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Resumen
Introducción: La susceptibilidad a la ocurrencia 
de deslizamientos fue reconocida como un factor 
clave para contribuir a la elaboración de escenarios 
de riesgo y al fortalecimiento del conocimiento sobre 
el riesgo de desastres, lo que respaldó la gestión 
del uso del suelo en áreas urbanas. Un reto de las 
metodologías es contribuir al fortalecimiento de los 
sistemas de alerta temprana.
Objetivo: Se integraron los datos de las variables 
condicionantes para producir el mapa de 
susceptibilidad a deslizamientos en la localidad 
de ‘Rafael Uribe Uribe’, en la ciudad de Bogotá, 
mediante la aplicación de la técnica de Máquinas 
de Vectores de Soporte (SVM).
Metodología: Se utilizó un registro histórico de 
430 eventos ocurridos entre 2008 y 2015, junto con 
variables relacionadas con la topografía, uso del 
suelo, distancia a vías, geología y precipitación del 
área de estudio. Con esta información se construyó 
una base de datos con 12 variables condicionantes. 
Los datos fueron divididos aleatoriamente: el 75% 
se empleó para generar el modelo mediante la 
técnica de Máquinas de Vectores de Soporte (SVM) 
con validación cruzada K-fold y búsqueda en malla 
(grid search), mientras que el restante 25 % se 
destinó a la validación del modelo.
Resultados: Se obtuvo el mapa de susceptibilidad 
de la localidad con un nivel de precisión del 98 % 
utilizando el núcleo RBF y del 97 % para el núcleo 
lineal, validado mediante la curva Característica 
Operativa del Receptor (ROC). La técnica de 
Máquinas de Vectores de Soporte (SVM) fue aplicada 
exitosamente para clasificar las zonas del área de 
estudio en categorías de estabilidad e inestabilidad. 
Conclusiones: Los resultados respaldaron la 
aplicabilidad del Aprendizaje de Máquina en el 
análisis de susceptibilidad, en concordancia con los 
avances promovidos por la comunidad científica 
internacional.

Palabras clave: Aprendizaje de Máquina, 
Máquinas de Vectores de Soporte, Sistemas 
de Información Geográfica (SIG), mapa de 
susceptibilidad, variables condicionantes; Núcleo.

Abstract
Introduction: The susceptibility to landslide 
occurrence was recognized as a key factor for 
contributing to risk scenario development and for 
enhancing disaster risk knowledge, which supported 
land-use management in urban areas. A challenge 
of methodologies is to contribute to strengthening 
early warning systems. 
Objective: Data from conditioning variables were 
integrated to produce the landslide susceptibility 
map for the locality of ‘Rafael Uribe Uribe’ in 
Bogotá, through the application of the Support 
Vector Machine (SVM) technique.
Methodology: A historical record of 430 events from 
2008 to 2015 was used, along with variables related 
to topography, land use, distance to roads, geology, 
and precipitation in the study area. Based on this 
information, a database of 12 conditioning variables 
was constructed. The data were randomly divided: 
75% were used to generate the model through the 
Support Vector Machine (SVM) technique with 
K-fold cross-validation and a grid search, while the 
remaining 25 % were used for model validation.
Results: The susceptibility map of the locality was 
obtained with an accuracy of 98 % using the RBF 
kernel and 97 % with the linear kernel, validated 
through the Receiver Operating Characteristic 
(ROC) curve. The Support Vector Machine (SVM) 
technique was successfully applied to classify the 
study area into stable and unstable zones. 
Conclusions: The results supported the 
applicability of Machine Learning for susceptibility 
analysis, in alignment with the approaches proposed 
by the scientific community.

Keywords: Machine Learning, Support Vector 
Machines; Geographic Information Systems (GIS); 
susceptibility map; conditioning variables, Kernel.
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INTRODUCTION

Landslides are natural phenomena characterized by the displacement of soil, debris, or rock 
under the influence of gravity [1], [2]. These events occur more frequently in mountainous or 
high-slope areas, where the geomorphological and climatic conditions favor terrain instability. 
Its occurrence generates significant social and economic impacts, including human casualties 
and damage to road corridors, urban settlements, and industrial infrastructure [3]. According 
to global records, nineteen triggering factors were identified as responsible for 4862 landslides 
that occurred between 2004 and 2016, excluding events associated with seismic activity. 
Analyses indicate that precipitation represented the predominant causal factor, intervening 
in approximately 79% of the documented cases [4]. Similarly, the database called Global 
Landslide Database (GLS-DAT) reported human casualties from landslides in 128 countries, 
including Colombia, during the period from 1995 to 2014, with data indicating an average 
annual rate of 8877 human losses, which evinces the global magnitude of their impact on the 
population [5].

Precipitation is considered an important factor among the 19 reported factors that contribute 
to the dynamics of landslides. Additionally, climate change in Colombia and the “La Niña” 
(The Girl) phenomenon are incorporated into disaster risk scenarios, as they contribute to 
the increase in precipitation [6], [7]. 

In the city of Bogotá, various types of hazards and disaster risks have been identified, 
notably floods, seismic activity, and landslides [8]. Therefore, it is important to monitor those 
areas susceptible to landslides through methodologies that integrate data made available 
by suitable entities such as the District Institute for Risk Management and Climate Change 
(IDEGER, by its Spanish initials), the Institute of Hydrology, Meteorology and Environmental 
Studies (IDEAM, by its Spanish initials), and the Colombian Geological Survey (SGC, by its 
Spanish initials), among other institutions. This allows improving the early warning systems 
and disaster risk management, for supporting decision-making in the urban development 
planning of the city in aspects such as transportation, land-use regulation, population well-
being, and the coherence of the urban territory [9].

Currently, the IDEGER has the Bogotá Alert System (SAB) which uses hydro-meteorological 
information obtained from a network of meteorological stations. Based on the data log, the 
system reports by using an alert level map that classifies the hazard into three categories. 
Nevertheless, it has been evidenced that the incorporation of statistical and machine learning 
methodologies that integrate spatial information, such as Support Vector Machines (SVM), 
allows for improved determination of landslide susceptibility and strengthens the predictive 
capability of the alert system [10].

Landslide susceptibility analysis is the probability of landslide occurrence in an area, 
which depends on local terrain conditions such as its geomorphology, land cover, land use, 
and geology, and together with triggering factors like precipitation and seismic activity 
that materialize this hazard [11], [12]. Different methodologies have been developed for its 
evaluation, as described in [13], [14]. In [15], it is proposed that all methodologies can be 
grouped into 6 categories, as follows: (i) Classical statistics (logistic regression, discriminant 
analysis, linear regression), (ii) Index-based methods (heuristic analysis), (iii) Machine 
learning (fuzzy logic system, SVM, decision trees), (iv) Neural networks, (v) Multi-criteria 
decision analysis, and (vi) Other statistics.

Statistical learning refers to a set of tools for understanding data; these tools can be 
classified as supervised and unsupervised [16]. The SVM method constitutes a supervised 
technique widely used to predict the occurrence of landslides based on the analysis of spatial 
distribution patterns. Various studies have demonstrated that this approach achieves 
precision levels between 75% and 95% in the prediction of areas susceptible to such events 
[10]. Specifically, SVM considers different kernels [17], which have been applied to the study 
of large mountainous areas considering databases with information on topography, geology, 
soils, forests, and land use, by using Geographic Information Systems (GIS) to generate the 
landslide susceptibility map [18], [19], [20].

Other studies have included a landslide inventory map applied to hydrological basins [21], 
[22], [23], in urban areas with the precipitation triggering factor [24]. Additionally, SVM has 
been used with other machine learning techniques [25], and SVM has been compared with 
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decision trees and neuro-fuzzy models, concluding that the performance of these results for 
the study area is satisfactory [26]. Furthermore, SVM has gained significant importance and 
interest within the scientific community, particularly from the International Society for Soil 
Mechanics and Geotechnical Engineering (ISSMGE) [27].

In Colombia, the city of Bogotá, located in the Eastern mountain range, contributed 25.3% 
to the country’s Gross Domestic Product (GDP) in 2021 [28]. However, this participation may 
be compromised in the future due to the occurrence of landslides in human settlements near 
quarry exploitation zones, on landfills or slopes without appropriate technical intervention, 
as well as riparian zones. In Bogota, 4169 landslides were recorded between 2002 and 2012, 
registered in the localities of Usaquen, Chapinero, Santa Fe, San Cristobal, Rafael Uribe 
Uribe, Usme, Ciudad Bolívar, and Suba [29], [30], [31]. This paper opted for the Rafael Uribe 
Uribe locality as the study area to determine the landslide susceptibility map using the SVM 
technique.

MATERIAL AND METHODOLOGY

Study Area
The urban administration of Bogotá is composed of 20 localities, among which is Rafael 

Uribe Uribe (Fig 1), with the following Zonal Planning Units: San Jose, Quiroga, Marco 
Fidel Suarez, Marruecos, Diana Turbay, and Parque entre Nubes, which present a landslide 
hazard.

From the disaster risk management, reduction measures have been implemented in the 
locality, but landslide events persist, mainly during periods of precipitation. Additionally, 
the unplanned urbanization process as well as the activities intrinsic to the community in the 
locality have led to progressive environmental deterioration, which has altered the stability 
conditions of the hillsides, conditioning the occurrence of landslides [31], [32].

Locality 18 has a population of 353,761 inhabitants (4.43% of the total population of 
Bogota). It covers a total area of 1,383.4 hectares, comprising 115 neighborhoods containing 
1,412 blocks, 191 of which show urban development without any planning in high-risk zones 
regarding the landslide hazard, placing them in high-hazard zones, configured by informal 
settlements. On the other hand, Locality 18 is the third locality in Bogota with the highest 
population exposed to landslides for the year 2017 (26,638 people), preceded by the localities 
of Usaquen with 40,948 people and Ciudad Bolívar with 49,295 [31], [32].

Fig 1. Location of the study area, Locality 18.
Source: Authors.

Data
The database comprises a record of 470 historical landslide events, categorized as soil 

slides, mudflows, and rockfalls. These events, documented in technical sheets that describe 
the location and characteristics of each event for the period 2005-2008, were collected by 
the IDIGER, the local mayor’s office, and the fire department [31]. A subsequent analysis 
of the information showed a strong correlation between the occurrence of these events and 
precipitation records [31].
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The evaluation of landslide susceptibility is based on the data-driven method. Therefore, 
data curation was performed, and initially, 452 events were successfully georeferenced by 
using Google Earth Pro. The data are grouped into three categories: 

1.	 Found Data: Event georeferenced by using Google Earth Pro, where the location 
coincided with the urban nomenclature information recorded in the technical sheet. Total: 
247.
2.	 Approximated Data: Event whose location was approximated by using Google Earth 

Pro, based on the urban nomenclature information recorded in the technical sheet. Total: 
205.
3.	 Not Found Data: Event whose reported location in the technical sheet did not allow for 

a precise determination of its urban nomenclature. Total: 18.

Based on the 452 georeferenced events, the conditional variable of historical events 
representing the Rafael Uribe Uribe locality in the 2008–2015 time period was generated. 
Of the 452 events recorded in this time period, 430 landslide events were identified as 
georeferenced within the area of Locality 18. These events were identified as unstable zones, 
that is to say, places where landslides have historically occurred.

On the other hand, by using the landslide hazard map at a 1:5,000 scale in [31], [32], and 
by defining a criterion of hillsides with a gradient of less than 2 degrees, areas classified 
with low landslide susceptibility were determined. These areas were denominated as stable 
zones, and a random sample composed of 430 locations was obtained. Finally, the stable and 
unstable zones were distributed as shown in Fig 2.

Fig 2. The points represent stable and unstable zones in the locality Rafael Uribe Uribe.
 Source: Authors.

In this study, the following conditioning variables were considered: Digital Elevation Model 
(DEM), hillside gradient, slope aspect, plan and curvature profile, distance to drainages, 
Topographic Wetness Index (TWI), soil loss factor (PS, by its Spanish initials), distance to 
roads, distance to geological faults, geology, and annual precipitation map. These variables 
have a direct or indirect relationship with the evaluation of landslide susceptibility.

The DEM was obtained from the contour line information of Locality 18, by using the Inverse 
Distance Weighting (IDW) interpolation methodology. Subsequently, local depressions were 
eliminated by means of the Fill Sinks Algorithm [33], resulting in the DEM variable with a 
resolution of 14 m. Fig 3.
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The slope variable was obtained from the DEM by means of the Slope algorithm in ArcGIS 
[34] and reclassified into the following seven categories: (1) 0−2◦, (2) 2−4◦, (3) 4−7◦, (4) 7−14◦, 
(5) 14−27◦, (6) 27−37◦, ◦ (7)>37, See Fig 3.

Fig 3. Digital Elevation Model, Slope, Slope Aspect, and Curvature Profile
Source: Authors.

Additionally, information derived from three morphometric variables was integrated into 
Figure 3: slope aspect, curvature (profile and plan), and distance to the drainage network.

The slope aspect, which identifies the direction toward which the terrain surface is oriented, 
was generated by using the Aspect algorithm in the ArcGIS software. Subsequently, the 
resulting variable was reclassified into nine categories: Flat (0) < 0°, North (1) 337.5–360° or 
0–22.5°, Northeast (2) 22.5–67.5°, East (3) 67.5–112.5°, Southeast (4) 112.5–157.5°, South (5) 
157.5–202.5°, Southwest (6) 202.5–247.5°, West (7) 247.5–292.5° and Northwest (8) 292.5–
337.5°.

The terrain curvature (profile and plan) was obtained from the Digital Elevation Model 
(DEM) by using the Curvature algorithm, which considers the concave, convex, or flat shape of 
the surface, as well as the convergence or divergence of flow [34]. The results were reclassified 
into three categories: (-1) < 0 (concave), (0) = 0 (flat), and (1) > 0 (convex), as shown in Fig. 3 
and Fig 4.

Finally, the distance to the drainage network was calculated by using the official hydrographic 
variable, information supplied by IDEAM, by using the Euclidean Distance Algorithm [34]. 
This procedure generated raster information where each pixel is a representation of the 
minimum distance from its center to the nearest water channel, as shown in Fig 4.
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Fig 4. Vector variable of the curvature plan and distance to the drainage network
Source: Authors

In Fig 5., the following information was considered: Topographic Wetness Index (TWI): 
This is a topographic humidity index used to describe the degree of water accumulation for 
an area, (1).

  (1)

Where As is the contributing area and β is the slope angle in radians. [35], [36]. The 
contributing area variable represents the accumulated flow, which is the accumulated weight 
of all cells that flow towards each cell with a descending slope in the output raster [37].

PS Factor: The PS parameter is an erosion-related parameter that represents the soil 
mass loss per unit area. This is calculated as: , where is the contributing area and 
is the slope angle in radians.

Distance to Roads: This variable was obtained from the road network information by means 
of the Euclidean Distance Algorithm from [34].

Distance to Faults: This variable was derived from the geological faults variable (information 
requested from the Colombian Geological Survey), and by means of the Euclidean Distance 
Algorithm from [34].

Fig 5: The vector-type information constructed for soil loss, TWI, distance to geological faults, and the drainage 
network in the locality Rafael Uribe Uribe 

Source: Authors.
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The precipitation variable (Fig 6) was prepared based on records obtained from 
meteorological stations located in the surroundings of Locality 18, information supplied by 
the Institute of Hydrology, Meteorology and Environmental Studies (IDEAM). The data 
corresponds to the annual precipitation averages recorded during the 2008–2015 period. The 
spatial interpolation of the scattered data was performed by using the multi-level B-Spline 
interpolation module [37], with the purpose of generating a continuous surface of precipitation 
distribution. As a result, the following categories were established: (1) 0–50, (2) 50–100, (3) 
100–150, (4) 150–200, (5) 200–300, (6) 300–400, (7) 400–600, (8) 600–800, (9) 800–1000 y (10) 
>1000 mm/year.

The geological variable (Fig 6) was constructed based on sheet 246 from the Colombian 
Geological Survey, with the purpose of representing the main lithological units of the study 
area. The following formations were identified: Pgbos (Bogota Formation), Pgr (Regadera 
Formation), Pgu (Usme Formation), Qal (Alluvial deposits), Qcc (Cone Complex), and Qtb 
(Terraces).

Fig 6. Vector variable of average annual precipitation and Geological variable in the locality Rafael Uribe Uribe.
Source: Authors.

Finally, by using the point sampling tool [33], the DEM variable was transformed 
into a variable of sampling points while preserving its attributes. Then, the conditioning 
variables were intersected to consolidate a database composed of 860 zones in the study area, 
-including stable and unstable zones-, where each pixel contains information for each of the 
12 conditioning variables. (Fig 7).

Fig 7. Grouping of the Conditioning Variables Information 
Source: Authors.
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Support Vector Machines
In 1995, Vladimir Vapnik, along with Corinna Cortes, published the book “Machine 

Learning” with a chapter called “Support-Vector Networks” in which the idea of a new learning 
machine for binary classification problems is introduced. The machine was implemented with 
the following idea: a series of training data, previously classified into two classes, which are 
non-linearly mapped to a higher-dimensional space. In this space, a linear decision surface 
called the decision function is constructed, which separates the data according to its class; 
this allows future, unclassified data to be classified based on this condition [38], [39]; however, 
different cases need to be considered.

SVM Kernel: Non-linear Case
In this case, the data are mapped into a higher-dimensional vector space called the feature 

space. (Fig 8).
Definition: Let  be an input space and let be the feature 

space. A feature mapping is defined, given in (2):

  (2)

Where (xi ) represents a vector in the feature space that contains the non-linear attributes 
[40],[41],[42].

Fig 8. Feature Mapping from X to F [43].

Now, if we apply , the training set in the feature space (3) is obtained: 

      (3)

 For which a linear classification function (T) is desired to be found by means of an 
optimization problem (4):

 (4)

Where is the weight vector, is the bias, and is the error. And along with the dual optimization 
problem in the feature space (5): 

Objective Function:

 Linear constraints: 
 y    (5)
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The dual optimization problem is the same problem as the non-separable case. However, 
this depends on the dot product of the vectors belonging to the feature space  
,

Thus, we have the definition: let  be an input space. A kernel 
is a function  that satisfies (6):

    (6)

Where is a feature mapping from X to F. 
Additionally, the function is symmetric because the dot product is symmetric 

, [43]. Among the kernels to be considered for this paper 
are:

Homogeneous Polynomial Kernel
Let  be the homogeneous polynomial kernel (7).

   (7)

Where q is the degree of the polynomial. This kernel corresponds to a feature space 
composed of all products of exactly q attributes; the most commonly used case is the linear 
kernel (q=1), [40].

Gaussian Kernel:
Let  be the Gaussian kernel, also called the Gaussian Radial Basis Function 

(RBF); it is defined in (8): 

   (8)

Where y is a parameter greater than zero and σ > 0 is the spread parameter. Note that 
k(x,x)=1 , and also that the kernel value is inversely related to the distance between the 
points x and . i.e, if ||x-y|| →0  k(x,y)→1 then ||x-y|| → ∞ and if k(x,y)→0 then .J,[40].

RESULTS AND ANALYSIS

With the consolidated data obtained by grouping the 12 variables, denominated input data 
(Fig 7), the geology variable is found to have categorical values. For the SVM, it is important 
to consider numerical values; therefore, the geological map was converted to a numerical 
representation by using One-Hot encoding [44] (Fig 9), and the same was done for the slope 
aspect variable.

Fig 9. One-Hot Encoding for the Geology variable, which contains 6 categories.
 Source: Authors. 

On the other hand, the input data are normalized by using xnorm= (xi-µ)/σ, where xi is the 
datum, µ is the mean, and σ is the standard deviation, in order to prevent various orders of 
magnitude that may distort the calibration of the SVM model. Subsequent to this procedure, 
the input dataset was divided into two sets known as the training data (75%) and the test 
data (25%), with the aim of training and validating the SVM.
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According to the theoretical framework, Support Vector Machine (SVM) models depend 
on a series of hyperparameters associated with the type of kernel used; therefore, it was 
necessary to define their optimal values through a systematic search process. To this end, a 
grid search was implemented, considering different parameter configurations, which were 
evaluated by using 10-fold cross-validation. In this procedure, the data are divided into 
10 subsets of equal size; in each iteration, one of them is reserved for validation, and the 
remaining nine are used for training, repeating the process until all partitions are covered. 
Upon completion of the iterations, a set of 10 scores is obtained whose average corresponds 
to the model’s overall performance, thus allowing for the selection of the configuration with 
higher predictive efficiency. Finally, the main types of kernels commonly used in landslide 
analysis were evaluated, selecting the linear and Radial Basis Function (RBF) models due to 
their optimal performance reported in literature [44, 45].

Fig 10. Procedure for 4-fold validation.
Source: Authors. 

The parameters selected to perform the grid search were the following: C E [1, 500] with 
steps of 1, and for the RBF γ E [2−17, 0.5000076293945312] with steps of 0.001. The following 
results were obtained. Table 1:

TABLE 1. RESULTS OF THE PARAMETERS FOR EACH KERNEL
Kernel γ Accuracy
Linear 2 - 0.98
RBF 257 0.00200762939453125 0.97

Source: Authors.

Once the parameters were defined, the SVM was implemented. Additionally, the model’s 
performance was validated and tested through the ROC curve, which presents a True Positive 
Rate (TPR) that indicates the model’s successes, -that is, the percentage of the landslide area 
that is correctly classified, (Y-axis)-, and a False Positive Rate (FPR) that indicates that the 
zones identified as unstable by the model are, in fact, stable zones on the process map (X-axis) 
[13], [46]. The Area Under the Curve (AUC) is within the interval [0,1] and represents the 
efficiency of our machine learning [45], [47], [48]. For the SVM model with the RBF kernel, 
98% accuracy was obtained, and for the linear kernel, it was 97%. The ROC confirms that the 
True Positive Rate stabilizes rapidly, providing support for the results obtained in Fig 11.
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Fig 11. ROC Validation.
Source: Authors.

Once the SVM was implemented, the maps showing the landslide susceptibility in the 
locality Rafael Uribe Uribe were determined. By using the database (Fig 7) and the SVM 
models, the areas most prone to being stable and unstable were projected (Fig 12). 

Fig 12. Landslide susceptibility maps for the linear and RBF kernels, classifying the stable and unstable areas. 
Source: Authors.

The landslide susceptibility maps obtained are supported by the assumption that landslides 
are more likely to occur in situations similar to landslides in the past. The SVM, being a data-
driven method, considers the principle of similarity from the geological theory, which allows 
to evaluate the spatial probability of future landslides to occur [49]. A similar condition was 
precipitation, due to its positive correlation with the registered events [31]; therefore, it was 
included as input information for the model.

The SVM shows better performance if the dataset is relatively small, but with large-scale 
data, its performance can be compromised [50]. Furthermore, it may have overestimation 
difficulties for the evaluation of landslide susceptibility [18]. Similarly, considering the 
available data, the model’s accuracy, its robustness, the computational cost, and the clarity of 
the results, it could be considered that the SVM is a viable option for developing the evaluation 
of landslide susceptibility, compared to other data-driven techniques [49]. However, it is 
necessary to keep the susceptibility map updated because it is subject to influencing factors 
such as earthquakes, anthropic activities, alterations in terrain morphology, and intense 
precipitation events. It is also worth noting that the SVM does not consider the internal 
dynamic processes that develop during the landslide, such as hydrological processes.

The SVM, as a binary classifier, depends on the kernel used, but it has the advantage of 
having a unique solution. The RBF and linear kernels were used because they are considered 
the most suitable for classifying stable and unstable zones in a particular study area [45]. 
Nevertheless, future challenges for this paper include incorporating residential land-use 
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information, and also performing a sensitivity analysis of the input variables to identify 
thematic maps with a greater impact on the susceptibility map [20]. Moreover, machine 
learning models inherently contain uncertainty in the input variables, which was not 
considered here. To address this difficulty, hybrid models that manage to reduce uncertainty 
in susceptibility maps should be incorporated [51], [52], [24]. Similarly, there is the absence 
of data, which often results in approximating the locations where the landslide event occurs; 
even so, the data-driven method is very useful, which is valid for logistic regression, SVM, 
and random forest models [53]. Lastly, another challenge is to obtain an output in the three 
susceptibility levels, similar to the report of the SAB early warning system; the foregoing 
represents new opportunities in this line of research. 

CONCLUSIONS

This paper contributes to strengthening knowledge on landslide risk management through 
the application of the SVM method in urban areas, with an emphasis on the Locality 18 of 
Bogotá. This approach constitutes a relevant input for territorial planning and the protection 
of community welfare, by offering an objective tool for the identification of susceptible areas.

The SVM methodology can be considered a potential complement to the Bogota Alert 
System (SAB, by its Spanish initials) currently operating in the city, by providing an analytical 
basis that improves the capacity for prediction and response to terrain instability events. 
Given the advancement rate of machine learning, it is plausible that these methodologies 
will transform risk assessment and decision-making processes in the future, significantly 
impacting preventive management and the formulation of public policies [27].

The susceptibility maps generated for Locality 18 through the SVM binary classification 
achieved success percentages of 98% for the RBF kernel and 97% for the linear kernel, 
which demonstrates a high level of model accuracy. Nevertheless, the effectiveness of this 
methodology can be increased by incorporating the sensitivity of the input variables, the 
analysis of data uncertainty, and the validation of results in the field with the support of 
experts. These actions would allow consolidating the applicability of the SVM as a robust tool 
for risk assessment and management in complex urban contexts.
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