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Abstract: Landslide susceptibility depends on various causal factors such as geology, land use/land
cover (LULC), slope, and elevation. Unlike other factors that are relatively stable over time, LULC is
a dynamic factor associated with human activities. This study evaluates the impact of LULC change
on landslide susceptibility in the Rangamati municipality of Rangamati district, Bangladesh, based
on three LULC scenarios—the existing (2018) LULC, the proposed LULC (proposed in 2010, but not
yet implemented), and the simulated LULC of 2028—using artificial neural network (ANN)-based
cellular automata. The random forest model was used for landslide susceptibility mapping. The
model showed good accuracy for all three LULC scenarios (existing: 82.7%; proposed: 81.4%; and
2028: 78.3%) and strong positive correlations (>0.8) between different landslide susceptibility maps.
LULC is either the third or fourth most important factor in these scenarios, suggesting that is has
a moderate impact on landslide susceptibility. Future LULC changes will likely increase landslide
susceptibility, with up to 14.5% increases in the high susceptibility zone for both the proposed and
simulated LULC scenarios. These findings may help policymakers carry out proper urban planning
and highlight the importance of considering landslide susceptibility in LULC planning.

Keywords: landslide susceptibility; land use/land cover scenarios; artificial neural network; random
forest; Rangamati municipality

1. Introduction

Landslides cause damage to infrastructure and casualties worldwide. As a represen-
tation of the spatial probability of landslides over an area [1,2], landslide susceptibility
mapping is critical to mitigating landslide disasters [3–5]. Landslide susceptibility maps
are produced using landslide inventory and causal factors [6–8]. Landslide inventory
shows the locations of landslides, while landslide casual factors create suitable conditions
for landslides [4,9]. Various statistical and machine learning models, including logistic
regression, linear discriminant analysis, random forest, support vector machines, decision
tree, extreme gradient boosting (XGBoost), frequency ratio, and certainty factor, have been
used for landslide susceptibility mapping [7,9–17]. These models explore the relationships
between landslide occurrences and causal factors to determine the spatial probability over
the area [8,18,19]. Simple statistical models such as logistic regression, frequency ratio, and
certainty factor can produce easily understandable results with satisfactory accuracy [9,20].
However, advanced machine learning models such as random forest and artificial neural
networks (ANN) usually produce much higher accuracy, but less interpretability [21].

Landslide causal factors can be categorized into geological factors, including lithol-
ogy and distance from the fault lines; physiographic factors such as slope, aspect, plan
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curvature, and profile curvature; and environmental factors such as land use/land cover
(LULC) and distance from a river [22]. Geological and physiological factors are generally
considered static because they are relatively stable. In contrast, environmental factors,
particularly LULC, are dynamic [19]. Different LULC types have different impacts on
landslides. For example, vegetation usually stabilizes a slope because tree roots hold the
soil together. Therefore, removing vegetation can create a conducive condition for land-
slides [19]. Similarly, as in road construction, infrastructural development alters slopes and
causes landslides [23].

Several studies have assessed the impact of LULC change on landslide susceptibil-
ity [19,24–29]. Primarily associated with agricultural activities, deforestation increases the
weathering and erosion processes and ultimately increases the landslide susceptibility of
an area [30]. Chen et al. (2019) [26] assessed the impact of LULC on landslide susceptibility
based on decade-wise LULC maps. Reichenbach et al. (2014) [19] evaluated the effects of
different LULC scenarios on the landslide susceptibility in the Briga catchment of Messina,
Italy. However, these studies used different LULC scenarios for the assessment without
considering the role of the LULC trend of change on landslide susceptibility. Meneses et al.
(2019) [27] evaluated the effects of two different LULC maps on landslide susceptibility.
Their main aim was to assess the effect of the quality of LULC on landslide susceptibil-
ity. Liu et al. (2021) [29] assessed the impact of LULC change on landslide susceptibility
over 38 years in Lixian county, China. This study suggests that landslide susceptibility
increases in agricultural land and rural and urban construction lands, indicating the impact
of anthropogenic activities on landslide susceptibility.

In recent days, machine learning methods have been used to simulate LULC change
and the transitional potential of LULC types [31–33]. The simulated LULC has been consid-
ered the business as usual (BAU) scenario, reducing subjectivity [19,30,34]. At the same
time, LULC planning has been adopted to minimize the effects of natural hazards. Al-
though it is generally assumed that planned LULC mitigates the impacts of natural hazards,
few studies have evaluated the impact of a planned LULC on landslide susceptibility.

Most of the studies have either assessed the impact of LULC change in the past on
landslide susceptibility [29] or assessed the impact of defined future scenarios on landslide
susceptibility [19]. Very few studies have assessed the impact of simulated LULC (BAU
scenario) on landslide susceptibility. It is essential to assess how the change of LULC in a
BAU and in a planned way may affect the landslide susceptibility of an area. In addition,
this will help to understand the role of LULC planning in mitigating the effects of landslides.
In this study, we assessed the impact of LULC change on the landslide susceptibility of
Rangamati municipality, Bangladesh. Landslides occur mainly in the Chittagong Hilly
Areas (CHA) (south of Bangladesh) [35,36] in Bangladesh, especially in the three urban areas
of the Chittagong Metropolitan Area (CMA), Cox’s Bazar, and the Rangamati municipalities.
These urban areas suffer from unplanned LULC change [23,36,37]. Therefore, it is critical to
assess future LULC changes on the landslide susceptibility in the Rangamati municipality.
We evaluated the change of landslide susceptibility using the proposed LULC plan and
simulated the LULC of 2028 (BAU). Specifically, this study helped answer the following
research questions: a) what is the landslide susceptibility scenario in the BAU condition
of LULC change, and b) can planned LULC change prevent the increase of landslide
susceptibility in the study area?

2. Materials and Methods
2.1. Study Area

Rangamati municipality (Figure 1) is the administrative headquarter of the Rangamati
district. It covers approximately 64.8 km2 of the area between 22◦37′60 N and 91◦2′0 E. The
total population is around 150,000, six times more than the area’s carrying capacity [38].
Population density is about 200 people/km2 [39]. The elevation ranges from 0 to 195 m
above sea level. Vegetation covers 75% of the study area and waterbodies cover 18%.
Half of the study area is inhabitable, and this is why people clear forests and level hills to
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spread settlements and build new infrastructure [38]. The maximum and minimum annual
average temperatures are 36.5 ◦C and 12.5 ◦C, respectively. The average annual rainfall
is around 2673 mm [39]. Folded, faulted, and uplifted tertiary and quaternary sediments
form the study area [23]. Kaptai Lake, situated in the east of the study area, is an artificial
lake formed due to the construction of the Kaptai dam.
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Rangamati municipality is prone to landslides and during June–July 2017, 73 people
died due to landslides [38]. In a short period, excessive monsoon rainfall triggered land-
slides [23,40]. In the study area, population density has doubled in the past two decades
because people have migrated to this city [38]. Due to the proximity to the Kaptai Lake
and natural scenic landscapes, tourism industries have started to grow. In recent years,
plantations have become common in the city’s western part [23]. Natural vegetation has
been removed for plantations, increasing soil erosion [38]. Unplanned LULC changes, such
as conversion of natural vegetation to plantation agriculture, infrastructural and tourism
development, and agriculture, have increased the risk of landslides in this area.

2.2. Landslide Susceptibility Mapping
2.2.1. Landslide Inventory and Landslide Causal Factors

We used 65 landslide locations (Figure 1) for susceptibility mapping. From these
landslides, 54 landslides occurred during June–July, 2017, and were mapped in the field
The rest of the landslides were mapped using the visual interpretation of Google Earth
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images. These landslides occurred from January 2001 to June 2017. From 65 landslides,
types were identified for 43 landslides. Unfortunately, some of the landslides (11) were
old and it was difficult to determine their type. In the study area, slide (18) is the most
dominant type of landslide, followed by flow (16) and complex (7).

The same number of non-landslides (65; absence-data) were generated from the
comparatively safer zones. These landslide and non-landslide locations were split into
training (80%; 104) and validation (20%; 26) datasets.

In this study, ten landslide causal factors: elevation, slope, aspect, topographic wetness
index (TWI), stream power index (SPI), distance from the drainage network, plan curvature,
profile curvature distance from fault lines, and LULC were used. We selected 30 m as
the resolution for the landslide susceptibility map because most causal factors are with
this resolution.

Relatively Stable Causal Factors

Most causal factors we selected, except for the LULC, are relatively stable factors. The
Advanced Spaceborne Thermal Emission Reflection Radiometer (ASTER) (30 m × 30 m)
DEM was used to derive elevation, slope, aspect, plan curvature, and profile curvature
(Figure 2a–e). The slope is considered one of the most important causal factors because
landslide probability increases with the increase of slope [22]. Other factors such as pore
pressure and water drainage also depend on the slope [7]. Aspect represents the direction
of the slope. Profile curvature is defined as parallel to the direction of the maximum
slope. In contrast, plan curvature is perpendicular to the direction of maximum slope.
These three factors may not directly affect landslide susceptibility but, together with other
factors, can create conducive conditions for landslides [22,35]. Distance from the drainage
network (Figure 2f) was derived from the drainage network downloaded from GeoDash,
an open-access geospatial database provided by Bangladesh’s government. Both the
Topographic Wetness Index (TWI) (Figure 2g) and Stream Power Index (SPI) (Figure 2h)
are hydrological factors associated with runoff potential [22], and they were also derived
from the DEM. The map of fault lines from the Geological Survey of Bangladesh (GSB) was
used to determine the distance from the fault lines (Figure 2i). Closer distances to fault
lines generally represent weak locations with a high probability of landslides [22].

Land Use/Land Cover

Different from the stable factors described above, LULC is a dynamic factor. For
example, Abedin et al. (2020) [23] found that LULC affects the landslide susceptibility of
the study area. In particular, anthropogenic activities such as plantation agriculture and
urban infrastructure development cause rapid LULC change. In this paper, we examined
the impact of three LULC scenarios on landslide susceptibility: (a) the existing (2018) LULC
(Figure 3b), (b) a proposed LULC (Figure 3d), and (c) a simulated LULC of 2028 (Figure 3c).

Existing LULC of 2018

A Landsat 8 OLI image during the dry season (29 November 2018) was used to classify
the LULC of 2018. The geometric and radiometric corrections were performed before the
classification, and the image was reprojected to the Bangladesh Transverse Mercator System
(BTM). We classified the image based on modifying the Anderson Level-I scheme [41].
Before classification, all satellite data were studied using spectral and spatial profiles, and
digital numbers were converted into surface reflectance. The classification scheme was
established based on ancillary information of field survey, visual image interpretation, and
local knowledge of the study area. The classification of images was performed using a
supervised maximum likelihood classification (MLC) algorithm. Based on the visual inter-
pretation of the locations on Google Earth and the image itself, 60 polygons were digitized
for each category. The land cover maps were validated using Rangamati district guide
maps and Google Earth images. Four land-cover types, namely built-up, waterbodies,
vegetation, and bare land, were classified based on study area knowledge. Vegetation
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includes natural vegetation, plantation agriculture, and other agricultural lands; water-
bodies include lakes, rivers, and ponds; bare land includes fallow lands and lands under
slash and burn agriculture (in slash and burn agriculture, farmers clear a forested slope,
in which case we considered it as bare land, and then they cultivate crops there, in which
case we considered it as vegetation). Post-classification refinement was used to improve
the classification accuracy [42,43]. Overall classification accuracy was 91.0%, and the kappa
statistic was 0.88. A 3 ∗ 3 majority filter was also applied to the classified maps to reduce
the salt-and-pepper effect [44].
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The classification accuracy was assessed using field data and the geographical fea-
tures on land-use maps, topographic maps from the survey of Bangladesh, and visual
interpretation of very high spatial resolution data from Google Earth. The Landsat-derived
classified images’ total accuracy was 96%, with a corresponding kappa coefficient of 0.93.
The user’s and producer’s accuracy of individual classes ranged between 73–100% and
89–100%, respectively. The accuracy meets the 85–90% standard for LULC mapping studies,
as suggested by Anderson et al. (1976) [41].

Proposed Land Use/Land Cover

The second LULC scenario is a proposed LULC map (Figure 3d) from the town plan-
ning unit of Rangamati municipality under the “Urban Governance and Infrastructure
Improvement Project.” This proposed LULC has not yet been implemented. We aimed to
assess whether the proposed LULC map can reduce landslide susceptibility. Communica-
tion with urban planners of the municipality and the stakeholders indicates that landslide
susceptibility or the landslide risk were not considered when proposing the LULC map.
However, all the urban planning rules were used during the preparation of the proposed
LULC. For example, the new industrial and urban areas were proposed only in gentle
slope areas.

An artificial neural network (ANN)-based cellular automata (ANN-CA) model was
used to simulate and predict the land use/land cover map of 2028 based on the land
use/land cover of 2008 and 2018. To implement the ANN-CA model, the open-source
software package QGIS’s MOLUSCE (Modules for Land-use Change Evaluation) plugin
was used. This plugin measures the percentage of area change for each study area’s land
use/land cover. In addition, this plugin provides ANN logistic regression, multi-criteria
evaluation, and weight of evidence methods to measure transitional potential based on
the change and transition matrix [45]. The transitional potential was used in the cellular
automata simulation of MOLUSCE plugins to predict future land use/land cover [46]. We
adopted the method proposed by Li and Yeh (2002) [47] and Saputra and Lee (2019) [46]
for LULC prediction in which accuracy was around 80% in different parts of China.
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Table 2 shows the transitional probability matrix of different LULC from 2008 to 2018.
It is based on the percentage of LULC change from 2008 to 2018. The values in the matrix
range from 0 to 1. The higher the value, the higher the transitional probability of a land-use
type converting into another type. The most active LULC type was vegetation since it had
a higher probability of changing to bare land (0.28) and built-up (0.34). On the other hand,
waterbodies and built-up areas were the most stable types, since Kaptai Lake is a protected
area in the study area. Therefore, the probability of change of Kaptai Lake is minimal. On
the other hand, built-up areas will not convert back into vegetation or waterbodies.

We digitized this proposed land-use map in ArcGIS. To be comparable with other
LULC maps, we combined the eight LULC classes of the proposed map into four types:
vegetation, waterbodies, built-up, and bare land. We dissolved them with: vegetation
which includes natural forest, plantation agriculture, and orchard; built-up land, which
includes settlement, roads, and recreational centers; and bare land, which includes fallow
land and areas under slash and burn agriculture.

Simulated Land Use/Land Cover

The third LULC scenario is a simulated LULC for 2028 (Figure 3c). For LULC simula-
tion, it is necessary to determine the factors that drive the LULC change of an area. These
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LULC classes are controlled by different factors [33]. For Chittagong Hilly Areas (CHA),
Hasan et al. (2020) used four categories of influencing factors: socio-economic, proximity to
building infrastructure, climate, geophysical, and environmental. Table 1 shows the factors
and their data sources used in the LULC simulation of 2028 in this study.

Table 1. Influencing factors of LULC in Rangamati municipality.

Factor Type Influencing Factor Data Source

Socioeconomic Factors Population Density LandScan Project

Proximity to Building
Infrastructure

Distance from the
Road Network GeoDash

Distance from Urban Areas Landsat 8

Climatic Variables Rainfall Bangladesh Meteorological
Department (BMD)

Elevation ASTER (30 m)

Slope ASTER (30 m)

NDVI Abedin et al., 2020

Distance from Drainage
Network GeoDash

Table 2. Transitional probability matrix of different land use/land covers in Rangamati municipality
from 2008 to 2018.

LULC Types Waterbodies Vegetation Bare Land Built-Up

Waterbodies 0.90 0.09 0.0 0.0
Vegetation 0.04 0.36 0.28 0.34
Bare land 0.0 0.01 0.93 0.06
Built up 0.0 0.08 0.04 0.88

In the MOLUSCE plugin, the first step is to define the input variables for neural
network-based simulation. Our initial data was the land use/land cover map of 2008, and
the final data was the land use/land cover map of 2018. Spatial variables were the eight
exploratory variables (Table 3) that were used in the input section of the MOLUSCE plugin.
The percentage of change of each of the land use/land cover was calculated between the
land use/land cover maps of 2008 and 2018. This also provides the transitional probability
matrix, which is the proportion of cells changed from one land use/land cover to another.

Table 3. Percentage of LULC change in different LULC scenarios.

Scenario Year Waterbodies (%) Vegetation (%) Built-Up (%) Bare Land (%)

2008 50.2 40.2 4.3 5.1

Base Year 2018 48.9 36.5 8.2 6.5

Business as Usual (BAU) 2028 40.8 30.7 14.5 10.6

Proposed 46.7 19.2 14.9 19.2

Transitional potential modeling using ANN multi-layer perception is the main part
of the module. In the neural network, there are three layers: input, hidden, and output.
Here, the input layers are the eight exploratory variables. For a perfect fit, we used the
2n/3 approach and used five hidden neurons. The learning rate is the hyperparameter, and
a high learning rate value will give an unstable model. Simultaneously, a low learning rate
will cause a lengthy training process [48]. In this study, the learning rate was 0.001.
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Transitional probability obtained from ANN was used in cellular automata (CA)
simulation for predicting the future land use/land cover of 2028. In CA-based simulation,
the composition and correlation of one cell with the surrounding cells are considered. The
CA-based simulation requires iterations to determine whether a cell can be changed into
another LULC class. The change of the pixel or cell from one LULC to another depends on
a user-defined threshold, ranging from 0 to 1 [47]. The threshold value should be chosen so
that the LULC is not changed quickly, and it is ensured by a relatively larger value [47]. In
other words, a somewhat larger value provides the step-by-step change of LULC [46]. In
this study, we set the threshold value as 0.9 based on the findings of Li and Yeh (2002) [47]
and Saputra and Lee (2019) [46].

2.2.2. Random Forest Model and Accuracy Assessment

The random forest model was used for landslide susceptibility mapping. Random
forest is a widely used model in landslide susceptibility mapping since it shows better
prediction capability [7,14,16,17,26]. Breiman (2001) [49] proposed a random forest model
that improves the decision tree model. The model ensembles the decision trees and iden-
tifies the membership class depending on the maximum number of votes [21]. Random
forest uses bootstrap aggregation and selects samples from the training dataset to develop
a classification tree [21]. Out of the bag samples or the unselected samples are used to
determine the error and the importance of the model’s factors [7]. The random forest model
gives predictions by integrating individual classification trees [26,50]. This model depends
on two hyperparameters: ntree or the number of trees, and mtry or the number of node
splits. For a stable model, ntree can be a large value and mtry = E/3, where E is the number
of independent variables. In this study, mtry was 4 since the number of independent
variables was 10; ntree was 500, and node size was 4 [34]. We chose a comparatively smaller
node size; therefore, the processing time was comparatively long, but larger trees were
formed [21]. The “randomForest” package of R 3.8 was utilized to carry out the random
forest modeling [51].

The areas under the success and prediction rate curves were used for model validation.
The training dataset was used to calculate the area under the success rate curve (AUC),
while the validation dataset was used to calculate the area under the prediction rate. The
success rate curve shows how well the model learns the behavior of the training dataset,
while the prediction rate indicates how well the model can predict future landslides.
The AUCs of success and prediction rates range between 0.5 to 1.0 or 50% to 100% [18].
Accuracy of 90–100% falls under the excellent category; 80–90% accuracy falls under the
good category; 70–80% accuracy falls under the moderate category, and <70% falls under
the poor category [20]. In this study, we used three LULC scenarios to produce three
landslide susceptibility models. We used landslides that occurred from 2001 to 2017.
Therefore, in our study design, for the landslide susceptibility map produced using existing
LULC, we calculated the success rate using the training dataset. The random forest model
was trained using training data for the existing LULC and the stored model. For landslide
susceptibility maps produced using proposed and simulated LULC, we changed the LULC
scenarios. Therefore, for these two susceptibility maps, validation accuracy was calculated
using a validation dataset. The validation dataset was not used during the training process
and was totally new to the random forest model. Therefore, it can be considered as future
landslides. Although these landslides occurred from 2001 to 2017, during the process
of training these landslides were totally unknown to the random forest model; this is a
very common approach for validating a machine-learning model as well as checking the
prediction accuracy [21]. Machine-learning models such as the random forest model are
prepared based on an available dataset and are used for predicting future scenarios. We
cannot obtain the data of future scenarios and in such a case splitting the available dataset
into training and testing sets is considered the best approach where test or validation
dataset is used to measure prediction accuracy [21]. Therefore, in this study, for measuring
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the prediction accuracy of the landslide susceptibility maps produced using the proposed
and simulated LULC scenarios, we used the validation dataset.

3. Results
3.1. LULC Scenarios

In 2018 (Figure 3b), around 48.9% (Table 3) of the study area was designated as
waterbodies. Vegetation covered around 36.5% of the study area. The percentage of
built-up area and bare lands were 8.2% and 6.5%, respectively.

In the proposed LULC (Figure 3d), around 38.4% were designated as either built-up
areas or bare land. According to this proposed plan, some vegetation would be removed to
develop industrial and commercial areas. Some areas in the southwest were designated as
fallow or bare land.

LULC of 2028 was simulated based on the trend of change of LULC from 2008 to 2018
and its association with the eight explanatory variables. From 2008 to 2018, vegetation
decreased by 10.1% (Table 3), while bare land increased by 27.0% and built-up area increased
by 88.9%. The increasing population and development of tourism industries are the reason
behind the sharp increase of built-up area and the decrease of vegetation. The simulated
LULC pattern suggests that the built-up area would increase by 77.2%, and the bare
land would increase by 54.8%. In contrast, vegetation would decrease by 4.9%, and the
waterbodies would reduce by 19.8% due to conversion to built-up or bare land.

3.2. Landslide Susceptibility Mapping

The variable importance plot (Figure 4) shows that for the existing (2018) LULC,
elevation (100.0) is the most important causal factor, followed by distance from fault lines
(65.5), distance from drainage network (55.4), and LULC (55.3). In the proposed LULC
scenario, the importance of LULC (23.9) was not as high as the existing LULC scenario. For
the simulated (BAU) LULC of 2028, elevation (100.0) was the most important causal factor,
followed by distance from drainage networks (51.1) and distance from the fault lines (50.8).
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(SPI = stream power index; PLC = plan curvature; TWI = topographic wetness index; PRC = profile
curvature; DR = distance from drainage; DF = distance from fault lines).

Since elevation was the most important causal factor in the existing LULC scenario
(Figure 5), areas with higher elevation in the northwest and south-west regions were
classified as either high or very high susceptibility zones. Simultaneously, the same areas
near the built-up area were classified as either high or very high susceptibility zones.
On the other hand, areas near waterbodies were classified as low susceptibility zones.
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For the proposed LULC map, the same areas were classified as either high or very high
susceptibility zones. Moreover, new high susceptibility zones in the proposed LULC map
were spread around the high susceptibility zones classified in the existing LULC map.
In this scenario, the same areas near the waterbodies and Kaptai Lake were classified as
moderate susceptibility zones. In the simulated LULC scenario (Figure 5), as in the previous
two models, the same areas were classified as high susceptibility zones and spread around
the high susceptibility zones classified in the existing LULC model. As in the proposed
scenario, areas near the waterbodies and the Kaptai Lake were classified as moderate
susceptibility zones because these areas were classified as vegetation or built-up areas in
the proposed and simulated LULC scenarios. In contrast, these areas were classified as
waterbodies in the existing LULC with low landslide probability.
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In the existing LULC scenario (Table 4), 20.2% of the area was classified as a high
susceptibility zone. However, the high susceptibility zones increased by 28.7% and 34.2% in
the proposed and simulated LULC scenarios. In the existing LULC scenario, 22.4% (Table 5)
of the built-up area falls under the very high susceptibility zone, while in the proposed
LULC scenario, 27.1% of the built-up area falls under the very high susceptibility zone. In
the BAU scenario, 42.4% of the built-up area will be a high susceptibility zone. For both the
proposed and BAU scenarios, bare land in the very high susceptibility zone will increase
by almost 100.0%, since it will increase from 33.2% to 67.8% for the proposed scenario and
65.4% for the BAU scenario.

The success (Table 6) (88.9%) and prediction rates (82.7%) were higher for the existing
LULC than those of the other two LULC scenarios. The prediction rates for the current and
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proposed LULC scenarios were relatively higher (>80%) than the rate for the simulated
(2028) scenario (<80.0%).

Table 4. Percentage of area under different susceptibility zones.

Model Land Use Susceptibility Area (%) Increase (+) or Decrease (−) (Based
on Existing Susceptibility) (%)

Random Forest Existing Low 63.6 -

Moderate 16.2 -

High 20.2 -

Proposed Low 59.0 −7.2

Moderate 15.0 −8.0

High 26.0 +28.7

2028 (Simulated) Low 53.0 −16.7

Moderate 19.9 +22.8

High 27.1 +34.2

Table 5. Percentage of landslide susceptibility classes in every LULC class in different scenarios.

Susceptibility Class Land Use Vegetation (%) Waterbodies (%) Bare Land
(%)

Built-Up
(%)

Low

Existing

58.2 95.8 37.9 53.8

Moderate 22.4 4.2 28.9 23.8

High 19.4 0.0 33.2 22.4

Proposed

Vegetation (%) Waterbodies (%) Bare land
(%)

Built-up
(%)

Low 37.3 78.4 12.2 38.3

Moderate 22.2 13.0 20.0 34.6

High 40.5 8.6 67.8 27.1

Simulated

Vegetation (%) Waterbodies (%) Bare land
(%)

Built-up
(%)

Low 22.1 69.0 7.6 11.2

Moderate 43.5 31.0 27.0 46.4

High 34.4 0.0 65.4 42.4

Table 6. Success and prediction rates of random forest models.

Model Land Use Data Success Rate Prediction Rate

Random Forest Existing 88.9 82.7
Proposed - 81.4
2028 - 78.3

4. Discussion

In this study, we assessed the impact of LULC on landslide susceptibility mapping
in the Rangamati municipality based on three LULC scenarios. LULC is not the most
important factor for landslides in our study area. However, its dynamic nature can affect
landslide susceptibility [26]. Furthermore, well-planned LULC can limit the increase of
high susceptibility zones, and the business-as-usual scenario may exacerbate the condi-
tions [19]. Therefore, LULC change affects landslide susceptibility in the future. Our study
revealed that elevation is the most important causal factor (Figure 4) in the study area since
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people want to carry out anthropogenic activities such as infrastructure development in
areas where elevation is low. Moreover, with the increase of elevation, the probability of
landslides increases; then, after a specific elevation due to rock structure and geomorphic
conditions, the probability decreases [26]. In the study area, the highest elevation is 195 m.
Due to the presence of Kaptai Lake in the east; most of the anthropogenic activities are
concentrated in the north and southwest of the study area. Therefore, in these areas, ele-
vation played a crucial role in landslides. On the other hand, the role of LULC (Figure 4)
was variable across different scenarios. It was comparatively more critical for the simu-
lated and existing LULC scenario than the proposed LULC scenario. This indicates that
in the proposed scenario, planned LULC would reduce the impact of LULC change on
landslide susceptibility.

The random forest model showed that landslide susceptibility would increase for both
the proposed and simulated LULC scenarios, but the increase is lower in the proposed
scenario. This suggests that the proposed LULC scenario is more sustainable than the BAU
scenario. Although landslide susceptibility was not considered in the proposed LULC, the
urban planning rules and regulations applied to the proposed LULC mitigate the increase
of landslide susceptibility. As mentioned before, in the proposed LULC, the area under the
built-up areas will increase, but new built-up areas will be proposed only in areas with
gentle slopes. In contrast, BAU is dependent on the past trend of the LULC change. If the
LULC trend of change continues, LULC will likely elevate the landslide susceptibility much
higher. The built-up and bare land changes are similar for the proposed and BAU scenarios.
In BAU, the analysis was conducted at the pixel level, leading to more sporadic changes. In
contrast, the proposed LULC was vector-based, with large and continuous areas designated
for a single LULC type. For example, the southwest portion of the study area includes four
LULC types in the BAU scenario, but only two LULC types in the proposed LULC.

BAU will increase the percentage of areas under high susceptibility zones in future
scenarios. It is also evident that new high susceptibility zones will spread around the
already classified susceptibility zones in the existing landslide susceptibility map based on
the LULC of 2018. Therefore, this indicates that high susceptibility zones will not shift to
entirely new places; instead, they will be spread around the previous locations.

Previous studies have found that LULC plays an essential role in determining landslide
susceptibility in this area [23,37]. Our study confirmed previous studies and suggested
that the impact of LULC will increase in future scenarios. The quality of the landslide
susceptibility map depends on the quality and accuracy of landslide inventory and the
causal factors [4,22]. In this study, 65 landslide locations were used for training and
validating the models. These landslides occurred in 2017, and most of the landslides were
near settlements and other infrastructures such as road networks. Because these landslides
caused infrastructural damages and causalities, they were reported in newspapers and
governmental reports. To reduce the biases, we excluded factors such as distance from
the road network from the model. Due to the lack of high-resolution rainfall data and
a detailed geological map, rainfall and geology were not included as causal factors in
landslide susceptibility mapping.

Rainfall is considered a causal factor in landslide susceptibility mapping, whereas
rainfall is considered a triggering factor in developing landslide early warning systems [52],
which is not the scope of this study. The study area is small in size, and there was no
spatial variation of mean annual rainfall, therefore indicating that mean yearly rainfall
will not affect the landslide susceptibility. However, in the study area, most landslides
are triggered by rainfall. This means that causal factors create conducive conditions for
landslides and triggering factors such as rainfall initiate the landslide events. Our study
only assessed the impact of LULC change on landslide susceptibility with the assumption
that all other factors are unchanged. We acknowledge that other dynamic factors may also
affect the landslide susceptibility scenario. If the pattern of mean annual rainfall changes
due to climate change in the future, it will affect landslide susceptibility. In our study area,
landslides are mainly triggered by intensive rain, and climate change may result in more
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or less intensive rainfall events. More studies are needed to assess the impact of climate
change on landslide susceptibility and the role of changing rainfall as a triggering factor.

5. Conclusions

In landslide susceptibility mapping, geomorphic and physiographic factors such as
slope, aspect, plan curvature, profile curvature, and geology are static. On the other
hand, LULC is a dynamic factor related to human activities. We assessed the impact of
LULC change on landslide susceptibility based on three scenarios: existing, proposed, and
simulated LULC patterns. The random forest model showed that due to LULC change,
landslide susceptibility would increase, and thus the percentage of high susceptibility
zone would also increase. All models showed satisfactory accuracy (>80.0%) in success
and prediction rates. Future landslide susceptibility will keep changing, with new high
susceptibility zones spreading around the existing high susceptibility zones, mainly in the
urban areas and areas with high elevation in the north and southeast of the study area. A
proper LULC management plan should be implemented to minimize the increase of high
susceptibility zones. This study highlighted that new high susceptibility zones will likely
be spread around existing high susceptibility zones. A proper LULC management policy is
necessary to mitigate the increase of high susceptibility zones.

This study did not use causal factors such as geology, rainfall, and soil characteristics
in landslide susceptibility mapping due to data unavailability. We also did not consider
climate change in the assessment. Therefore, the produced landslide susceptibility maps
may have some bias and uncertainties. Future work is necessary to include more factors in
the evaluation and assess the impact of climate change on landslide susceptibility.

Our results suggest that the proposed LULC scenario may have a relatively lower increase
in landslide susceptibility than the BAU scenario. However, it is unclear if the proposed LULC
minimizes landslide susceptibility. Therefore, it is important to explore different LULC
scenarios to minimize landslide susceptibility in LULC planning and management.
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