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ABSTRACT 

Landslide inventories are crucial for risk management and for developing and validating susceptibility and hazard 

models. Traditional methods, like visual interpretation of aerial photos and satellite imagery, field mapping, 

topographic surface interpretation, and literature reviews, are often time-consuming, costly, and subjective. 

Automated methods are becoming more important for saving time and resources. In this study, we used an 

Artificial Neural Network (ANN) classification algorithm to detect landslide scars caused by rain events in 

Mariana, Minas Gerais, Brazil. Input parameters included the slope from local topography and products from 

change detection techniques using Sentinel-2 images taken before and after the landslides. These images provided 

data on visible and near-infrared spectral bands and four vegetation indices. Sixteen ANN models were trained 

using various dataset configurations in binary point formats representing landslide and non-landslide data. The 

optimal dataset included 25 points on five pre-selected landslides and 50 non-landslide points from diverse land 

uses. This model achieved 89.41% precision, 90.48% sensitivity, and an F1-Score of 0.8994. These results were 

derived by comparing 84 landslides in a restricted portion of the study area and juxtaposing individual landslide 

detection using the automated model with a manually created inventory based on high spatial resolution images 

from a Remotely Piloted Aircraft System (RPAS) and fieldwork. The automated inventory matched well with the 

manual inventory, demonstrating the effectiveness of the ANN in quickly, safely, and cost-effectively detecting 

landslides using free satellite images and open-source machine learning tools. 
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I. INTRODUCTION 

Landslides are geodynamic processes involving the deformation and movement of soil, rock, debris, or 

a combination of these materials, along one or more surfaces, moving downward and outward from a 

slope [1–3]. These events occur when the resisting forces of the materials are surpassed by gravitational 

forces or a combination of gravitational forces and other agents [2,4], which may include triggers such 

as earthquakes, volcanic eruptions, or intense rainfall. Landslides pose significant damage risks in 

mountainous regions [5,6] and are considered the second most destructive natural hazard globally, 

following earthquakes [7]. 

The starting point for defining strategies aimed at risk management and minimizing natural landslide 

disasters involves the preparation of inventory maps [8,9]. This process is also fundamental for 

developing and validating reliable predictive models of susceptibility, hazard, and risk, as it provides 

key data such as the spatial distribution, geometry, and extent of landslides [10,11]. The development 

of inventories initially seeks to identify and locate the morphological features left in past records 

[12,13], allowing for the later addition of more detailed information when available [14,15].  

Various techniques are employed to create landslide inventories, including field surveys, historical 

record analysis, photo interpretation of analog or digital aerial images, and satellite image interpretation, 

which may be used individually or in combination [16,17]. With advancements in remote sensing and 
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digital image processing, automatic and semi-automatic methods for detecting landslide scars have 

become increasingly important in inventory development [18–21]. Among these techniques, machine 

learning (ML) models have been widely used in landslide-related studies owing to their high robustness 

and predictive capacity [22–24]. The most commonly used algorithms in this context include support 

vector machines, artificial neural networks (ANN), random forests, and decision trees, in addition to 

deep learning techniques and ensemble models [25–28].  

However, these approaches are still underexplored in the academic literature, particularly in the context 

of landslide inventorying, and often present limitations, such as issues related to the access and cost of 

orbital images, methodological complexity, and the heterogeneity of the investigated terrains. 

Therefore, the primary aim of this study is to develop a straightforward, free, effective, and reproducible 

methodology for the automatic identification of landslide scars, focusing on the production of landslide 

inventories to bolster predictive statistical models (susceptibility, hazard, and risk). In this study, we 

employed certain spectral indices in conjunction with an image change detection technique to generate 

independent input variables. We further examined the impact of the number of landslides on the input 

dataset and the optimal ratio between landslide scars and the remaining study area. The methodology 

was devised to compile landslide inventories swiftly and dependably in regions with significant 

variability in spectral signatures owing to land-use changes. 

This article is structured into five sections, starting with this introduction. The next section details the 

study area, followed by the description of the material and methods in Section 3. Section 4 is dedicated 

to the presentation and discussion of the main results. Finally, Section 5 offers the conclusions of the 

study. 

II. STUDY AREA 

The study area encompasses 52 km² and is in the southeast region of Brazil, specifically in the 

municipality of Mariana, state of Minas Gerais. The terrain is mountainous, with elevations ranging 

from 486 m to 938 m and an average slope of 21°, which can reach up to 69° locally. The climate is 

humid, with an average annual temperature ranging between 19.5°C and 21.8°C and precipitation 

concentrated in the summer months. Local land uses and occupations are diverse, with natural 

vegetation of many sizes, including bare soil, rivers, roads, urban areas, pasturelands, and agricultural 

fields. Most of the landslides identified in the study area occurred during a rainfall event in February 

2020. According to records from the Brazilian Center for Monitoring and Alerting of Natural Disasters 

[29] and the Brazilian Water Agency [30], approximately 161 mm of rain accumulated in the study area 

between February 7 and 13, 2020, with 111 mm recorded on the previous day. This day had the highest 

number of landslide-related occurrences in the region, as reported by the Municipal Civil Defense. 

III. MATERIAL AND METHODS 

The objective of this study was to develop a straightforward, rapid, efficient, and cost-free method for 

creating landslide inventories using parameters derived from local topography (slope) and change 

detection in images obtained from Sentinel-2 products (visible and near-infrared spectral bands and the 

NDVI, EVI, GRVI, and GNDVI vegetation indices). For this purpose, we trained ANN models to 

classify the study area using exclusively open-source tools, such as Orange Data Mining (ODM) version 

3.34 [31] for ML and QGIS version 3.12.3 [32] for geoprocessing. 

3.1. Input Datasets 

We selected products derived from Sentinel-2 mission images from the European Space Agency. This 

choice was motivated by the fact that these images were free, orthorectified, and had a spatial resolution 

suitable for identifying most landslides in the study area. Additionally, Sentinel-2 images are 

extensively utilized in academic research for a wide range of applications, including agricultural 

monitoring, vegetation analysis, and land use classification [33–35]. The mission consists of a 

constellation of two satellites in polar orbit with a 180° phase difference between them, temporal 

resolution of five days, and multispectral optical sensors capable of sampling 13 spectral bands [36,37]. 
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In this study, we focused on the blue (B2), green (B3), red (B4), and near-infrared (B8) bands, which 

have a spatial resolution of 10 m. 

Based on the landslide event that occurred in February 2020, we sought images with minimal cloud 

interference, which is a challenging task, especially in mountainous areas with high humidity following 

extreme events, such as earthquakes or heavy storms [38]. Obtaining image pairs for change detection 

with almost no cloud cover is challenging [39]. In this context, we selected two Sentinel-2 products 

with cloud coverage below 4.7%: one image from November 5, 2019, prior to the landslide occurrence, 

and another from April 28, 2020, after the event. The images were classified as Level-2A, bottom-of-

atmosphere, and were chosen for atmospheric correction to ensure a more accurate representation of 

reflectance on the land surface. 

We extracted four vegetation indices from the acquired images: NDVI [40], GNDVI [41], GRVI [42], 

and EVI [43]. Landslide scars were identified by analyzing changes in these vegetation indices over 

time. High values of these indices indicated healthy vegetation, while low values suggested stress or 

absence of vegetation, a common feature of recent landslides [44]. It is important to note that other 

studies have similarly employed vegetation indices for automated landslide mapping [45,46]. 

The change-detection technique [38,47,48] was used to obtain the majority of the input features for the 

developed models. Thus, we subtracted the pixel-by-pixel values of the products from November 5, 

2019 (prior to the event) and from their corresponding products on April 28, 2020 (post-event). This 

technique was applied to the four vegetation indices (NDVI, EVI, GNDVI, and GRVI) and the four 

Sentinel-2 bands (B2, B3, B4 and B8). In addition to the features extracted from the change detection 

technique, we incorporated a 10 m spatial resolution slope raster, derived from pre-failure topography 

into the models. This inclusion is warranted as slope is recognized as a critical factor for landslide 

occurrence [49,50] and serves as a refinement criterion for model classification. Therefore, slope is an 

essential parameter for separating areas that exhibit land-use alternations in regions of low inclination, 

such as agricultural areas that seasonally alternate between vegetation and bare soil. 

To ensure that no features gained undue significance during the processing phase, data normalization 

was conducted. This step was critical in preventing scale differences between the input variables from 

affecting the learning capabilities of the models. 

To deepen our understanding of the operations and choices made by the models, we assessed the 

relevance of the input parameters using the Gini Index (GI) [51], a widely used metric in the field of 

machine learning [13,52]. The GI values assigned to each parameter were derived from global 

assessments that considered the averages of all the developed models. This approach provides a 

comprehensive and well-founded insight into the influence of attributes on the decision-making process 

of models, thus solidifying our understanding of the process. 

3.2. Artificial Neural Network 

An Artificial Neural Network (ANN) is a nonparametric supervised learning classification method 

introduced by McCulloch and Pitts [53]. In this study, we utilized a multilayer perceptron ANN 

algorithm with backpropagation. This powerful algorithm is effective for landslide analysis [54] and 

can learn nonlinear models through a feedforward network consisting of input and output layers, along 

with one or more hidden layers containing a sufficient number of neurons [13,55]. The configurations 

of the ANN algorithm used in this study were optimized to make the best use of available resources, 

ensuring that the models achieved high operational performance. 

To reduce the risk of overfitting and maintain simple models without increasing computational costs, a 

single hidden layer of neurons was adopted, with the number determined by equation  

𝐻 ≤ 2𝑛 + 1, as proposed by Hecht-Nielsen [56], where 𝐻 = number of neurons in hidden layer, and 𝑛 = 

number of input parameters. Given the incorporation of nine input parameters into the models, the 

number of neurons in the hidden layer was set to its maximum value, totalling 19. 

A rectified linear activation function (ReLu) was used as the activation function [57,58]. This function 

is one of the most widely adopted activation functions in ANN training due to its simplicity and ease of 

computation [59,60]. For the optimization process, the Adaptive Moment Estimation (Adam) optimizer, 
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introduced by Kingma and Ba [61], was used to properly calibrate the weights associated with the 

neurons, aiming for a systematic minimization of the prediction error. Compared to other optimization 

algorithms, Adam offers superior computational efficiency, memory efficiency, and reduced need for 

tuning [62]. Furthermore, Adam is frequently used in ML studies focused on landslide analysis, 

demonstrating better performance compared to other optimizers [63,64]. Finally, an early stopping 

technique was implemented as a regularization strategy to prevent overfitting of the models to the 

training dataset [65,66]. After testing, stopping criteria were established with a threshold of 500 epochs 

and a learning rate of α = 0.5, which proved to be suitable for the effective performance of the models. 

The ANN models were trained for the automated identification of landslides in the study area using 

various configurations of input-dependent variables. Therefore, the number of records with and without 

landslides was varied to assess the performance and precision of the developed models. Records without 

landslides were derived from random points distributed over polygons delineated in areas identified in 

the post-event image. Six distinct zones were identified: high vegetation, low vegetation, water bodies, 

urban areas, burned areas, and seasonally bare soil. 

The records pertaining to landslides originated from five occurrences stemming from a pluviometric 

event recorded in February 2020. The landslides were identified through fieldwork and 

photointerpretation of images obtained by the RPAS. Five occurrences were manually outlined, and 

random points were placed within them. A total of 16 ANN models were trained and categorized into 

four groups based on the number of landslide points used: 25, 50, 75, and 100. The amount of non-

landslide data in each model was determined using a multiplier factor in relation to the number of 

landslides, which varied from 1 to 4. In this context, the proportions of the dependent input variables 

(landslides:non-landslides) were 1:1, 1:2, 1:3, and 1:4. Thus, the number of landslide and non-landslide 

points used in the training of the 16 ANN models was as follows: 25:25, 25:50, 25:75, 25:100, 50:50, 

50:100, 50:150, 50:200, 75:75, 75:150, 75:225, 75:300, 100:100, 100:200, 100:300, and 100:400. 

3.3. Performance Evaluation 

A performance evaluation of the models was conducted by comparing the results achieved with a 

manually crafted landslide inventory meticulously compiled through fieldwork and photointerpretation 

of images obtained via RPAS. This investigation focused on a limited section of the study area, 

indicated in red in Figure 1, where 84 landslides were identified, including one emphasized in the same 

figure. 

 
Figure 1. Study area highlighting the region mapped by RPAS for model performance validation 

Following the manual inventory of landslides, two validation approaches were performed. The first 

approach aimed to evaluate the accuracy of the automatically inventoried landslide geometry compared 

to the manually mapped features in the official inventory obtained through fieldwork and 

photointerpretation. To this end, statistical analyses were conducted to compare the 84 identified and 

mapped landslides on a pixel-by-pixel basis with the inventory produced by various ANN models. The 

quality of the models was assessed using four traditional metrics derived from the confusion matrix, 

namely accuracy, precision, sensitivity, and specificity. 

Additionally, we assessed the agreement of the results of each model using the Kappa coefficient (k), a 

statistical index introduced by Cohen [67], which measures the agreement between two independent 
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classifications. For a clearer interpretation of the results, we adopted the evaluation criteria suggested 

by Landis and Koch [68], which have been used in cartographic studies [69–72]. Kappa values less than 

0 indicate "poor" agreement; between 0 and 0.2, the agreement is considered "slight"; between 0.2 and 

0.4, it is deemed "fair"; between 0.4 and 0.6, the agreement is "moderate"; between 0.6 and 0.8, it 

becomes "substantial"; and values between 0.8 and 1 indicate "almost perfect" agreement. 

The second validation approach was conducted to verify only the ability of the models to identify 

landslides in the form of point features without pixel-by-pixel comparison. The goal was to assess the 

capability of the models to recognize the presence of landslides in the landscape, regardless of whether 

there was a perfect spatial match between the geometries of the automated and manual inventories. This 

approach is justified because most landslide inventories used in susceptibility analyses consist of point-

based geometries [73]. Therefore, true positives, false positives, and false negatives were computed as 

discrete point values. The statistical metrics of precision, sensitivity, and their harmonic mean, known 

as the F1-score, were utilized at this stage. Due to the inability to calculate true negatives, which involve 

area units while the rest of the confusion matrix consists of discrete point values, accuracy and 

specificity were not measurable in this phase. 

IV. RESULTS AND DISCUSSION 

4.1. Assessment of Reflectance Differences Between the Adopted Sentinel-2 Images 

Understanding the complexities and specific characteristics of the study area is crucial for 

understanding the applicability of the parameters used in ML models. Figure 2 presents the spectral 

alterations between the adopted Sentinel-2 images in our study concerning wavelengths across the 

bands of the visible spectrum (blue, green, and red) and near-infrared spectrum. The reflectance 

differences displayed correspond to known targets in the study area and demonstrate their changes in 

areas of high vegetation, low vegetation, burned areas, seasonally bare soil, water bodies, urban areas, 

and landslides. 

 
Figure 2. Spectral signature differences between Sentinel-2 images from April 28, 2020, and November 5, 2019 

The reflectivity differences between urban areas and water bodies were relatively moderate in the four 

analyzed bands, indicating that these targets did not undergo significant changes between the image 

acquisition dates. High vegetation did not undergo significant changes in any of the bands; this was 

because the vegetation in the study area is primarily composed of evergreen trees with dense canopies, 

which are characteristic of humid Atlantic Forest regions [74,75], and did not result in significant 

changes in the reflectance characteristics of this vegetation. 

In contrast to high vegetation, which remained unchanged between the acquisition dates of the two 

analyzed images, vegetative growth was observed in both low vegetation and areas of seasonally bare 

soil, resulting in increased photosynthetic activity and chlorophyll content. These characteristics are 

particularly detectable in the red and near-infrared spectral bands [76,77]. For low vegetation, this 

growth is primarily indicated by an increase in reflectance in the near-infrared spectrum. For seasonally 

bare soil, in addition to the increased reflectance in this spectral range, vegetative growth caused a 

notable decrease in the reflectance across all bands of the visible spectrum, especially in the red band. 
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In the burned area, there was a slight increase in reflectance in the red band and a significant decrease 

in reflectance in the near-infrared region. These changes were attributed to a reduction in vegetation 

owing to fires that occurred between the analyzed periods. This is because charred vegetation has low 

ability to reflect light in the near-infrared range [78,79]. 

The landslides exhibited significant increases in reflectance differences within the visible spectrum 

bands, owing to the displacement of the vegetative cover that previously occupied their areas before the 

development of geodynamic processes. However, for the near-infrared band, there was no large 

variation in reflectance as the soil exposed to the landslides showed similar values to the vegetation that 

previously occupied these areas. The reflectance difference signatures of the landslides and burned areas 

exhibited similar behaviors. Nevertheless, a distinction between these two regions is possible because 

of the higher reflectance values of the landslides. 

One notable aspect is the inverse relationship between the signature differences between areas affected 

by landslides and those with seasonally bare soil, particularly in the visible spectrum bands. It was 

observed that, while vegetative cover for seasonally bare soil increased after the rainy season, vegetative 

cover disappeared in landslide areas. Thus, in the process of change detection, the reflectance values 

found in these areas for the visible spectrum were similar but with opposite signs. This means that if 

landslides occurred during the same period when seasonally bare soil was exposed, the task of 

identifying and differentiating these two soil covers would become challenging, as both would be easily 

confused in manual or automated classification processes. 

4.2. Assessment of Change Detection Products 

Figure 3 shows the normalized results obtained through the application of the image differencing 

technique across the blue, green, red, and near-infrared spectral bands and for the vegetation indices 

EVI, GNDVI, NDVI, and GRVI. Additionally, the GI values for the same spectral bands and vegetation 

indices are displayed in the same figure. 

As indicated in Section 4.1, urban areas, water bodies, and high vegetation did not exhibit significant 

reflectance changes in any of the spectral bands. This was reflected in all image-differencing products 

in which these regions displayed pixel values closer to zero. 

For the visible spectrum bands, particularly red, the greatest discrepancies were observed in the 

landslides and the smallest in the seasonal bare soil, where the landslides exhibited higher pixel values 

and the seasonal bare soil displayed lower values. However, these regions are not easily distinguishable 

when analysing difference images in the near-infrared region. In this spectral range, the reflectance 

differences between landslides and high vegetation were not as pronounced as expected, resulting in 

difficulty in distinguishing these regions. The same occurred in areas with low vegetation and 

seasonally bare soil, which also became confounded due to similarities in pixel values. Conversely, the 

burned area was prominent in the near-infrared difference image, showing the lowest reflectance 

difference values for this band of the spectrum. 

Upon applying the change detection technique to the vegetation indices EVI, GNDVI, NDVI, and 

GRVI, substantial changes, such as increases or decreases in vegetation cover, were highlighted because 

these indices are capable of quantifying the health and quantity of vegetation. Consequently, in the 

different images related to the vegetation indices, the landslide and burned areas were distinguished by 

reduced pixel values, as these regions experienced vegetation loss. Conversely, areas with seasonally 

uncovered soil showed higher pixel values due to vegetative growth in these zones. 

Furthermore, it is important to highlight that the GI results indicate that the visible spectrum bands 

exerted the greatest influences on the developed ML models. Immediately thereafter, the slope 

(GI=0.229), which is not represented in Figure 3, was followed by the vegetation indices, and lastly, 

the near-infrared band. This underscores the significance of the visible spectral features and slopes in 

the decisions made by the models. 

https://doi.org/10.5281/zenodo.13838146


International Journal of Advances in Engineering & Technology, August, 2024. 

©IJAET    ISSN: 22311963 

412 DOI: 10.5281/zenodo.13838146                           Vol. 17, Issue 4, pp. 406-420 

 

 

Figure 3. Normalized results from image differencing for the blue, green, red, and near-infrared bands, and for 

the vegetation indices EVI, GNDVI, NDVI, and GRVI. 

4.3. Performance of ANN Models for Automatic Detection of Landslides 

Using the established input parameters, 16 ANN models were developed for automatic landslide 

inventory. All models achieved accuracy results above 97%, with an average value of 97.41% and a 

standard deviation of 0.05%. Although this metric is widely adopted in many studies, it is highly 

dependent on the ratio of positives to negatives [80]. The results for the specificity, sensitivity, 

precision, and kappa agreement index are shown in Figure 4. The plotted lines represent the models 

created with sets of 25, 50, 75, and 100 points located within the five landslides identified in the field. 

The number of non-landslide points was determined using a multiplication factor relative to the number 

of points in the landslides. The multiplication factors, which range from 1 to 4, are indicated along the 

x-axis in all the charts presented. The y-axis represents the values of the metrics evaluated for each 

model configuration. 

 

Figure 4. Performance metrics for the different ANN models (First validation approach). 
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The high specificity levels observed across all models indicated that the number of false positives was 

substantially lower than the true negative rate, resulting in specificity values above 98.67%. This 

demonstrates that the models performed very well in accurately identifying areas without landslides, 

minimizing the error rate associated with incorrectly assigning landslide features to unaffected regions. 

Similar to the accuracy result, this outcome should be interpreted with caution, as it tends to be 

influenced by the non-landslide area, which is proportionally larger. Therefore, it is recommended to 

evaluate the models performance using precision and sensitivity metrics, which are not influenced by 

the disproportion between landslide and non-landslide points. 

Upon analyzing the precision, it was found that these same false positives constituted a significant 

portion of the positive classifications, reflected in precision values ranging between 70.84% and 

78.78%. This is due to the relatively smaller area occupied by landslides compared to the total non-

landslide area, resulting in false positives having a more pronounced impact on the precision of the 

models than on its specificity. The sensitivity varied between 55.68% and 70.45%, indicating that while 

all models were capable of correctly identifying most areas with landslides, there was a degree of 

omission in the results, indicating that some of the areas affected by landslides were not detected by the 

models. 

However, even the most precise landslide inventory maps typically do not encompass all movements 

that have occurred in a region [16]. Thus, the results are highly dependent on the method used and the 

specialist knowledge of the responsible technician [17,19,81]. Additionally, given that statistical 

landslide susceptibility models aim to identify patterns in the predisposing factors of landslide areas to 

predict future occurrences, minor omissions will not necessarily result in deficient modeling. Therefore, 

while the inventory may not capture all landslide features, it should minimize, whenever possible, the 

identification of false positives. In this context, it is preferable for the inventory to prioritize greater 

specificity over sensitivity. 

In addition to the aforementioned performance metrics, the calculation of the kappa agreement index 

for all models showed that they had a substantial level of agreement, with values fluctuating between 

0.64 and 0.70. Therefore, it can be stated that all models produce automatically generated inventories 

that are spatially similar to the manually compiled inventory. 

Visually, both false positives and false negatives were concentrated at the edges of the identified areas. 

This phenomenon is visually demonstrated in Figure 5, which provides a comparison between 

landslides from the manually constructed inventory and those identified by the model developed with 

25 landslide points and 50 non-landslide points (multiplication factor of 2). The visual analysis in Figure 

5 shows that both false positives and false negatives are particularly associated with the peripheries of 

the manually mapped landslides. 

 
Figure 5. Comparison of landslides identified in the manually constructed inventory and by the model with a 

ratio of 25 landslide points to 50 non-landslide points 

Given that the purpose of the proposed inventory is to integrate it into susceptibility models and 

considering that many such models are constructed using one point per landslide [73,82], the imperfect 

identification of landslide scar edges does not preclude the development of robust susceptibility models 

as long as the reference point is carefully positioned in locations that have been genuinely affected. In 

this context, the precision and sensitivity values were recalculated based on the individual identification 
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of each landslide (Figure 6), rather than a pixel-by-pixel comparison between manually and 

automatically produced inventories. Any intersection between landslides identified manually and by the 

model was considered a true positive entry in the confusion matrix, regardless of the perfect overlay 

between the two. 

 
Figure 6. Precision and sensitivity recalculated based on the individual identification of each landslide 

The precision of the models varied from 79.80% to 94.44%. Models that adopted balanced input data 

ratios between landslide and non-landslide areas exhibited the highest precision scores, exceeding 

92.86%. However, it is important to note that these same models (1:1) recorded the lowest sensitivity 

values, ranging from 77.38% to 83.33%. Such results of high precision and relatively low sensitivity, 

as also found in the works in [24,28], suggest that these models minimize the misclassification of 

features identified as landslides by the algorithm, although they are not capable of identifying all 

existing landslides within the study area. The analysis of the graphs also indicated that increasing the 

number of non-landslide points (1:2, 1:3, and 1:4) used in the model input correlated with an increase 

in false positives and a reduction in false negatives. This pattern translates into a trade-off in which 

models with lower precision exhibit higher sensitivity. This implies that as the models become more 

sensitive to landslide detection, they tend to be less precise due to the increased occurrence of false 

positives. 

There are no established standards for acceptable precision and sensitivity values in the automation of 

landslide inventories using machine learning. However, regardless of the spatial comprehensiveness of 

the landslide inventories, the inventories used to construct statistical models of susceptibility should 

allow for the recognition of patterns in landslides that are used as dependent input variables [49]. Thus, 

inventories must be representative of the phenomenon investigated and cover a significant number of 

events that have occurred in the region. Consequently, although a high precision rate is desirable in an 

automated landslide inventory, it should be balanced with sensitivity, underscoring the importance of 

an adequate and representative inventory for the construction of susceptibility models. 

To assess the trade-off between precision and sensitivity and select a balanced model, the F1-score 

metric can be used. The F1-score provides a harmonic measure that balances the ability to correctly 

identify landslides (avoiding false positives) and detect the highest number of events in the study area 

(avoiding false negatives). The four models developed with a multiplication factor of two for the 

number of non-landslide points (1:2) showed the highest values for the metric, as detailed in Figure 7. 

Although the models achieved similar F1-scores, the standout was constructed with 25 points located 

within 5 landslides, with precision and sensitivity values of 89.41% and 90.48%, respectively. This 

demonstrates that the model achieved a remarkable balance between the ability to make precise 

classifications and effectively identify point landslides in the study area. 

 
Figure 7. Balance between precision and sensitivity assessed with the F1 score metric 
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4.4. Comparative Visualization of Landslide Inventories Generated by the Top Four ANN 

Models Constructed 

The inventories produced by the top four ANN models (25:50, 50:100, 75:150 e 100:200) are shown in 

Figure 8. Although the model constructed with 25 points located within 5 landslides achieved the 

highest F1 score, visually, the four inventories displayed considerable similarities in the locations and 

dimensions of the detected landslides. 

 
Figure 8. Visual comparison of landslide inventories generated by the four ANN models 

Figure 9 highlights a specific region within the study area to emphasize the overlap resulting from the 

top four constructed models. The shaded area indicates congruence among the four inventories 

produced, signaling a common territory identified by all models. Furthermore, Figure 9 illustrates that 

the noticeable discrepancies in the results were primarily situated at the edges of the marked landslides. 

It is evident that the models, when identifying landslides, exhibit remarkable consistency in their central 

regions, but manifest more significant variations at their peripheries or outlines.  

 
Figure 9. Overlap and variations in landslide detection by the top four models 

Thus, the spatial agreement of the predictions also reinforces the competence of this approach in 

efficiently and consistently mapping landslides. Furthermore, if the decision is to develop a point-based 

landslide inventory, as implemented in most statistical susceptibility models, automated landslide 

detection becomes even less susceptible to edge errors. Therefore, the presented automation process is 

valuable and enables the rapid inventory of landslides. It can be applied to the production of regional 

and national landslide inventories, especially in areas characterized by rapid vegetation recovery or 

frequently affected by intense precipitation. This approach is increasingly relevant as climate change 

predicts more intense rainfall in certain areas due to global warming [83]. 

Due to the 10-meter resolution of Sentinel-2 images, the models are limited in detecting small landslide 

scars (< 100m²). This limitation can be overcome by using higher-resolution input raster parameters. 

Moreover, it was observed in the four main models performed (25:50, 50:100, 75:150 e 100:200) that 

the majority of false positives are linked to 100 m² landslide scars, corresponding to a single pixel (10m 

x 10m). Thus, applying a filter to remove scars with an area of 100 m² could enhance the precision of 
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the models. However, filtering would also remove true positives, consequently reducing the sensitivity 

of the models. This approach may prove beneficial and aligns with findings from other authors, 

suggesting that statistical susceptibility models can be developed without complete inventories, 

provided a representative dataset of landslides is used [84]. In summary, the inventory may not identify 

all existing landslides in the landscape, but it should prevent the mapping of incorrect features. It is 

important to emphasize that the application of area filters is specific to both the study region and the 

mapped landslides, with the responsible technician for the inventory making the decision. 

V. CONCLUSIONS 

This study evaluated the applicability of a machine learning tool for the automated identification of 

landslides resulting from rainfall events using free and open-source satellite imagery and an ANN 

algorithm. The results indicate that the employed technique demonstrates competence in automatically 

identifying landslides, showing an effectiveness comparable to that of manual inventorying performed 

through the visual interpretation of aerial images and field mapping. The main conclusions are as 

follows: (1) The difference image technique used in the sampled input parameters proved to be simple 

and efficient for the automatic identification of landslide features in the landscape. The adopted 

approach highlighted landslide areas in contrast to other forms of land use and cover and can be easily 

replicated in other regions. (2) The visible spectrum bands, followed by slope angle and vegetation 

indices, were the most influential parameters in the automatic landslide scar detection models. Near-

infrared change detection proved less influential. (3) Sixteen ANN models were trained with variations 

in the input dataset proportion. The models that adopted a dataset based on a 1:2 ratio of landslides to 

non-landslides (25:50, 50:100, 75:150 e 100:200) produced the best results. (4) Despite the similarity 

observed in validation results of the models, a significant portion of errors was associated with 

delineating the boundaries of landslide features. However, these errors can be mitigated through the 

adoption of point features rather than polygonal ones. This strategy commonly enhances validation 

metrics and is widely utilized in statistically based landslide susceptibility mapping. (5) Although the 

top four developed models exhibited similar statistical and visual results, the model constructed with 

the least amount of input data (25 points within 5 landslides and 50 points outside of landslides) 

achieved the highest precision (89.41%) and the best balance between precision and sensitivity 

(90.48%), with an F1 score of 0.8994. This indicates that for landslide identification in the study area, 

an extensive database is not required, but rather a representative dataset is sufficient.  
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