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Abstract: Shallow landslides are one of the most common natural hazards in Brazil and
worldwide. Susceptibility maps are powerful tools to analyze the spatial probability of
shallow landslide occurrences. The outputs of susceptibility maps strongly depend on
the type of landslide inventory used. The aim of this study is to examine the influence
of different inventories on shallow landslide susceptibility modeling using the different
methods LR, SVM, and XGBoost. Three different shallow landslide inventories were com-
piled following a single extreme rainfall event in the Ribeira Valley, São Paulo, Brazil. The
results indicate that inventories generated through different landslide detection methods
and imagery produce diverse susceptibility maps, as evidenced by the calculated Cohen’s
Kappa coefficient values (0.33–0.79). The agreement among the models varied depending
on the specific model: LR exhibited the highest agreement (0.79), whereas SVM (0.36) and
XGBoost (0.33) showed lower numbers. Conversely, the accuracy numbers suggest that
XGBoost achieved the highest success rate in terms of AUC (85–78%), followed by SVM
(82–76%), and LR (80–71%). Inventories obtained through different detection methods,
using distinct datasets, can directly influence the susceptibility assessment, leading to
varying classifications of the same area. These findings demonstrate the importance of
well-established landslide mapping criteria.

Keywords: morphology; spatial agreement; OBIA; satellite imagery; mass movement;
Brazil

1. Introduction
The impacts of climate change and the more frequent occurrence of extreme events

underscore the significance of studying climate-related hazards, such as landslides. The
increasing frequency of extreme rainfall events has resulted in fatalities and economic loss
worldwide [1]. Susceptibility maps are a powerful tool to analyze the spatial probability of
landslide occurrence [2]. Shallow landslide susceptibility maps (LSM) are constructed based
on several conditioning factors and inventories of past landslide events [3,4]. Landslides
often occur under similar geological, geomorphological, hydrogeological, and climatic
conditions as observed in the past, which underscores the importance of considering these
factors for generating LSMs [2]. The conditioning factors encompass various types of data,
including digital elevation model (DEM) derived factors (e.g., elevation, slope degree,
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aspect, curvature), climatic factors (e.g., precipitation), factors derived from river networks
(e.g., stream density, distance to rivers), geological factors (e.g., geology, lithology, distance
to faults), soil property factors, and land cover factors [5]. The landslide inventory is a
crucial dataset, both for training the models and validating the model results.

A large variety of methods can be used for landslide susceptibility mapping. They
can be grouped and classified as multi-criteria methods [6–8], statistical methods [9–11],
geotechnical engineering methods [12–14], and machine-learning (ML) methods [15–18].
ML and statistical approaches have become common to study landslides. Logistic regres-
sion (LR) is one example of a popular multivariate statistical model applied for creating
LSMs worldwide [9,19–23]. ML tools are frequently used for landslide recognition [24,25]
and susceptibility assessment [16,17]. ML is capable of managing large volumes of data
and establishing complex interconnections between the input data [26]. Support vector
machine (SVM) is a popular ML algorithm commonly used in landslide studies. SVM is a
supervised-learning algorithm used for classification and regression tasks [26–28]. Extreme
gradient boosting (XGBoost), another important algorithm, is an ensemble-learning method
based on decision trees, specifically designed for gradient boosting [17,26,28]. ML methods
are widely regarded as robust data-driven models, often achieving higher accuracy com-
pared to other susceptibility methods [17]. However, this is not always the case, and the
present study provides a critical examination, comparing susceptibility maps derived from
various shallow landslide inventories and susceptibility assessment methods.

In the last years, an increasing number of studies have been dealing with the influence
of errors and completeness of inventories in landslide susceptibility assessment [29–33].
Inventories can be constructed by a variety of methods (manual, semi-automatic, and
automatic), being point or polygon-based, and can be classified as historical, event-based,
seasonal, or multi-temporal [3]. Inventories constructed by different agents can influ-
ence the classification accuracy; the classification system used to define the types of land-
slides [34–37] together with visual mapping criteria are also important aspects to consider in
landslide susceptibility assessment [38]. Ensuring a precise location of landslide polygons
or points in inventories is consistently emphasized as essential for generating dependable
susceptibility maps [3,29,30,39,40].

Data-driven models rely on the quality of input data, and different inventories from
various sources influence the outcomes [31]. The study site has an important role in the
susceptibility to landslides, since the heterogeneity of the local geomorphology and geology
impacts the analysis. Environments with low diversity are less affected by less accurate
inventories than more diverse and complex environments [32]. However, the extent of this
influence varies depending on the study site and the quality of the inventory; thus, using
accurate inventories is always preferable.

Rainfall-induced landslides are common in Brazil in the summer season (December
to March) due to the occurrences of thunderstorms. Several high-magnitude events oc-
curred in the last years resulting in social and economic damages: São Sebastião (2023),
Petrópolis (2022), Guarujá (2020), Itaóca (2014), Rio de Janeiro mountain region (2011).
Between 1988 and 2022, 4146 deaths caused by landslides were registered in Brazil, an
average of 118 fatalities per year [41]. In Brazil, the primary entity responsible for financing
risk reduction is the federal government. However, the budget allocated to this sector
has decreased over the past decade. In 2021, the investment budget was 66% lower than
it was in 2013 [42]. The high number of deaths is directly linked to the lack of govern-
mental strategic policies for territorial management aimed at addressing disasters. Out
of every 100 inhabitants, nine reside in locations vulnerable to disasters [43]. Climate
change has introduced numerous challenges globally. In Latin America, these challenges
are compounded by a historical legacy of socio-economic inequalities and environmental



Geosciences 2025, 15, 77 3 of 17

degradation, shaped by its colonial past [42,44]. Therefore, given the significant socio-
economic impact of landslides in Brazil, it is crucial to investigate and assess the application
of manual and semi-automatic methods for constructing landslide inventories and their
influence in susceptibility assessment using different ML and statistical approaches. Thus,
the aim of this study is to examine the influence of different inventories on shallow land-
slide susceptibility modeling using different methods (LR, SVM, and XGBoost) in Brazil.
Different inventory acquisition methods and datasets can directly impact susceptibility
assessment, resulting in diverse classifications of an area.

2. Study Area
The Palmital–Gurutuba watershed (221 km2) is located between the Apiaí and Itaóca

municipalities in the state of São Paulo, southeastern Brazil (Figure 1). Both municipalities
are predominantly rural areas. Apiaí has approx. 25,200 inhabitants and a total area
of 974 km2, and Itaóca approx. 3200 inhabitants in a total area of 183 km2 [45]. The
Palmital–Gurutuba watershed is part of hydrographic unit 11 in São Paulo state, known
as Ribeira do Iguape e Litoral Sul. The study area is characterized by steep slopes and
elevations ranging from 85 to 1194 m above sea level (m.a.s.l.), and it is covered by the
Atlantic Forest. The geology consists of Archean–Proterozoic igneous and metamorphic
rocks, with a predominance of granite [46,47]. The soil types present in the area include
cambisols, leptosols, acrisols, and gleysols [48]. The climate is classified as Cfa (humid
subtropical climate) according to Köppen’s classification [49], with temperatures ranging
from 11–30 ◦C [50].

Figure 1. Location and topography of the study area.

On 12 January 2014, a period of heavy precipitation triggered numerous mass move-
ments in the area. The region exhibits a medium to high susceptibility to debris flows,
which are predominantly triggered by shallow landslides in Brazil [51]. In Itaóca, occur-
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rences of shallow landslides and debris flows were triggered in close proximity to the
city center, causing significant erosion of riverbanks and the displacement of large boul-
ders and logs [52]. Consequently, Itaóca emerged as the area most severely impacted by
landslides [53].

3. Materials and Methods
3.1. Shallow Landslide Inventories

Three different polygon-based inventories were used to produce shallow landslide
susceptibility maps (Figure 2). These inventories pertain to the landslide event that occurred
on 12 January 2014, in Itaóca and Apiaí. For all three inventories, certain criteria were
adopted to identify shallow landslides through image interpretation. These criteria include
the absence of vegetation, drainage network distance, altimetric variation, planar rupture
surface, slope position, shape, and size [33].

The first inventory (INV1) was manually created using freely accessible images from
Google Earth Pro (Figures 2A,D). The most recent images available for the study area were
satellite images from SPOT 5 (with a spatial resolution of 2.5 m) dated 8 October 2014, which
were captured nine months after the landslide event [33]. The second inventory (INV2)
was manually constructed using a RapidEye satellite image (5 m spatial resolution) dated
30 January 2014, captured eighteen days after the event, with five spectral bands (blue, red,
green, red edge, and near-infrared (NIR)) [54] (Figures 2B,E). The third inventory (INV3)
was semi-automatically constructed using the same RapidEye image as for INV2 [25]. An
object-based image analysis approach (OBIA) was applied, using spatial, spectral, and
morphological metrics for the detection and classification of shallow landslides. As it is
common with image classification techniques, results included false positive errors. After a
visual and manual verification, these errors were excluded, and only the shallow landslides
correctly identified by the approach were considered.

Figure 2. Inventories used as input to produce shallow landslide susceptibility maps: (A) manual—Google
Earth images; (B) manual—RapidEye satellite image; (C) semiautomatic—RapidEye satellite image;
(D) zoom of A; (E) zoom of B; and (F) zoom of C.
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3.2. Thematic Variables

A total of seven thematic variables were used (Figure 3), according to their influence
on shallow landslide susceptibility [4,38]. Five variables representing morphological and
hydrological parameters commonly used in susceptibility studies in Brazil (aspect, plan
curvature, elevation, slope, and flow accumulation) [38] were extracted from a 12 m resolu-
tion DEM (TanDEM-X—License number: DEM-HYDR3714), predating the landslide event.
Thus, each final susceptibility map was based on a resolution of 12 m. The lithology map of
the Palmital–Gurutuba watershed (scale 1:100,000) incorporated data from geological maps
created by Faleiros et al. [46] and the soil map (scale 1:250,000) was created by Rossi [48].
These are the best data available for the study area.

Figure 3. Thematic variables: (A) aspect; (B) lithology; (C) soil; (D) plan curvature; (E) flow accumu-
lation; (F) elevation; and (G) slope.
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3.3. Susceptibility Assessment and Models

All inventories were randomly split, resulting in two pair sets of testing (30%) and
training (70%) samples. The models required the same proportion of landslide and non-
landslide samples in training and validation sets. The inventories were constructed based
on three different methods and datasets, which is the reason why the total number of
shallow landslides varied (Table 1). Three different susceptibility models were applied:
LR, SVM, and XGBoost [55]. The final maps were classified into five classes using quantile
breaks: very low, low, moderate, high, and very high. Each susceptibility class contains
an equal number of pixels. The equal distribution of pixels across susceptibility classes
was chosen to facilitate comparison of how different landslide inventories influence model
performance. The analysis was performed using ArcGIS Pro 3.1.2 and R 3.6.3 software.

Table 1. Inventory types, total number or landslide polygons, and number of samples.

Inventory Type INV1 INV2 INV3

Total 1847 1723 1108

Training (70%) 1293 1.206 776

Test (30%) 554 517 332

3.3.1. Logistic Regression (LR)

LR is one of the most commonly applied statistical methods worldwide for landslide
susceptibility [4,19]. However, only a few studies have applied it in Brazil [9,20,23]. LR is a
multivariate model used to effectively analyze the relationship between dependent and
independent variables in landslide occurrence. The dependent variable is categorical (e.g.,
presence or absence), while the independent (explanatory) variables can be categorical,
numerical, or a combination of both [19,56,57]. In this study, the dependent variable
represents landslide occurrence, with a value of 1 indicating a landslide and 0 indicating
non-landslides. The expression for the dependent variable is presented in Equation (1) and
the expression for the probability of occurrence, P, in Equation (2).

z = β0 + β1X1 + β2X2 + · · ·+ βnXn (1)

P(z) =
1

1 + e−z (2)

3.3.2. Support Vector Machine (SVM)

SVM is a supervised machine-learning algorithm proposed by Vapnik [58] based
on statistical-learning theory. SVM is widely applied for landslide susceptibility map-
ping [26,28,57], but it has not been extensively used in Brazil [38]. This algorithm aims
to generate a decision surface that separates two classes, such as landslide and non-
landslide [28]. The SVM algorithm relies on two main principles: the optimal classification
hyperplane and the use of a kernel function [27]. The classification function is presented
in Equation (3).

f (x) = sign

[
n

∑
i=1

αiyiK(x, x1) + b

]
(3)

where x represents the input variables, y represents the output or target vector (with values
of 1 and 0), α is the Lagrange multiplier, b is the offset from the origin of the decision surface,
and K represents the kernel function [28].

The SVM model was configured with the radial basis function (RBF) kernel, which is
suitable for capturing non-linear relationships between landslide occurrence and condition-
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ing factors. The model was regularized using the C parameter, set to 1.0, controlling the
classification error, and the γ parameter, set to 0.3, balancing the influence of individual
data points.

3.3.3. Extreme Gradient Boosting (XGBoost)

XGBoost is based on the gradient boosting principle, incorporating a number of
boosting iterations (n), column samples, and subsamples [26]. It is a powerful supervised
ensemble ML approach that integrates multiple decision tree models to generate a classifi-
cation with higher accuracy through an iterative process [17]. XGBoost combines several
classification and regression tree models using gradient boosting to achieve better model
precision. It aims to minimize the objective function, which is the sum of the loss function
and a regularization term, to control overfitting [28]. The classification function is presented
in Equation (4).

J( f t) =
n

∑
i=1

L
(

yiYit−1 + f t(xi)
)
+ Ω( f t) + C (4)

where Yt−1
i represents the expected value of the t − 1th model for the sample i, ft(xi)

denotes the newly added tth model, Ω( ft) refers to the regularization term, C is a constant,
and the outermost L() represents the error [17].

The XGBoost model was configured with a total of 50 iterations, meaning the model
was trained with 50 trees, and 60% of the training data was used at each iteration, which
helps reduce overfitting. Additionally, 75% of the available features were used for con-
structing each tree, which also aids in preventing overfitting. Regarding the tree depth, the
model used the default setting 6, which is a common choice as it strikes a balance between
underfitting and overfitting.

XGBoost has been widely applied for landslide susceptibility mapping [17,26,28,59]
but it has been not applied in Brazil [38].

3.4. Evaluation of Spatial Agreement

The evaluation of agreement among models derived from different inventories was
conducted using Cohen’s Kappa index [60], a method previously applied in comparing
landslide susceptibility models [9,30]. Cohen’s Kappa, denoted as k, is expressed in the
following Equation (5).

k = (P0 − Pe)/(1 − Pe) (5)

In this equation, P0 represents the probability of observed agreement between two
rasters, while Pe represents the hypothetical probability of chance agreement. A value
of k 0 indicates no relationship between the models, while a value of 1 implies complete
agreement. Cohen’s Kappa was calculated using the r.kappa tool in QGIS.

3.5. Accuracy Assessment

The accuracy assessment of the scenarios was performed using success and prediction
rate curves. They enable the comparison between shallow landslide susceptibility scenarios
by relating testing sets and the area defined as susceptible. These curves are commonly
used for validating landslide susceptibility models [9,11,61,62]. The assessment is based on
calculating the area under the success rate curve and prediction rate curve (AUC). A larger
AUC indicates better performance of the scenario in terms of accuracy.



Geosciences 2025, 15, 77 8 of 17

4. Results
4.1. Comparison of the Inventory Characteristics

The three inventories used were constructed based on different datasets and by differ-
ent methods. As a result, they do not have the same values (Table 2). INV1 has the smallest
values, except for the total number of polygons. INV2 has the largest total area identified,
and INV3 presents the lowest number of polygons. INV3 recognized 27% fewer landslides
than INV2, and the average and minimum areas are similar to INV2.

Table 2. Shallow landslide polygon characteristics.

Characteristics INV1 INV2 INV3

Number of polygons 1847 1723 1108
Total area (km2) 0.81 3.48 2.15
Average area (m2) 440 2022 1949
Maximum area (m2) 10,305 53,599 84,792
Minimum area (m2) 14.2 117 100

4.2. Shallow Landslide Susceptibility and Model Accuracy

Nine susceptibility scenarios were defined (Figure 4). Upon visually examining the
maps, discernible differences in the spatial distribution of susceptibility emerged resulting
from the different input inventories. The comparison of accuracy values, as represented
by AUC (success and prediction), across all training and test sets revealed variations
dependent on the chosen input inventory and model type (Table 3). For LR, the mean
values ranged from 0.75 to 0.77 for training sets and from 0.71 to 0.80 for test sets. In the
case of SVM, mean values spanned from 0.86 to 0.88 for training sets and from 0.76 to 0.82
for test sets. XGBoost exhibited mean values within the range of 0.91 to 0.94 for training sets
and 0.78 to 0.85 for test sets. LR exhibits lower accuracy rates when compared to SVM and
XGBoost. Figure 5 illustrates the occurrence of shallow landslide scars in each susceptibility
class for SVM, XGBoost, and LR models. The “very high” susceptibility class concentrates
the majority of landslides in all models and inventories, indicating a similar performance
across all scenarios for this class. However, LR exhibits a more dispersed distribution
among “low”, “moderate”, and “high” classes. This may elucidate the lower accuracy rates
observed in LR scenarios. The dispersed distribution of shallow landslide scars among
susceptibility classes in the logistic regression-based LSMs indicates that the model may
have difficulty accurately distinguishing between different levels of landslide susceptibility.
A more dispersed distribution of shallow landslide scars among susceptibility classes can
lead to decreased accuracy, because it indicates that the model’s predictions are less certain
and may not align well with the true susceptibility levels observed in the data. In contrast,
if the SVM and XGBoost models provide a more concentrated distribution of shallow
landslide scars among susceptibility classes, it suggests that the model’s predictions are
more confident and likely to be closer to the true susceptibility levels.

Across all three models, INV1 consistently exhibited lower prediction accuracy rates
when compared to INV2 and INV3. These results provide evidence that the performance
of all models increases significantly when an inventory based on imagery a few days after
the event is used. The variation in prediction rates among the input inventories amounted
to 9.5%, 6.7%, and 5.6% for LR, XGBoost, and SVM, respectively. Meanwhile, the variation
in prediction rates among the models amounted to 7.1%, 5.3%, and 4.3% for INV1, INV2,
and INV3. These findings confirm that models are more sensitive to changes in input
inventories than to changes in the model itself.
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Figure 4. Susceptibility maps constructed based on three algorithms: (A) INV1 SVM; (B) INV1
XGBoost; (C) INV1 LR; (D) INV2 SVM; (E) INV2 XGBoost; (F) INV2 LR; (G) INV3 SVM; (H) INV3
XGBoost; and (I) INV3 LR.

Table 3. Success and prediction rates for each susceptibility map constructed based on LR, SVM, and
XGBoost for each inventory.

Model Inventory AUC-Success (%) AUC-Prediction (%)

LR 1 75.1 71.4
2 76.1 79.2
3 77.1 80.9

SVM 1 88.0 76.8
2 86.1 81.9
3 88.3 82.4

XGBoost 1 94.6 78.5
2 91.1 84.5
3 94.2 85.2
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Figure 5. Presence of shallow landslide scars in each susceptibility class for different input inventories
and models: (A) SVM; (B) XGBoost; and (C) LR.

4.3. Spatial Comparison Between Susceptibility Maps of Palmital–Gurutuba Watershed

The Cohen’s Kappa index (k) was employed to evaluate the level of agreement among
the susceptibility maps of the Palmital–Gurutuba watershed derived from different input
inventories and ML algorithms. Consequently, the k value for each pair of shallow landslide
inventories was calculated for each algorithm (Table 4).

From Table 4, it can be seen that the LSMs showed an overall mean k value of 0.5;
this constitutes a moderate level of agreement. Regarding the LR algorithm, the k values
ranged from 0.66 to 0.80 (mean 0.73), indicating that a substantial level of agreement was
observed among these inventories. For the SVM and XGBoost algorithms, the k values
range from 0.36 to 0.47 (mean 0.41) and 0.34 to 0.42 (mean 0.37), respectively, indicating a
fair to moderate degree of agreement. A high spatial agreement was observed between the
susceptibility maps produced by the LR algorithm, indicating that this algorithm is less
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sensitive to changes in the input inventory than SVM and XGBoost. Table 4 additionally
illustrates the degree of agreement for each susceptibility class. The “very high” class
exhibits the highest k values across all models, followed by the “very low” class. This
suggests that, despite variations between susceptibility maps constructed using different
input inventories, there is a similarity between the highest and lowest susceptibility classes.

Table 4. The Cohen’s Kappa indexes (k) derived from the comparison between the shallow landslide
inventories and the models. The k index for each susceptibility class—very low (VL), low (L),
moderate (M), high (H), and very high (VH)—is separately indicated.

Models Pair of Inventories k k (VL) k (L) k (M) k (H) k (VH)

LR 1 and 2 0.66 0.87 0.64 0.53 0.55 0.73
1 and 3 0.72 0.90 0.72 0.61 0.58 0.80
2 and 3 0.80 0.90 0.73 0.76 0.71 0.91

SVM 1 and 2 0.39 0.35 0.29 0.27 0.38 0.65
1 and 3 0.36 0.35 0.28 0.22 0.34 0.66
2 and 3 0.47 0.45 0.32 0.47 0.34 0.74

XGBoost 1 and 2 0.34 0.47 0.28 0.23 0.25 0.51
1 and 3 0.34 0.57 0.28 0.21 0.22 0.52
2 and 3 0.42 0.63 0.33 0.29 0.34 0.62

5. Discussion
The influence of landslide inventories in the construction of landslide susceptibility

maps has been analyzed worldwide in recent years [29–33,63]. In this study, we examined
potential variations in LSMs generated for the same study site by employing different input
inventories. Specifically, our focus was on assessing differences in accuracy rates and the
distribution of susceptibility classes across the Palmital–Gurutuba watershed.

The three inventories used showed significant differences, such as the total number of
polygons and total area (Table 2). The differences in the number of polygons and area can be
explained by various reasons. Despite the expert knowledge used in the manual mapping,
INV1 shows the lowest numbers (e.g., total area, average area), with the exception of the
total number of polygons. This difference from the other inventories can be attributed to
the higher resolution of the satellite images and the acquisition date of the images used,
which were acquired eight months after the event and represent the most recent data
available in Google Earth. During this time, vegetation growth covered the landslides,
making it increasingly challenging to identify them [64,65]. Additionally, the landslide
scars underwent processes of instability and became susceptible to erosive processes [66],
which further complicated their delineation [67]. Despite the absence of regularly updated
data, Google Earth offers substantial advantages that significantly enhance its value as
a visualization tool. The platform provides easily accessible high-resolution imagery,
and its user-friendly interface contributes to its utility for data collection, exploration,
and validation [68]. INV2 shows the largest total area, which is influenced by using the
closest satellite image available to the event acquired only two weeks after the event and
the expert knowledge used in the manual mapping. INV3 shows the lowest number
of polygons. By applying an object-based approach, it was possible to create landslides
polygons comparable in size and number as created by manual mapping. However,
according to Dias et al. [25], some small shallow landslides were missed by OBIA and
some neighboring landslides were incorrectly merged into larger polygons, resulting in the
largest maximum area and the smallest number of polygons.

According to the comparative AUC performance evaluation, there is a difference
between the training and testing metrics for scenarios using INV1. This can be attributed
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to the fact that it was built using an inventory that is not considered the most reliable.
INV1, which was manually generated from Google Earth images, may not have captured
the full extent of the landslides or accurately reflected the spatial distribution of the event
being modeled. This could lead to a less accurate representation of the conditions in
the test set, explaining the discrepancy in performance. It is important to highlight that
the quality of the data, especially the inventory used, plays a crucial role in the model’s
ability to generalize well to unseen data. Thus, the observed difference between training
and test results might be more closely related to the limitations of the inventory rather
than overfitting.

XGBoost is identified as more efficient in the construction of LSMs compared to other
methods. The second and third best models are SVM and LR, respectively, a pattern consis-
tent with the findings reported by Pyakurel et al. [26]. It is noteworthy to emphasize the
consistent similarity in the results between INV2 and INV3 across all methods. Despite the
differences, INV2 and INV3 show significant similarities, demonstrating certain advantages
of semi-automatic object-based mapping over manual mapping, which is considered a
time-consuming and subjective procedure [3,39,69]. This underscores the suitability of
semi-automatically created inventories for application in predictive models. The study by
Pyakurel et al. [26] compared the performance of five supervised models (LR, Random
Forest, XGBoost, SVM, and extremely randomized trees classifier) to predict earthquake-
induced landslide susceptibility in Nepal, and LR exhibited the lowest accuracy rates (74%),
consistent with our results. Similar accuracy rates between 0.7 and 0.8 for LR were also
reported in other landslide susceptibility studies [9,22]. Sahrane et al. [32] analyzed the
impact of landslide inventory completeness and concluded that the accuracy of LSMs
can be influenced by the loss of information in inventories. In our study, INV1 exhibited
lower accuracy rates across all models due to the loss of original shape information of
landslides soon after the event. Inventory completeness is a crucial aspect when comparing
them. INV2 is regarded as the most accurate inventory in our study, while INV1 and
INV3 encounter some completeness issues, with the former attributed to the utilization of
less-than-ideal imagery eight months after the event, and the latter attributed due to errors,
such as delineation of scars, committed by the OBIA approach. Another relevant finding is
the good performance of INV3. The semi-automatic object-based inventory exhibited the
best prediction rates in all models, with the numbers being very close to those achieved
by INV2, which is considered the most accurate inventory. This highlights two important
points: firstly, the suitability of semi-automatic inventories in susceptibility analysis is a
positive development, and secondly, it raises concerns about the good performance (in this
case, the best one) of an inventory that lacks 38% completeness. None of the inventories had
a prediction rate lower than 70%, indicating that all nine scenarios constructed performed
well, although some performed better than others. The influence of the input inventory
is also a subject of discussion in studies conducted by Bordoni et al. [30] and Dias and
Grohmann [33]. Both studies assert that when inventories are associated with the same
rainfall event but developed with different criteria, the susceptibility distribution is affected
by the choices made.

A noticeable variation was identified in the final LSMs when employing different
input inventories and models (Figure 4). The results from the k coefficient analysis indicate
that the distribution of landslide susceptibility classes, derived from various input invento-
ries, exhibits spatial variations. Despite the models showing some spatial discrepancies,
substantial or moderate spatial agreement was observed in most comparisons, especially
in areas with very high susceptibility. According to our findings, LR demonstrated a more
consistent spatial agreement with all input inventories, suggesting that it is less sensitive
to changes. However, SVM and XGBoost models displayed spatial variations in areas
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with “low”, “moderate”, and “high” susceptibility, indicating that they are more sensi-
tive to changes. These variations may stem from the complexity of each model and the
characteristics of the input inventory. Therefore, it is not reasonable to anticipate identical
LSMs, even when their accuracy rates are similar. Comparable findings were reported by
Barella et al. [9] in Minas Gerais, Brazil, using statistical models, and by Bordoni et al. [30]
in Italy using a data-driven method. Barella et al. [9] also underscore the importance of
employing polygon-based inventories instead of point-based inventories, as the former
produce more consistent maps due to a higher number of pixels with similar properties
within a landslide polygon.

When comparing the input inventories INV1, INV2, and INV3, as well as the models
LR, SVM, and XGBoost based on the accuracy assessment (Table 3) and spatial agreement
(Table 4), it can be observed that using INV1, an inventory affected by a loss of information
regarding the original shape of the landslide scars, decreased the prediction accuracy by
almost 10% using LR, and 6.7% and 5.6% using XGBoost and SVM, respectively. The
difference can reach almost 14% when comparing the worst scenario (INV1-LR) and the
best one (INV3-XGBoost). In all models, the spatial agreement (k) between INV2 and INV3
consistently demonstrates higher values than between INV1 and INV2, and INV1 and INV3.
These results confirm that the input inventory has a more pronounced impact on the accu-
racy rate variation than altering the model classifiers in assessing landslide susceptibility.
Nevertheless, both the input inventory and the chosen model/algorithm introduce varia-
tions in the final susceptibility maps, emphasizing the importance of providing detailed
descriptions of the input data and analysis in landslide studies.

6. Conclusions
The influence of different input shallow landslide inventories on susceptibility estima-

tion was assessed using three distinct inventories and models in the Gurutuba–Palmital
watershed in Brazil. It is crucial to emphasize that the results obtained pertain to pixel-based
models employing both manual and semi-automatic inventories in a tropical environment.
The final LSMs constructed using INV1, INV2, and INV3 exhibit similar and robust predic-
tive capabilities (71% to 85%). Inventories obtained through different detection methods,
using different datasets related to the same rainfall event, can directly influence the suscep-
tibility assessment, leading to varying classifications of an area based on the presence of
shallow landslides.

INV1 demonstrated that using an image acquired eight months after the event resulted
in less accurate maps, highlighting the importance of an accurate inventory as a variable in
the models. An inventory generated through visual interpretation and established criteria
(INV2), alongside a semiautomatic inventory created using OBIA (INV3), both employing
the same high-resolution satellite images, yielded similar accuracy and spatial agreement.
This outcome demonstrates the suitability of semi-automatic methods for shallow landslide
susceptibility assessment in tropical environments such as Brazil.

The spatial agreement between the maps and the distribution of susceptibility classes
also varies depending on the inventory and the algorithm used. These findings under-
score the significance of the input inventory type used in creating susceptibility maps,
as it directly impacts the accuracy and reliability of the resulting maps. Hence, it is
imperative to provide details regarding the criteria and dataset in compiling a shallow
landslide inventory for susceptibility assessment. This information enables local stake-
holders and decision makers to place trust in LSM derived from inventories that most
faithfully reflect the hazards they aim to address, particularly when predictive accura-
cies of susceptibility models are comparable. In future investigations, further exploration
into the influence of diverse landslide inventories could be pursued through alternative
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methodologies, including deep-learning techniques. Such endeavors would contribute to a
deeper understanding of the complexities involved and potentially enhance the efficacy of
landslide-susceptibility assessments.
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