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Abstract  
Landslides in urban areas can cause natural disasters with economic impacts and loss of life. The increase in these 

events is associated with population growth and disorderly urbanization. In Brazil, landslides resulted in 3,758 deaths 

between 1988 and 2022. Mapping susceptibility to planar landslides is vital for preventing and mitigating these 

disasters, and machine learning techniques, such as the Maximum Entropy Model (MAXENT), for example, have 

enabling the analysis and manipulation of large volumes of data, producing quick results with high levels of accuracy, 

becoming a valuable tool for minimizing damage in areas prone to landslides. This study sought to map the 

susceptibility to landslides in the urban area of Bento Gonçalves, RS, Brazil, using MAXENT. To this end, the work 

was divided into three stages: i) identification of scars for model training, ii) mapping of susceptibility to landslides 

and iii) validation of the model. To identify landslide scars, visual interpretation of satellite images made available by 

Planet Scope was used. To map susceptibility to landslides, the MAXENT machine learning model was used. The 

input data were points with landslide scars, visually identified through Planet Scope images. The results showed that 

MAXENT had an overall accuracy greater than 0.94 and the frequency ratio indicated a greater occurrence of scars in 

areas of high and very high susceptibility. Finally, the high potential of the MAXENT model for mapping 

susceptibility to landslides stands out. 
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1. Introduction  
Landslides can cause natural disasters and are observed almost daily in various parts of the world, leading to significant 

economic losses and, in many cases, taking human lives (Huang; Zhao, 2018). In the last three decades, the number 

of natural disasters in various parts of the world has been increasing, mainly due to population growth, which has led 

to unplanned occupation, causing an intense process of urbanization and industrialization (Kobiyama et al., 2006; 

Robaina et al., 2010; Shah et al., 2022). In Brazil alone, a survey conducted by Macedo; Sandre (2022) found that 

3,758 people lost their lives to landslides between 1988 and 2022. Furthermore, in May 2024, the State of Rio Grande 

do Sul experienced the largest climatic catastrophe in its history, with over 420 municipalities affected by floods or 

landslides. A survey conducted by the National Aeronautics and Space Act (NASA) identified more than 5,000 

landslide scars in the state of Rio Grande do Sul in May 2024 alone. The municipality of Bento Gonçalves, located in 

the mountainous region of Rio Grande do Sul, recorded more than 140 landslides that resulted in 09 deaths and 05 

missing persons. 

Slides are landslides that occur on steeper slopes with higher speeds (m/h or even m/s) and are important in the 

evolution of slopes. They have a rupture surface that can be planar, circular (rotational), or wedge-shaped, following 

the structural weakness planes of earthen or rocky masses (Augusto Filho, 1993; IPT, 2014). The landslides discussed 

in this article are planar, typically occurring in shallow, younger soils or surface deposits on high-slope terrain. They 

have a relatively thin profile and a rectangular shape, with length much greater than width (Massad, 2010). 

As a preventive method against landslides, various studies are conducted to map landslide susceptibility, such as 

Wicaksono et al. (2029); Kaminski (2020); Hana et al. (2022) Pathak & Devkota (2022) and in Brazil, Marcelino; 

Nunes & Kobiyama, 2006; Brasil, 2007 and Vanacôr & Rolim (2012); Dias et al. (2018), among others. These studies 

are used as the first preventive measure to reduce the impact of these phenomena in affected communities (Brasil, 

2007). 

Especially since the 2000s, machine learning techniques have enabled the analysis and manipulation of large volumes 

of data, producing rapid results with high accuracy levels. Numerous studies have applied machine learning for 

landslide susceptibility mapping. Quevedo et al. (2019) achieved 94% accuracy by applying machine learning to map 
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landslide-susceptible areas in the Rolante River basin, RS, Brazil. Kornejady, Ownegh, and Bahremand (2017) and 

Ngo et al. (2021) applied machine learning-based techniques to map landslide susceptibility in India and Iran, 

respectively, achieving accuracies above 90%. 

Currently, there are various machine learning models used in diverse knowledge areas. The Maximum Entropy Model 

(MAXENT), for example, is a machine learning model that quantitatively calculates the probability of specific events 

occurring based on environmental indicators (Golkarian & Rahmati, 2018). One advantage of MAXENT is that the 

model allows for the addition of various variables as input layers, such as land use, precipitation, lithology, pedology, 

etc. MAXENT is widely employed in ecological and diversity models; however, recent studies show the model's 

efficacy for landslide susceptibility mapping (Shi, 2022). The general objective of this study is to map landslide 

susceptibility in the urban area of Bento Gonçalves, RS, using machine learning techniques. 

 

1.1 Study area 
This study was conducted in the urban area of the municipality of Bento Gonçalves, located in the mountainous region 

of the State of Rio Grande do Sul (Figure 1). Bento Gonçalves has a population of 123,151 inhabitants and ranks 

among the ten largest economies in Rio Grande do Sul, with notable sectors including furniture, wine, metallurgy, 

transportation, and fruit production (IBGE, 2022). The northern part of the municipality is bordered by the Taquari-

Antas River and the eastern part by the Barracão Stream. Altitudes range from 73 to 759 meters, with an average 

altitude of 626 meters in the urban area. According to INMET (2024), average temperatures range between 27.3°C in 

the hottest month (January) and 8.5°C in the coldest month (July). Average precipitation ranges from 117.8 mm in the 

least rainy month (March) to 185.6 mm in the rainiest month (October). 

 
 

Fig. 1. Location of the municipality of Bento Gonçalves. 

 

The southern region of Brazil does not have seasonality regarding rainfall behavior, and there is a probability of 

extreme rainfall occurring at any time of the year (Barbieri, 2005; Franchito et al., 2008). The work of Teixeira and 

Prieto (2020) evaluated extreme rainfall events in the state of Rio Grande do Sul, which were classified into two 

categories: daily and persistent. Daily extreme events are more frequent in spring and summer, while persistent 

extreme events are more frequent in winter. The spatial distribution of rainfall, in the case of persistent extreme events, 

showed that the eastern half of the state, where the municipality of Bento Gonçalves is located, has a higher frequency 

of persistent rainfall events with a large amount of rainfall. 

 

2. Materials and Methods  
This research was divided into three stages: i) acquisition of landslide scar samples; ii) definition of the layers used in 

the study; and iii) landslide susceptibility mapping. The acquisition of landslide scar samples was based on the visual 

interpretation of Planet Scope satellite images dated June 10, 2024. For this, a meticulous work of identifying landslide 
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scars that occurred in Bento Gonçalves in May 2024 was carried out. For each landslide scar, a point was created at 

the rupture surface, and the geographical coordinates of the location were obtained (Figure 2). A total of 36 landslide 

scars were identified in Bento Gonçalves. These points were used as training samples and subsequent validation in 

the MAXENT machine learning model. Thus, the model was divided into 70% samples for training and 30% for 

validation. The layers used in the study were slope (SRTM 30 meters), distance to highways, distance to first-order 

rivers, distance to lineaments, and slope shape. 

 

 
Fig. 2. Example of the identification of landslide scars used for training and validation. 

 

 

The choice of these layers was based on their widespread use in the literature. Slope, for example, was described by 

Brito et al. (2016) as the most relevant factor for terrain predisposition to landslides in a study conducted in the 

municipality of Porto Alegre. According to the authors, slope is directly proportional to the speed of movement and, 

therefore, to the soil's transport capacity. 

First-order rivers were evaluated by Vanacôr and Rolim (2012) in a study on landslide susceptibility in the northeastern 

region of the state of Rio Grande do Sul. The authors explain that these areas, where surface runoff begins to develop, 

are high-moisture areas and, under conditions of heavy rainfall, can lead to soil saturation and movement. 

In addition to first-order rivers, Vanacôr and Rolim (2012) identified that the distance to highways is also an important 

determinant of landslides, as the road system modifies the natural water flow patterns and the slope shape through 

cuts and embankments. Regarding lineaments, Ramli et al. (2010) mention that this factor constitutes preferential 

paths for water percolation and plays an important role in rock weathering by forming planes of weakness, contributing 

to the reduction of resistance parameters. Pimentel and Bricalli (2023) evaluated the relationship between the density 

of lineaments and the occurrence of landslides in the municipality of Vitória-ES and found a strong association 

between the density of geological structures and the occurrence of landslides. 

Finally, slope shape plays a crucial role in predisposing to landslides, influencing stress distribution, drainage, and 

slope stability. Ohlmacher (2007) identified a strong correlation between slope shape and landslide occurrence. 

According to the author, slopes with planar curvature are the most susceptible to landslides, with concave slopes being 

slightly more susceptible than convex slopes. 

 

To map landslide susceptibility in the urban area of Bento Gonçalves, the MAXENT machine learning model was 

used (Phillips et al., 2006). MAXENT is a machine learning model that quantitatively calculates the probability of 

occurrence of a given event in a study area using Bayesian rule based on environmental indicators, which in this case 

are the variables: slope, first-order rivers, roads and highways, lineaments, and slope shape (Rahmati et al., 2016). 

Kerekes, Poszet, and Gál (2018) emphasize that MAXENT works with three main inputs: 
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i) The location of known presence points. 

ii) A study area. 

iii) Explanatory variables, or covariates, that describe the environmental factors that may be related to presence in the 

study area (Kerekes, Poszet, and Gál, 2018). 

 

The MAXENT model was applied using ArcGIS Pro 3.2 software. For model validation, cross-validation was used 

with the k-fold method (Burman, 1989). In k-fold cross-validation, the scar points are divided into k data subsets (in 

this study, 3 groups were used). The model then trains on two groups, minus one (k-1) of the data sets, and 

subsequently evaluates the model on the data set not used for training. This process is repeated 3 times, with a different 

subset reserved for evaluation (and excluded from training) each time. The model also presents the regression 

coefficient of all explanatory variables used. 

 

3. Results  
The results of the MAXENT machine learning model showed that the omission rate, i.e., the proportion of cases where 

a system fails to detect or report events, was 0.2773. The omission rate refers to the proportion of locations where 

landslide scars were verified but were not correctly predicted by the model as areas of very high susceptibility. It is 

worth noting that a low omission rate (less than 0.30) indicates that the model has a good ability to predict a given 

phenomenon, while a high omission rate (> 0.70) suggests that the model may be underestimating the occurrence areas 

or not adequately capturing the environmental factors that influence landslides. 

The overall accuracy was 0.9403. This measure evaluates the model's overall precision in correctly predicting areas 

with higher landslide susceptibility. This measure is calculated by comparing the model's predictions with the observed 

occurrence data. 

The susceptibility map (Figure 3) of the urban area of Bento Gonçalves was divided into five different classes 

according to the probability of landslide occurrence. The classification intervals of the landslide susceptibility map 

are shown in Table 1. 

 

Table 1. Landslide Susceptibility Classes 

 Very Low Low Moderate High Very High 

Classes 0 – 0.2 0.2 – 0.4 0.4 – 0.6 0.6 – 0.8 > 0.8 

 

 
It was found that 85.4% of the urban area of Bento Gonçalves is located in areas with low or very low landslide 

susceptibility. These areas have gently undulating terrain, with few slopes and intense urban occupation, and are 

distant from first-order rivers, highways, and lineaments. According to IBGE (2024), this area contains 48,654 

buildings, which corresponds to 89% of all urban occupations in the municipality. 

The moderate class corresponds to 9.1% of the urban area and is located in areas with undulating terrain near slopes, 

where first-order rivers are present. This class covers 3,862 buildings, which corresponds to 7% of the buildings in 

the urban area of the municipality. Finally, 5% of the urban area is located in high or very high landslide susceptibility 

zones, encompassing a total of 2,087 buildings. These areas are predominantly located on the edges of the urban area, 

where the terrain ranges from strongly undulating to steep. 
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Fig. 3. Landslide Susceptibility in the Urban Area of Bento Gonçalves, RS, Using Machine Learning. 

 

 

4. Discussion 

 
First, regarding landslide susceptibility in the urban area of Bento Gonçalves, it was found that 5.1% of the urban area 

of the municipality is located in areas with high or very high landslide susceptibility. By cross-referencing data from 

these areas with the number of buildings obtained through the IBGE Demographic Census (2024), it is evident that 

2,087 buildings are located in areas with high or very high landslide susceptibility. 

A study by the Geological Survey of Brazil (Bellettini; Silva, 2015) identified six areas with high and very high 

landslide susceptibility in the urban area of Bento Gonçalves. The total area of these six zones, as delineated by the 

Geological Survey of Brazil (Bellettini; Silva, 2015), is 8.98 hectares. When comparing these areas with the landslide-

susceptible zones identified using MAXENT, a 77.6% overlap was observed, thus demonstrating the high potential of 

the MAXENT machine learning algorithm in delineating areas susceptible to landslides. 

The application of MAXENT for landslide susceptibility mapping is still a novelty in the methodological field 

(Boussouf; Fernández; Hart, 2023). A literature search on the topic reveals that even a review of the literature on 

machine learning and landslides by Ado et al. (2022) does not include the MAXENT approach in its discussions. This 

is evident in Tehrani et al. (2022), who conducted a study demonstrating recent advances in the application of machine 

learning for landslide mapping, excluding the MAXENT model. 

A search in major scientific repositories (Science Direct, Scopus, and Scielo) found only six articles involving the 

MAXENT model for landslide susceptibility mapping. In one of the first studies using MAXENT for landslide 

mapping, Yuan et al. (2017) achieved an overall accuracy of 84.5% when applying the model in Zhaoqing (China). 

The difference in accuracy compared to our study may be attributed to the peculiarities of the study areas or the 

different layers used in the model. In addition to slope, slope shape, distance to lineaments, distance to highways, and 

distance to first-order rivers, Yuan et al. (2017) also used the Normalized Difference Vegetation Index (NDVI), 

precipitation, and lithology. 

Our accuracy results are similar to those found by Boussouf; Fernández and Hart (2023), who applied MAXENT to 

map landslide susceptibility in Almería, Spain, achieving an overall accuracy above 90%. The study by Boussouf; 

Fernández and Hart (2023) demonstrated high precision, highlighting the importance of factors such as slope, 

elevation, and proximity to geological faults as major contributors to landslide susceptibility. 

 

5. Conclusions  
This study aimed to evaluate the application of the MAXENT machine learning algorithm for mapping landslide 

susceptibility in the urban area of the municipality of Bento Gonçalves. Our results highlighted the high potential of 
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MAXENT, achieving accuracies above 0.94. Regarding the areas of the municipality, it is noteworthy that most of the 

urban area of Bento Gonçalves (85.4%) is located in areas of low or very low landslide susceptibility. These areas 

also have the highest urban occupation. Additionally, 9.1% of the municipality's urban area is located in areas 

classified as having moderate landslide susceptibility. Finally, 5% of the urban area of Bento Gonçalves is located in 

areas with high or very high landslide susceptibility. These areas contain 2,087 buildings, which therefore require 

special attention from public authorities. 

The findings of this study underscore the importance of considering landslide susceptibility in decision-making related 

to urban planning and environmental risk management. It is essential to adopt appropriate prevention and mitigation 

measures in the areas identified as high risk, especially those with urban occupations. Furthermore, the results of this 

study can provide support for the development of public policies and strategies for environmental protection, ensuring 

the safety of communities and the preservation of natural resources in the urban area of Bento Gonçalves. 
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