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Abstract
Machine learning (ML) algorithms are frequently used in landslide susceptibility modeling. Different data
handling strategies may generate variations in landslide susceptibility modeling, even when using the same ML
algorithm. This research aims to compare the combinations of inventory data handling, cross validation (CV), and
hyperparameter tuning strategies to generate landslide susceptibility maps. The results are expected to provide a
general strategy for landslide susceptibility modeling using ML techniques. The authors employed eight landslide
inventory data handling scenarios to convert a landslide polygon into a landslide point, i.e., the landslide point is
located on the toe (minimum height), on the scarp (maximum height), at the center of the landslide, randomly
inside the polygon (1 point), randomly inside the polygon (3 points), randomly inside the polygon (5 points),
randomly inside the polygon (10 points), and 15 m grid sampling. Random forest models using CV–nonspatial
hyperparameter tuning, spatial CV–nonspatial hyperparameter tuning, and spatial CV–forward feature selection–
no hyperparameter tuning were applied for each data handling strategy. The combination generated 24 random
forest ML work�ows, which are applied using a complete inventory of 743 landslides triggered by Tropical
Cyclone Cempaka 2017 in Pacitan Regency, Indonesia, and 11 landslide controlling factors. The results show that
grid sampling with spatial CV and spatial hyperparameter tuning is favorable because the strategy can minimize
over�tting, generate a relatively high-performance predictive model, and reduce the appearance of susceptibility
artifacts in the landslide area. Careful data inventory handling, CV, and hyperparameter tuning strategies should
be considered in landslide susceptibility modeling to increase the applicability of landslide susceptibility maps in
practical application.

1. Introduction
Landslides commonly cause numerous casualties and considerable property damage in hilly and mountainous
areas, and landslide occurrence increases because of signi�cant population growth in prone areas. Practical
landslide disaster risk reduction tool is important for stakeholders in the landslide prone areas. A landslide
susceptibility map that can be generated from landslide susceptibility modeling is considered as one of the tools
that can be used by municipalities to design risk-reduction-based development (Fell et al., 2008). The most
appropriate method for landslide susceptibility modeling that covers large areas on medium to small scales is
statistical quantitative approaches (Cascini, 2008; Soeters and Westen, 1996; van Westen et al., 2008), which
need a reliable landslide inventory (Blahut et al., 2010).

A landslide inventory is the simplest form of landslide map (Guzzetti et al., 2012; Ngadisih et al., 2017). The
landslide inventory generally represents single or multiple events, which describe the locations and outlines of
landslides (Chacón et al., 2006). The landslide inventory should cover information about the location, type,
volume, activity, date of occurrence, and other characteristics of landslides in the area (Fell et al., 2008).
Furthermore, the landslide inventory must identify and illustrate the triggering factors (Godt et al., 2008) as a
single point or polygons of the landslides (Parise, 2001). For example, in Indonesia, landslide data are often
represented by point or location coordinates, which are available at https://dibi.bnpb.go.id/. Several researchers
have created a landslide polygon inventory for some areas (Aditian et al., 2018; Ngadisih et al., 2014; Samodra et
al., 2020, 2018) for a speci�c purpose. Landslide inventory maps and landslide controlling factor maps are
required for landslide susceptibility modeling.
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A susceptibility map shows the likelihood of landslide occurrence in a given location (Corominas and Moya,
2008). Numerous landslide susceptibility models have been recently developed, and the methods are increasingly
sophisticated because of the advancement of computer processing and geographic information system (GIS)
technologies. The common procedure for landslide susceptibility modeling is to extract information on each
landslide controlling factor from the landslide and non-landslide point/area samples (Lovelace et al., 2020). The
differences in landslide inventory, i.e., point or polygon, can cause differences in landslide susceptibility data
handling in the model. Landslide inventory data handling, i.e., the placement of landslide samples in a landslide
polygon and the number of samples, can affect the appearance and performance of a landslide susceptibility
map (Abraham et al., 2021; Hussin et al., 2016; Steger et al., 2016a).

Remote sensing and GIS technologies are becoming increasingly sophisticated and integrated, contributing to the
advancement of landslide susceptibility modeling. Statistical learning and machine learning (ML) techniques,
such as logistic regression, arti�cial neural network, decision tree, random forest, support vector machine, and
their variations, are the most common methods adopted for landslide susceptibility modeling recently (Merghadi
et al., 2020; Reichenbach et al., 2018). Among these methods, random forest is ranked as the most promising ML
algorithm for spatial prediction (Hengl et al., 2015; Nussbaum et al., 2018; Park and Kim, 2019; Sun et al., 2021;
Vaysse and Lagacherie, 2015).

Even though it exhibits high predictive performance, the ML algorithm for spatial prediction is often prone to
over�tting (Jaafari et al., 2019; Just et al., 2020; Meyer et al., 2019, 2018). Over�tting occurs when the model
performs well for the training data but probably worse for the independent data (Probst et al., 2019). Many
researchers rarely considered the effect of over�tting in their ML models (Kim et al., 2017; Lai et al., 2019; Park
and Kim, 2019; Taalab et al., 2018). The evaluation of the training data, particularly spatial cross validation (CV)
and spatial hyperparameter tuning, is recommended to avoid over�tting in the ML algorithm (Brenning, 2005;
Meyer et al., 2019, 2018; Schratz et al., 2019).

Instead of comparing algorithms, our research focuses on comparing the best strategies to handle landslide
inventory data for landslide susceptibility modeling. This study focuses on handling landslide inventory with
scenarios that often exist in Indonesia. That is, for point-based data handling, the landslide point is placed
randomly on the landslide polygon, the landslide point is placed on the scarp (maximum height), the landslide
point is placed on the toe (minimum height), and the landslide point is placed at the center (centroid). For area-
based/polygon data handling, the landslide points are often placed in all landslide areas based on grid sampling.
In this research, a 15 m grid sample was created in each landslide polygon. The authors also created strategies
for randomly generating 3x, 5x, and 10x points in a landslide polygon to compensate for the number of points
made based on grid sampling. Eight inventory data handling scenarios will be simulated in landslide
susceptibility maps using nonspatial CV for performance estimation combined with nonspatial hyperparameter
tuning (CV–nonspatial tuning), spatial CV estimation combined with nonspatial hyperparameter tuning (spatial
CV–nonspatial tuning), and spatial CV combined with forward feature selection (FFS) estimation without tuning
(spatial CV–FFS–no tuning). The comparison of the combinations of inventory data handling, CV, and
hyperparameter tuning strategies is expected to provide general strategies for landslide susceptibility modeling
using ML techniques.

2. Study Area
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The study area is located in the Pacitan Regency, East Java Province, Indonesia (Fig. 1a). The area encompasses
a total area of 1,390 km2, with a relief of 1,226.5 m. Flat morphology is located in the southern part of the area,
with a narrow bay shape and an elevation ranging from 0 m to 10 m. Hilly and mountainous morphologies are
dominant in the study area, with the slope ranging from 15° to 70°. Steep topography is mainly located in the
Grindulu River valley, with strong dissection and a “V” shape because of high weathering, erosion, and landslide.

The geological setting of the area is affected by the formation of arc volcanism during the middle Eocene to the
early Oligocene, termination of arc volcanism during the late Oligocene to the early Miocene, growth of carbonate
during the middle Miocene, and uplifting followed by denudational processes during the Pliocene to the recent
age (Smyth et al., 2008). The Pacitan Regency consists of Dayakan Formation (sandstone and claystone),
Mandalika Formation (volcanic breccia and lava tuff, with intercalations of sandstone and siltstone), Watupatok
Formation (basaltic pillow lava, sandstone, claystone, and cherts), Arjosari Formation (polymict breccia,
sandstone, and conglomerate, with intercalations of volcanic and intrusive rocks), Semilir Formation (tuff, breccia,
sandstone, and claystone), Jaten Formation (conglomerate, sandstone, mudstone, lignite, shale, and tuff), Wuni
Formation (volcanic breccia, tuff, and sandstone, with intercalations of lignites and limestone), Nampol
Formation (sandstone, siltstone, limestone, claystone, and lignite, with intercalations of conglomerate and
breccia), Oyo Formation (sandstone, siltstone, limestone, and marl), Wonosari Formation (reef limestone, bedded
limestone, sandy limestone, and marl), and Kalipucang Formation (conglomerate, clay, and alluvium) (Fig. 1b)
(Samodra et al., 1992; Sampurno and Samodra, 1997). A geological formation map is used as one of the
landslide controlling factor maps employed to model landslide susceptibility.

Climate effects, rugged terrains, and geological conditions make the study area generally prone to landslides. The
Pacitan Regency was severely affected by Tropical Cyclone (TC) Cempaka that occurred on November 27 to 29,
2017. The cumulative rainfall of 235.97 mm in one and a half day triggered 743 landslides in the Pacitan
Regency during TC Cempaka 2017 (Samodra et al., 2020).

Figure 1

3. Methods

1.1 Landslide inventory and its data handling
The landslide inventory of TC Cempaka 2017 is represented as landslide polygons without separation of scarp,
body, and toe. A total of 743 landslides were obtained from on-screen digitizing by comparing pre-event and post-
event high-resolution satellite imageries and conducting �eld surveys. Atrium’s Pleiades Pansharpened
Multispectral Natural Color Band Imagery was employed for post-event landslide inventory mapping. The spatial
resolution of the images is 50 cm with the date of acquisition ranging from March 15 to 30, 2018.

Most statistical learning and ML models employed for landslide susceptibility modeling require point sampling
instead of polygons to generate samples. We employed eight landslide inventory data handling scenarios to
convert a landslide polygon into a landslide point, i.e., the landslide point is located on the toe (minimum height),
on the scarp (maximum height), at the center of the landslide, randomly inside the polygon (1 point), randomly
inside the polygon (3 points), randomly inside the polygon (5 points), randomly inside the polygon (10 points),
and each 15 m grid (Fig. 2). As a consequence, the number of datasets is different among scenarios. The
scenarios of minimum, maximum, center, and random 1 point per landslide (1pt/ls) generate the same number
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dataset, i.e., 1,486 points consisting of 743 landslide points and 743 non-landslide points. The total number of
datasets is 4,458, 7,430, 14,860, and 19,190 for random 3 pts/ls, random 5 pts/ls, random 10 pts/ls, and 15 m
grid, respectively. The non-landslide points are created randomly outside the landslide polygon. The number of
non-landslide points is equal to the number of landslide points in each scenario. We applied 75% (training) and
25% (testing/success rate) data splitting for each scenario.

Figure 2

1.2 Landslide controlling factors
The Pacitan Regency consists of mountainous terrains characterized by unstable geological formations, humid
tropical climate associated with heavy rainfall, high seismicity, and intense anthropogenic activities, which can
affect landslide occurrence. Landslide susceptibility modeling using ML algorithms employed landslide inventory
points and landslide controlling factors as proxies of terrain characteristics to train the model. In this research, the
landslide susceptibility map was created at a 1:100,000 scale, which is applicable for information and advisory
purposes (Cascini, 2008). Therefore, the selection of the cartographic scale and spatial resolution of the base
maps for creating the landslide controlling factor maps was based on the procedure proposed by Hengl, (2006).

The landslide controlling factors maps were derived from the National Digital Elevation Model of Indonesia
(DEMNAS) at approximately 10 m spatial resolution, which is available at
https://tanahair.indonesia.go.id/demnas/#/, and digital topographical map at a 1:25,000 scale, which is available
at https://tanahair.indonesia.go.id/portal-web. In this research, landslide controlling factors were represented by
digital terrain attributes, such as slope, aspect, distance to the river, distance to the road, elevation, land use, plan
curvature, pro�le curvature, slope, stream power index (SPI), terrain wetness index (TWI) (Fig. 3), and geological
formation (Fig. 1). The digital terrain attributes were processed from DEMNAS with System for Automated
Geoscienti�c Analysis (SAGA) GIS (Conrad et al., 2015).

The hypothetical signi�cances of the landslide controlling factors to landslide are brie�y explained as follows:
Elevation represents the local relief and locates the landslide points with maximum and minimum heights. Slope
represents the balance between shear strength and shear stress acting on the slope. Aspect is the direction of the
slope, which can re�ect the differences in the degree of weathering and soil moisture related to solar insolation.
Curvature re�ects the slope form, which can affect the directions of surface water and subsurface groundwater
�ows. SPI represents the strength of stream power calculated from the catchment area and the steepness of the
slope. The wide area and steep slope generate a high stream power, which means a large amount of water and a
high velocity of water �ow. TWI re�ects the soil water moisture or tendency of the slope to accumulate water
(Beven and Kirkby, 1979; Moore et al., 1991; Quinn et al., 1991). Distance to the river as a landslide controlling
factor assumes that a shorter distance to the river will lead to more landslides because of the steep slope and
erosion. Land use and distance to the road as landslide controlling factors assume that human activities can
increase the instability of the slope. Geological formation represents the strength of the material in the study area.
The selection of landslide controlling factors in this research was mainly knowledge driven. The FFS method was
also employed to quantitatively select the most signi�cant landslide controlling factors and remove irrelevant
landslide controlling factors in the model.

Figure 3

1.3 Random Forest algorithm
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Random forest is a powerful ML algorithm developed by constructing several decision trees through random
samplings and combining multiple decision trees for classi�cation and prediction purposes (Breiman, 2001). In
this research, the algorithm starts by randomly drawing a number of tree (ntree) samples (landslide data point in
controlling factor pixels), growing an unpruned classi�cation tree by randomly sampling the number of
controlling factors as a candidate at each split (mtry) and choosing the best split, and predicting new data by
aggregating the predictions of ntree by majority vote (Liaw and Wiener, 2002). Both ntree and mtry are considered
the hyperparameters that need to be tuned to obtain the optimal prediction. The randomForest package (Liaw and
Wiener, 2002) accessed via the caret package (Kuhn, 2021) in the R environment for statistical programming (R
Core Team, 2020) was employed to model landslide susceptibility in the Pacitan Regency.

1.4 Validation strategies, controlling factor selection, and
hyperparameter tuning
In this study, resampling techniques, i.e., nonspatial and spatial CV, were used as validation strategies to estimate
the model performance/success rate. Nonspatial CV applied the commonly used random 10-fold CV, in which the
samples were partitioned randomly into 10 sets/folds of roughly equal size. Models were repeatedly �t using all
samples, except for the �rst fold, which was subsequently used to estimate performance measures. Spatial CV
(Brenning, 2005) or leave-location-out (LLO) CV (Meyer et al., 2018) was applied by partitioning 10-fold data
spatially. The illustration of nonspatial and spatial CV is shown in Fig. 4. For a detailed discussion of the effects
of nonspatial and spatial CV applied in ML, see the works of Meyer et al. (2018) and Meyer et al. (2019). Both
nonspatial CV and spatial CV were applied to each scenario of landslide inventory data handling. We also tested
spatial CV combined with the FFS method.

FFS was used to remove the landslide controlling factors from the model to obtain the best model performance.
The algorithm initially trains the random forest using every combination of two landslide controlling factors and
iteratively increases the number of combinations until none of the remaining landslide controlling factors
decreases the performance of the current best model. This study employed FFS, which was implemented in the
CAST package (Meyer et al., 2018). The variable importance score, which was calculated from the aggregation of
the Gini index across the ensemble trees (Kuhn and Johnson, 2013), was applied to interpret the in�uence of
landslide controlling factors on landslides.

Hyperparameter tuning was applied to optimize the performance of random forest by reducing the bias
assessment of the model’s predictive power (Schratz et al., 2019). The grid search method (Bergstra and Bengio,
2012) implemented in the caret package (Kuhn, 2021) was applied to tune both nonspatial and spatial CV
strategies. Therefore, we applied nonspatial CV for performance estimation combined with nonspatial
hyperparameter tuning (CV–nonspatial tuning), spatial CV estimation combined with nonspatial hyperparameter
tuning (spatial CV–nonspatial tuning), and spatial CV combined with FFS estimation without tuning (spatial CV–
FFS–no tuning). The combinations of landslide inventory data handling, CV, and hyperparameter tuning
strategies generated 24 random forest ML work�ows.

Figure 4

1.5 Performance measure
The performance measures for the landslide susceptibility model were the accuracy index, kappa index (Cohen,
1960), and area under the receiver operating characteristic (ROC) curve (AUROC). The accuracy and kappa indices
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were applied to 75% of the dataset during CV and hyperparameter tuning, i.e., the measures calculated the
average performance over all 10-fold CVs. The AUROC and confusion matrix plot were derived by comparing the
models with the remaining 25% of the independent dataset. In this research, the accuracy and kappa indices
applied to 75% of the dataset were considered the success rate and the AUROC and confusion matrix plot applied
to 25% of the dataset were considered the predictive rate (Chung and Fabbri, 2003).

The accuracy index was calculated using the confusion matrix of the two-class problem as the agreement
between observed and predicted classes, as follows:

Accuracy =
TP + TN

TP + TN + FP + FN

1
,

where TP is the true positive, TN is the true negative, FP is the false positive, and FN is the false negative. The
kappa index was also calculated using the confusion matrix, as follows:

=
po − pe
1 − pe

2
,

po =
TP + TN

TP + TN + FP + FN

3
,

pe =
(TP + FN)(TP + FP) + (FP + TN)(FN + TN)

(TP + TN + FP + FN)2

4
,

where po is the observed accuracy and pe is the expected accuracy. The kappa statistic can take a value between
− 1 and 1. Negative values represent the opposite direction of the truth (Kuhn and Johnson, 2013). The values 0–
0.2, 0.21–0.39, 0.4–0.59, 0.6–0.79, 0.8–0.9, and > 0.9 represent none, minimal, weak, moderate, strong, and
almost perfect agreement between observed and predicted classes (McHugh, 2012).

The measure considered the apparent predictive accuracy was calculated by comparing the models with the
remaining 25% of the independent dataset using the AUROC. The authors called it “apparent” predictive accuracy
because of the unavailability of posterior landslide inventory to calculate the true predictive performance. The
ROC curve was plotted based on all of the possible true positive rates (TPR; sensitivity) and the corresponding
false positive rates (FPR, 1 − speci�city). AUROC values close to 100% indicate an effective model for
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discriminating two classes, and AUROC values close to 50% indicate an ineffective model representing no
discrimination for the two-class problem.

4. Result

4.1. Best hyperparameter settings
The range of optimal hyperparameter settings of mtry in nonspatial tuning was larger than that in spatial tuning.
The value of mtry in nonspatial tuning mainly ranged between 8 and 10, whereas the value of mtry in spatial
tuning mainly ranged between 8 and 10 and between 2 and 3. The range of optimal ntree in nonspatial tuning
mainly ranged between 550 and 2,000, whereas the range of optimal ntree in spatial tuning mainly ranged
between 350 and 2,000. The range of optimal ntree in spatial tuning of more than one sample in a landslide
polygon mainly ranged between 1,000 and 2,000. The range of optimal hyperparameter settings of ntree in one
sample in a landslide polygon is smaller than that in more than one sample for both nonspatial and spatial
tuning (Table 1).

Table 1
Database system of the landslide inventory in the app

Data handling CV–nonspatial tuning CV LLO–spatial tuning CV LLO FFS–no tuning

mtry ntree mtry ntree mtry (�xed) ntree

Minimum 2 550 2 350 2 Default

Maximum 8 550 8 350 2 Default

Center 9 550 10 600 2 Default

Random 1 pt. 8 250 3 300 2 Default

Random 3 pt. 8 600 2 2,000 2 Default

Random 5 pt. 4 2,000 2 2,000 2 Default

Random 10 pt. 9 600 9 2,000 2 Default

15 m grid 10 1,000 10 1,000 2 Default

Table 1

4.2. Success rate and predictive performance
The variation of success rate between the models was relatively low for different validation and hyperparameter
tuning strategies. The accuracy and kappa of CV–nonspatial tuning and CV LLO FFS–no tuning were relatively
higher than that of CV LLO–spatial tuning. The variation of success rate for different validation and
hyperparameter tuning strategies was relatively low, ranging from 0.01 to 0.06 for accuracy and from 0.01 to 0.11
for kappa (Table 2).



Page 9/25

Table 2
Success rate and apparent predictive rate of the landslide susceptibility model using different landslide inventory

data handling strategies, validation strategies, and hyperparameter tuning
Data
handling

CV–nonspatial tuning CV LLO–spatial tuning CV LLO FFS–no tuning

Accuracy Kappa AUROC Accuracy Kappa AUROC Accuracy Kappa AUROC

Minimum 0.71 0.42 0.78 0.70 0.41 0.78 0.71 0.42 0.78

Maximum 0.70 0.40 0.73 0.70 0.40 0.72 0.71 0.42 0.70

Center 0.70 0.39 0.74 0.69 0.38 0.74 0.70 0.41 0.73

Random
1 pt.

0.66 0.31 0.72 0.66 0.32 0.73 0.68 0.36 0.71

Random
3 pt.

0.77 0.54 0.86 0.77 0.54 0.86 0.79 0.59 0.88

Random
5 pt.

0.81 0.63 0.92 0.81 0.63 0.92 0.85 0.70 0.95

Random
10 pt.

0.87 0.73 0.95 0.84 0.69 0.95 0.90 0.80 0.98

15 m grid 0.87 0.74 0.95 0.83 0.66 0.95 0.88 0.77 0.97

The variation of success rate between the models was relatively high for different data handling strategies. The
lowest values of accuracy and kappa for random 1 point data handling with CV–nonspatial tuning were 0.66 and
0.31, respectively. The highest values of accuracy and kappa for random 10 point data handling with CV LLO
FFS–no tuning were 0.9 and 0.8, respectively. The highest differences of accuracy and kappa for 1 and > 1
handling strategies were 0.22 and 0.43, respectively. Generally, the larger the number of samples generated, the
higher accuracy and kappa values.

Table 2

The variation of predictive rate (AUROC) was relatively similar to the variations of accuracy and kappa, which
were low for CV and tuning strategies but signi�cant for different data handling strategies (Fig. 5). The AUROC of
CV–nonspatial tuning was relatively similar to that of CV LLO–spatial tuning. By contrast, the AUROC of CV LLO
FFS–no tuning was slightly lower than both of them and slightly higher than both of them for 1 and > 1 point
sampling strategies, respectively. For 1 point sampling strategies, the lowest and highest AUROC were 0.7 and
0.78, respectively. By contrast, for > 1 point sampling strategies, the lowest and highest AUROC were 0.86 and
0.98, respectively. The highest success rate for 1 and > 1 point sampling strategies obtained using the model was
calculated by locating the point samples in the toe of the landslide, the minimum height of a landslide polygon, or
a random location with a total of 10 samples. The 15 m grid sampling strategy also achieved the highest AUROC
similar to the random 10 point data handling strategy, except for CV LLO FFS–no tuning. CV LLO–spatial tuning
with 15 m grid sampling was determined to have the highest accuracy using the confusion matrix (Fig. 5b).
Notably, the variations of CV and hyperparameter tuning strategies in the random forest were not signi�cantly
different from the variation of AUROC. By contrast, the variations of different landslide inventory data handling
strategies were signi�cantly different from the variation of AUROC.

Figure 5
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4.3. Susceptibility map appearance
The 10 classes of �nal susceptibility maps (Fig. 6) were classi�ed using the equal interval classi�cation method
to represent the differences of susceptibility map appearance considering different landslide inventory data
handling strategies, validation strategies, and hyperparameter tuning. The susceptibility maps obtained using
different validation strategies and hyperparameter tuning did not show signi�cant variation of map appearance.
Meanwhile, different landslide inventory data handling strategies showed signi�cant variation of map
appearance. The landslide susceptibility map obtained using 1 point sampling in each landslide polygon showed
a high proportion of yellow color representing a pixel value close to 0.5 (Figs. 6a to 6l). By contrast, the landslide
susceptibility map obtained using > 1 point sampling in each landslide polygon showed a low proportion of
yellow color representing a pixel value close to 0.5, which indicates the inability of the classi�cation model to
determine whether the pixel is stable or unstable (Reichenbach et al., 2018) and has higher uncertainty than the
pixel that has a value close to 0 or 1 (Guzzetti et al., 2006; Rossi et al., 2010; Van Den Eeckhaut et al., 2009).
Landslide susceptibility modeling using > 1 point sampling in each landslide polygon has lower uncertainty than
that using 1 point sampling. However, landslide susceptibility modeling using random 1, 3, 5, and 10 points
showed abrupt changes in map appearance related to landslide controlling factors (i.e., distance to the river and
geological formation) in the western part of the study area (Figs. 6j to 6u).

Figure 6

The superimposed landslide polygon map and landslide susceptibility map (Fig. 7) showed that the landslide
model obtained using grid sampling (Figs. 7v, 7w, and 7x) successfully classi�ed all landslide polygons with
values ranging between 0.8 and 0.99. By contrast, the landslide model obtained using 1 point sampling classi�ed
landslide polygons with values ranging between 0.2 and 0.8 (Figs. 7a, 7b, and 7c). The high pixel values of
landslide susceptibility calculated from the 1 point sample located in the minimum height were associated with a
lower slope and highly corresponded to two landslide controlling factors (i.e., curvature and TWI).

Figure 7

4.4. Landslide controlling factors importance
The ranking of landslide controlling factor importance was relatively different for all different landslide inventory
data handling strategies, validation strategies, and hyperparameter tuning (Appendix 1). Slope and geological
formation were the only controlling factors that were ranked in the Top 6 for the models that did not apply FFS. By
contrast, aspect and geological formation were the only controlling factors that were ranked in the Top 5 for the
models that applied FFS. Geological formation had the highest variable importance score in all situations,
indicating that this landslide controlling factor played an important role in predicting landslide susceptibility
within each model. The most consistently lower-ranked controlling factor (variable importance score < 25) was
pro�le curvature.

5. Discussion

5.1. Success rate, over�tting, and map appearance



Page 11/25

The landslide susceptibility map should be generated from a model that can handle over�tting. Over�tting in the
landslide susceptibility model leads to a high performance on training data but a low performance on testing data
and such problems can be avoided by the spatial CV and hyperparameter tuning strategies (Probst et al., 2019). In
this research, we applied nonspatial CV–nonspatial tuning, spatial CV–nonspatial tuning, and spatial CV–FFS–
no tuning to detect over�tting in the random forest model. Generally, random CV–nonspatial tuning generated
slight over�tting with a higher accuracy and kappa but a lower or the same AUROC than that of spatial CV–
nonspatial tuning and spatial CV–FFS–no tuning. However, we cannot conclude that the use of FFS is favorable
because it generated a high AUROC for > 1 point sampling but generated a low AUROC for 1 point sampling.
Hence, the spatial CV with spatial tuning strategy is more favorable than the nonspatial CV with nonspatial tuning
strategy. Meyer et al. (2019) and Schratz et al. (2019) also recommended the use of spatial CV with spatial tuning
to minimize over�tting in the model. As the aim of such a model is to predict the landslide occurrence beyond
sampling locations, spatial CV is preferable to nonspatial CV (Ploton et al., 2020). Spatial CV generates a low
success rate (accuracy and kappa) but a high predictive performance (AUROC). The variation of success rate is
also affected by the number of samples used in the model.

The success rate of the random forest algorithm for landslide susceptibility modeling is more sensitive to
landslide inventory data handling strategies than CV and hyperparameter tuning strategies. The accuracy, kappa,
and AUROC consistently show that more data samples generate a higher success rate. The 1 point data sampling
in a landslide polygon is likely to generate a low success rate. The random 1 point sampling generates the lowest
success rate, and the 1 point sample located in the lowest elevation or the toe generates the highest performance
for 1 point sampling strategies. Locating the 1 point sample in a landslide polygon may have the consequence
that the non-landslide sample is located inside the landslide polygon and can affect the landslide susceptibility
map appearance.

The landslide susceptibility maps generated from different models and data handling strategies must be carefully
analyzed and critically reviewed (Sterlacchini et al., 2011) based on their appearance. The landslide susceptibility
map appearance was reviewed based on the geomorphic plausibility check (Steger et al., 2016b) and analyzed
based on the superimposed landslide polygon and susceptibility map (Figs. 8a and 8b). The 1 point sample
generated more artifacts in the landslide polygon than the > 1 point sample. A high susceptibility value is highly
correlated to the location of the point sample, e.g., the 1 point sample located in the minimum height generates a
high value on the lower slope, gully, or valley. By contrast, the 1 point sample located in the maximum height
generates a high susceptibility value on the upper slope. The use of the 1 point sample failed to predict all
landslide polygon areas (Fig. 8a). The use of the > 1 point sample located randomly generates a better result, as
more than half of landslides is classi�ed as 0.8 to 1. However, a small artifact still exists inside the landslide
polygon (Figs. 7m to 7u). Point samples based on the grid generates better results because all landslide polygons
are classi�ed as 0.8 to 1 (Fig. 8b).

In this study, the applicability of landslide susceptibility maps based on the random forest was investigated using
various data handling, CV, and hyperparameter tuning strategies. This study shows that different data handling
and treatment strategies lead to different results of landslide susceptibility map and performance. Given the
success rate, predictive performance, and map appearance, grid sampling using spatial CV and spatial
hyperparameter is favorable for landslide susceptibility modeling using random forest. However, the predictive
performance was calculated by comparing the model with independent landslide data triggered by TC Cempaka
2017, which is called by the authors as apparent predictive accuracy. The use of posterior landslide data with
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different times is required to test the real predictive accuracy of the landslide susceptibility map. Multitemporal
landslide inventory enables the generation of susceptibility maps with both spatial and temporal CV, which may
not only reduce over�tting but also generate considerably high predictive performance.

Figure 8

5.2. Comparing controlling factors importance
The use of feature selection in landslide susceptibility modeling eliminates the irrelevant controlling factors,
resulting in simpler and lower-dimensional models but a high success rate (Micheletti et al., 2013). This research
shows that the FFS technique slightly decreases the AUROC for 1 point samples but increases the AUROC for > 1
point samples. Moreover, the FFS technique reduces artifacts but its TPR is slightly lower than that of CV LLO–
spatial tuning. The FFS computation is also time-consuming compared with the other strategies. The use of FFS
and spatial validation is strongly recommended for the model with controlling factors, leading to a strong random
performance; however, FFS and spatial validation cannot predict any dataset other than the training dataset
(Meyer et al., 2019). Thus, the selection of appropriate and relevant controlling factors is important.

Slope, aspect, and geology were the factors that in�uenced the landslide events triggered by TC Cempaka 2017.
Slope and material strength are well understood to be the landslide controlling factors. However, the mechanism
of slope as a landslide controlling factor is poorly understood. Capitani et al. (2013) investigated the in�uence of
slope as a landslide controlling factor in some basins in Italy and determined that slope only works for super�cial
and clayey deposit. Slope could also re�ect the differences in soil moisture and vegetation, which are related to
solar insolation and evapotranspiration. Slope also played an important role in landslides triggered by
earthquakes. For example, the landslides triggered by the 2018 Hokkaido Earthquake were mostly located on the
west-facing slope because of the mechanism of velocity pulse-like ground motion by earthquakes and strength
parameters of the slope (Chen et al., 2021). Most landslides triggered by TC Cempaka 2017 were located in the
north-facing and east-facing slopes and affected the map appearance, which could be related to the rainfall
pattern caused by TC Cempaka 2017 and the degree of weathering.

5.3. Landslide data handling and landslide magnitude.
The representation of landslide features in maps leads to different data handling strategies and scales. GIS
representation of landslides through discrete-object conceptualization and continuous-�eld conceptualization
generates vector and raster data, respectively. Landslides, as a geomorphological form and process, are scale-
speci�c (Evans, 2003) and are not scale-free. Landslides are often represented as polygons and points on the
medium to large and small landslide inventory maps, respectively. The common procedure for landslide
susceptibility modeling based on ML is to overlay the landslide inventory points with the landslide controlling
factors. The conversion of polygons to points generates a different number of points in each polygon depending
on the methods. The use of different numbers of landslide samples generates signi�cantly different results.

For 1 point samples, we created a landslide susceptibility using 743 landslide points and 743 non-landslide
points, which we increased 3, 5, and 10 times. Finally, using grid samples, we obtained 19,190 landslide points
and 19,190 non-landslide points. The results show that a high number of samples signi�cantly improves the
success rate. However, the study conducted by Dou et al. (2020) using landslide data from Japan and Nepal
indicated that different sampling strategies do not affect the success rate. They used 10,120 landslides triggered
by the 2018 Hokkaido Earthquake and validated using 24,915 points of the 2015 Gorkha Earthquake landslide
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inventory (Roback et al., 2018). We argue that landslide points > 10,000 will not affect the success rate, whereas
landslide points < 10,000 will affect the success rate. We recommend the use of grid sampling to create landslide
susceptibility maps with landslide samples < 10,000 points. Further investigation on the use of real landslide
inventory data with different levels of frequency and magnitude in different geomorphological settings is
required.

6. Conclusion
Different strategies for landslide susceptibility modeling, i.e., inventory data handling, CV, and hyperparameter
tuning, can generate landslide susceptibility maps with a high variation. The authors tested 24 random forest ML
work�ows of landslide susceptibility modeling by varying the inventory data handling, CV, and hyperparameter
tuning strategies. The variation of strategies generates different success rate, predictive performance, and map
appearance. Grid sampling with CV LLO–spatial tuning (spatial CV–spatial hyperparameter tuning) is favorable
because the strategy can minimize over�tting, generate a relatively high-performance predictive model, and
reduce the appearance of susceptibility artifacts in the landslide area.

The application of the ML algorithm and its variation in landslide susceptibility modeling is still developing
because of the advancement of computer processing and GIS technologies. The use of an advanced ML
algorithm should be carefully and critically applied to avoid developing a model that can have a high success rate
but does not make a reliable spatial prediction. Careful data inventory handling, CV, and hyperparameter tuning
should be considered to increase the applicability of landslide susceptibility maps in practical application.
Otherwise, the practical application landslide susceptibility maps cannot be con�dently pursued because it would
produce misleading results.
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Figures

Figure 1
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Location of the study area location, with the red rectangle denoting the Pacitan area and the red rectangle in the
inset denoting the Java Island) (a). Geological formation of the Pacitan Regency (Samodra et al., 1992;
Sampurno and Samodra, 1997), which is also used as landslide controlling factor map (b)

Figure 2

Data handling scenarios for converting landslide polygon into point sampling
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Figure 3

Landslide controlling factors: aspect (a), distance to the river (b), distance to the road (c), elevation (d), land use
(e), plan curvature (f), pro�le curvature (g), slope (h), SPI (i), and TWI (j)
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Figure 4

Illustrations of nonspatial 10-fold cross validation (CV) showing Folds 2, 5, 7, and 9 (a). Illustrations of spatial 10-
fold CV showing Folds 1, 4, 8, and 10 (b)
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Figure 5

ROC and fourfold plot confusion matrix of different CV and hyperparameter tuning strategies: CV–nonspatial
tuning (a), CV LLO–spatial tuning (b), and CV LLO FFS–no tuning (c)
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Figure 6

Landslide susceptibility maps obtained by the random forest model using different landslide inventory data
handling strategies, validation strategies, and hyperparameter tuning
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Figure 7

Superimposed landslide polygon and landslide susceptibility map (for the location where a detailed survey was
conducted) obtained using different landslide inventory data handling strategies, validation strategies, and
hyperparameter tuning
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Figure 8

Maximum CV LLO FFS considered the worst map (a) and grid CV LLO considered the best map (b). Landslide
areas in the maps shown in (a) and (b) were obtained from drone survey (c). Images of landslide polygons before
TC Cempaka 2017 and (d) landslide polygons after TC Cempaka 2017 (e)
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