropriate.

For the identification of outliers, the Inter Quantile Range (IQR) is
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Andalusia. Influence zone of the
Guadalquivir River.
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Fig. 3. Situation map, location of the study populations and levels of risk detected based on the Prevention Plan for floods in Andalusian urban channels.(Junta de

Andalucia, 2002).

used, and a scaling method. However, in order not to eliminate values
that could be considered atypical but were real, some of them were not
eliminated.

Correlation analysis of the data was carried out to understand the
relation between the input and the output parameters.

2.5. Machine learning algorithms

As for machine learning models, there is currently a great variety and
in turn, they can be divided into two types: univariate and multivariate.
In the case of the study, since there are more than two input and output
variables, the multivariate ones will be used. On the other hand,
depending on the way in which they carry out learning, these models
can be of the supervised, unsupervised and semi-supervised types. In this
work, those of the supervised type are used. At this point, it should be
noted that to obtain results a validation process is necessary. The
simplest way to perform the validation process is to use the holdout
technique. This technique simply consists of dividing the original data
set into two sets, one for training and the other for testing (generally
70% of the data is reserved for the first and 30% for the second), trying
to maintain the same distributions in the data two sets.

The main problem with this type of validation is that the test set can
be too small, so the variance of the estimate is high and since there is a
disproportion with respect to the training data, the final estimate may
tend to be pessimistic. On the other hand, there is also the problem that
overfitting may occur during the process.

To evited these problems, some authors (Kohavi, 1995) state that
10-fold cross-validation is the best of the methods. It is true that nuances
expressed by other authors (Refaeilzadeh et al., 2009) could fit into this
statement, which in any case does not invalidate that the method is
adequate for the characteristics of the study to be carried out.

Thus, cross-validation (CV) was implemented in such a way that the
training data is divided into ten random subgroups, each of which rep-
resents a fold. Each model is then trained on nine folds and then vali-
dated ten times on the remaining fold, with the validation fold changing
each time. The standard deviation and mean prediction score are
determined using the 10 scores generated by CV.

Regarding the evaluation of the performance of the models, it can be
done using various metrics. In this sense, it must be said that this work
does not focus on comparing the possible applicable models, since the
objective is simply to test some of them to see if precisions are obtained
that can be considered sufficient to affirm that they can provide
reasonable guidance on the level of the foreseeable damage. Thus, this
study focuses fundamentally on the analysis of the confusion matrix,
since it is a classification-prediction and therefore other metrics really
correspond better to other models that are not the object of study.

3. Results

For the development of this section, it has been taken into account at
all times that the study focuses on finding out if it is possible to predict
the degree of damage to buildings considering only those selected
environmental factors whose data can be obtained in virtually any
circumstance. On the other hand, it is also intended to find out if, with
ML algorithms for multivariate supervised learning, it is possible to
achieve a reasonable level of accuracy in predicting the degree of
affectation, training these algorithms with a low-density dataset made
up of buildings with similar characteristics in a restricted territorial
area.

Thus, after indicating in table 1 the most influential factors and
among them the easiest to obtain, table 2 specified based on which
calculations and initial data the final data used in the models were
deduced.

Therefore, Fig. 4 shows the most outstanding factors and the casu-
istry studied.

Thus, regarding the minimum distance from the building to the bank
of the riverbed when it has its maximum ordinary level, in Fig. 5A), this
distance can be seen for each dwelling, the furthest being 1549.61 m,
and the closest to 29.03 m, and the average of 431.48 m. Regarding the
unevenness between the level of the ground floor of the building and the
height of the maximum ordinary level of the river, in Fig. 5B), this un-
evenness can be seen for each dated dwelling, the lowest being —58 ml
below the level of the river, and the highest at 410 ml, with the average
being —6.44 ml. There is also a clear predominance of buildings located
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Table 2
Data collected that is more readily available.

Item Date

Building location. Postal address of the building or buildings.

Latitude.

Length.

Height above sea level (m) of the ground floor of

the building.

Latitude.

Length.

Height above sea level (m) of the level of

maximum ordinary flood.

Interest factors. A)  Minimum distance from the building to
the bank of the riverbed when it has its
maximum ordinary level (Haversine
formula).

B)  Unevenness between the level of the
ground floor of the building and the
maximum ordinary level of the river.
(Measured considering the point of the
minimum distance between the building
and the river)

Q) Existence of possible water
communication between the building and
the river in case of flooding, regardless of
the existence or not of defense elements.
Damage level of the building.

Location of the nearest
channel at its maximum
ordinary flood level.

Result

at a lower level than the maximum ordinary level of the river. Regarding
the level of communication (low, medium, high) of the buildings with
the river, in such a way that in case of overflow the water can reach
them, Fig. 5C) shows the levels of each case. As can be seen, the number
of cases chosen from each level of affection is balanced, that is, practi-
cally equal to each other, which is an important issue for the subsequent
use of ML algorithms and obtaining correct results that do not fit simply
to the frequency of cases.

On the other hand, Fig. 6 shows the relation between the level of
affection and A) the minimum distance in meters between the building
and the canal; B) the difference in elevation (meters) between the
elevation of the ground floor of the building and the ordinary maximum
flood elevation; C) the level of communication (1 low, 2 medium, 3
high) of the buildings with the river in such a way that in case of
overflow the water can reach them. Several interesting evidences can be
seen in this figure. For example, all buildings with high affection are less

Casuistry

A) Distance from the building to the riverbed

B) Unevenness between the level of the
ground floor of the building and the
height of the level of the maximum
ordinary flood

Sustainable Cities and Society 88 (2023) 104251

than 600 m from the river and those with medium damage are less than
700. It can also be seen that in buildings that are above the level -+0.00,
their affection is usually medium or low, and from —2, —3 m it is only
low. Finally, regarding the existence or not of water communication
between the river and the building, it usually coincides with medium or
high levels of affectivity in the first case and low or punctually medium
in the second. These one-off anomalies maybe because it is a very
prominent overflow or because a simple basic communication may
cause more damage than expected.

Also, correlation analysis of the data was carried out to understand
the relationship between the input and the output parameters table 3
shows the correlation matrix obtained for the parameters.

Thus, the positive Pearson coefficient is 0.706 (communication-
affection) that contribute as important factor to the severity of the
damage of the building in case of flooding. The distance to the river and
the difference in level between its usual channel and that of the ground
floor of the building have a negative correlation value of —0.442 and
—0.462, respectively. The correlation may be linked to a decrease in the
degree of the severity of the damage when there is a long distance or the
difference in level is very large.

Correlation analysis gave insight into how different input parameters
correlate with the dependent variable. Although some parameters have
a minor impact on the target variable, all parameters have been used as
input because they do not contribute to the computational complexity of
the model.

From the results, it can be inferred that the existence or not of a direct
communication of the water from the river to the building and the ex-
istence or not of defenses have the maximum impact since they have a
positive correlation with respect to the level of affection of the building.
With all this information, tests have been conducted by training various
well-known machine learning algorithms, using the cross-validation
technique, and 10 folds. For them, the R tool (R Foundation. The R
Project for Statistical Computing, 2022), Weka (Hall et al., 2009), Knime
(KNIME | Open for, 2022 ) and RapidMiner (University of Dortmund,
2001) software have been used fundamentally. Of all the models tested
(K-NN Nearest Neighbour Model, Naives Bayes, Random Forest,
Gradient Boosted Trees, Rule Induction, among others), the "Decision
Tree" was the only one that offered in validation accuracy of <80%
(Percentage of correct predictions with respect to the total number of
cases-predictions).

The complete results applying the cross-validation in the "Decision
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Fig. 4. Factors and the casuistry studied.
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Fig. 5. A) Minimum distance (ml) from the building to the bank of the riverbed when it has its maximum ordinary level; B) Unevenness or the difference (ml)
between the level of the ground floor of the building and the maximum ordinary level of the river; C) Level of communication (low, medium, high) of the buildings
with the river in such a way that in case of overflow the water can reach them.
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between the level of the ground floor of the building and the maximum ordinary level of the river; C) the level of communication (1 low, 2 medium, 3 high) of the
buildings with the river in such a way that in case of overflow the water can reach them.

Tree" model can be seen in Table 4. 4. Analysis and discussion

For the purposes of the validation results, Table 5 shows the "accu-
racy" and other data of interest obtained directly from the "Decision In the first place, it is necessary to comment that climate change is
Tree" model, and applying the cross-validation. affecting the water cycle (Da Silva, Alencar, & de Almeida, 2022; Pour
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Table 3
Correlation matrix of parameters.
Distance  Difference ~ Communication  Level of
affectation
Distance 1 0.1 -0.61 —0.442
Difference 0.1 1 —0.035 —0.462
Communication —0.61 —0.035 1 0.706
Level of —0.442 —0.462 0.706 1
affectation

et al., 2020), and, in general terms, extreme events are occurring with
increasing frequency, for example, in the case with heavy downpours,
which increase the risk of flooding.

On the other hand, it should be noted that it is possible to harbor
certain doubts regarding the sample size since it is a low-density data
set. However, this does not mean that this research is not useful since it is
research carried out in a specific area with certain characteristics of the
buildings and climatic conditions. Therefore, it applies to this specific
area, being of great interest to the methodology to carry out similar
studies in other settings with other characteristics.

Focusing the analysis on the results, if these are compared when
cross-validation is being applied with those produced without it, it can
be deduced that it is a correct and reliable validation, since without it the
"accuracy" is 95.5%, that is, too close to 100% to be true, thus casting
doubt on whether it really reflects the real performance of the model. On
the other hand, with a validation carried out by dividing the data into
70% training and 30% validation, the "accuracy" is 76.67%. However,
due to the reasons and documentation exposed in Section 2.5, on the
advantages of applying cross-validation, which yields an "accuracy” of
81.09% -+/- 13.77%, it can be concluded that these last results better
reflect the real performance of the chosen "Decision Tree" model.

Thus, the "Decision Tree” accuracy (Percentage of total correct pre-
dictions with respect to the total number of predictions) and the Kappa
could be said that they are acceptable values, since if higher values are
desired, the number of cases would have to be increased and this is
sometimes not possible since the number of cases is usually limited as it
is a very specific area and similar buildings. As for the rest of the metrics,
it is understood that there is nothing especially remarkable, being the
linear relationship and the connection greater than 0.85, and the error
metrics in accordance with the "accuracy".

Regarding de result from the observation of the resulting tree, it can
be deduced that if there is no clear evidence of water communication
between the building, the level of damage is medium or low and it will
be one or the other depending on the difference in level with the river.
On the other hand, in the event that there is clear communication, if the
ground floor of the building is more than 5 m above the highest level
that the river usually has, the impact will be low. If this is not the case
and it is less, if the unevenness is less than 5.5 but greater than 0.5 m,
then the affection will be low if the distance is greater than 448 m and
medium if it is less than that distance. On the other hand, if the un-
evenness is less than 0.5 m, the affection will be medium level if the
distance is greater than 572 m and if it is less than this distance, it will be
high affection, unless the unevenness is >—7.5 m or the distance <134
m.

Regarding the confusion matrix and the analysis of the result of each
class, it is detected that for the cases of "low and high affection", both the
"recall" and the "precision" are greater than for the class of "medium
affection”. In this sense, it should be noted that in the case of "high
affection” they are close to 90% (recall and precision=88,24%). This
circumstance is of great importance since this class is the most inter-
esting to predict as it is the one that does the most damage.

In short, it is observed that a decision tree such as the one proposed is
of great interest to find out the classification in three levels of affectation
of future ones, at least for a certain area such as the one studied and for a
typology of buildings and similar environment.
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Table 4
Results of the application of machine learning algorithm “Decision Tree” with
cross-validation(University of Dortmund, 2001).

Training Metrics and
Model Results

Accuracy: 81.09% +/- 13.77% (micro average: 81.19%)
Classification_error: 18.91% +/- 13.77% (micro average: 18.81%)
Kkappa: 0.715 +/- 0.207 (micro average: 0.718)
Weighted_mean_recall: 80.83% +/- 13.82% (micro average: 81.22%), weights: 1, 1, 1
Weighted_mean_precision: 83.00% +/- 12.83% (micro average: 81.11%), weights: 1, 1, 1
Spearman_tho: 0.889 +/- 0.092 (micro average: 8.892)
Kendall_tau: 0.853 +/- 0.110 (micro average: 8.525)
Absolute_error: 0.209 +/- 0.121 (micro average: 0.208 +/- 0.331)
Relative_error: 20.87% +/- 12.05% (micro average: 20.82% +/- 33.13%)
Relative_error_lenient: 20.87% +/- 12.05% (micro average: 20.82% +/- 33.13%)
Root_mean_squared_error: 0.360 +/- 0.164 (micro average: 0.391 +/- 0.000)
Squared_error: 0.154 +/- 0.116 (micro average: 0.153 +/-0.314)
Correlation: 0.879 +/- 0.095 (micro average: 0.859)
Squared_correlation: 0.782 +/- 0.159 (micro average: 0.738)
Margin: 0.170 +/- 0.264 (micro average: 0.170)
Soft_margin_loss: 0.209 +/- 0.121 (micro average: 0.208)
Logistic_loss: 0.386 +/- 0.043 (micro average: 0.386)

TREE

Decision tree  Evident-water-communication =No
| Difference-level-building-river > -20: Low {Low=26, Medius
| Difference-level-building-river <-20: Medium {Low=0, Medium=:
Evident-water-com =Yes
| Difference-level er >5.500: Low {Low=3, Medium=0, High=0}
Difference-level- 5.500

500
Low {Low=2, Medium=0, High=0}
Medium {Low=2, Medium=15, High=0}

0
5: Medium {Low=0, Medium=2, High=0}

| | Distance-building-r .
| | Difference-level-building-river > -7.500: Medium {Low=0, Medium=10, High=0}
| | Difference-level-building-river <-7.500: High {Low=0, Medium=1, High=2}

| Distance-building-river < 173.590

| ng-river > -0.500

| ver > 134.185: High {Low=0, Medium=0, High=2}
| ver < 134.185: Medium {Low=0, Medium=3, High=1}
| | Difference-level-b iver <-0.500: High {Low=0, Medium=0, High=12}
Difference-level-building-river < -12: High {Low=0, Medium=0, High=17}
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*
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DEFINITIONS:

TPs/TNs/FPs/FNs: True Positives / True Negatives /False Positives/False Negative. When is a Multi-Class.
Classification (not binary), like the case of study, what has to be done here is to find TP, TN, FP and FN for
each individual class.

Accuracy: Percentage of correct predictions (referred to the total number of predictions). The higher the
better. However, the “Precision” in a i ML the i ip (in %) between a prediction
of a class (for example, the prediction of low damage) and the total number of real cases related to said
prediction. On the other hand, the “Recall” represents the relationship (in %) between the true cases of a class.
(for example, the cases in which minor damage actually occurred) and the number of correct or incorrect
predictions for said true case.

Classification error: Percentage of incorrect predictions. The alter ego of accuracy. The lower the better.
Good results are considered below 10%. However, other issues must be taken into account.

kappa: Statistical measure of adjusting for the effect of chance on the observed proportion of agreement. It
takes into account that the correct prediction occurs by chance. Therefore, its result is usually of interest.
Precision: Only matrix rows because, in the case study, it is calculated for each individual class. It is
calculated=TPs/TPs+ another values only in the corresponding row.

Recall: Only matrix columns because, in the case study, it is calculated for each individual class. It is
calculated=TPs/TPs+ another values only in the corresponding column. It is considered that the model is
better the higher the precision and the recall (sensitivity) for all classes. If the model in some class does not
achieve high precision or recall, it would be interesting to analyze the causes.

Weighted mean recall; The weighted average of all recall measurements by class. Interesting to analyze
how recall behaves in general.

Weighted mean precision: The weighted average of all precision measurements by class. Interesting to
analyze how precision behaves in general.

Spearman's rho: measure of the linear relationship between two variables (tag attribute and predict
attribute).

kendall_tau: rank correlation between the actual and predicted labels.

Absolut error (Ae): Average absolute deviation of the prediction from the actual value.

Relative error: “Ae” divided by the actual value.

Relative error lenient: “Ae” divided by the maximum of the actual value and the prediction

Root mean squared error: averaged of measure of differences between values predicted-values observed.
Squared error: average squared difference between the estimated values and the actual value.
Correlation: correlation coefficient between the label and prediction attributes

Squared correlation: he squared correlation coefficient between the label and prediction attributes

Cross entropy: the sum over the logarithms of true label's confidences divided by the number of examples.
Margin: he minimal confidence for the correct label.

Soft margin loss: average of all 1 - confidences for the correct label.

Logistic loss: average of In(1+exp(-[conf(CC)])) where 'conf(CC)'is the confidence of the correct class. It is
the negative average of a log of accurately predicted probabilities and indicates the extent to which the
icti ility is similar to its respective actual value.
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Table 5
Results of main metrics for validation: A) direct; B) with cross-validation.

Metrics Direct Results applying cross-
results validation

Accuracy: 95,5% 81.09% +/- 13.77%

Classification_error: 4,95 18.91% +/- 13.77%

kappa: 0,926 0.715 +/- 0.207

Weighted_mean_recall: 95.04% 80.83% +/- 13.82%

Weighted_mean_precision: 95.12% 83.00% +/- 12.83%

5. Conclusions

One of the most interesting and novel issues of this study is related to
the methodology presented, which focuses on simplifying the input data,
in such a way that they are easy to obtain, based on key factors and
limiting the scope to buildings of a typology similar in an area of location
also of similar characteristics with respect to the environment of a
certain pluvial channel. Since most of the studies in this field are based
on the collection of an enormous amount of data, many of which are
difficult to obtain, it is understood that this is an innovative
contribution.

Thus, the results indicate that with few data, relatively simple to
obtain, such as the minimum distance from the building to the river, the
difference between the level of the ground floor of the building and the
maximum ordinary level of the river, and the existence of possible water
communication between the building and the river in case of flooding, it
is possible to synthesize the prediction analysis of the condition in a
given area with suitable algorithms ML, highlighting the need to avoid
communication as one of the most important factors when it comes to
improving the vulnerability of buildings. On the other hand, the model
still has limitations since it deals with specific buildings in a certain area
with similar characteristics. To generalize the model, it would be
necessary to increase the cases in other territories with other charac-
teristics and architectural typologies. However, it is understood that the
results are of interest to advance in the intended prediction and to
deploy strategies and policies that allow them to be used, given their
simplicity, to mitigate the damages or to calculate them for future in-
surance compensation or aid or subsidies to the General State Admin-
istration or to make decisions related to contracting an insurance policy
at the time of quickly recovering from the economic damages that
impact in the dwellings, having adequately calculated the values to be
insured.
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