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Abstract

Because of its complicated topography, thick vegetation, and monsoonal climate, Bangladesh's Chittagong Hill
Tracts (CHT) are extremely susceptible to simultaneous natural hazards like landslides, flash floods, and soil
erosion. Comprehensive risk management strategies are hampered by the lack of integrated assessments of these
hazards, despite their frequent co-occurrence. Using remote sensing data and geospatial modeling, this study
performs a geospatial Multi-Hazard Vulnerability Assessment (MHVA) to assess and summarize the spatial
patterns of soil erosion, landslide susceptibility, and flash flood potential in the CHT. Using variables like slope
length, land cover, rainfall erosivity, soil erodibility, and conservation techniques, the Revised Universal Soil Loss
Equation (RUSLE) model is used to estimate soil erosion rates. While the Flash Flood Potential Index (FFPI)
models flash flood vulnerability by combining slope, geology, land use, bare soil index, and Sentinel-2 imagery,
the Landslide Susceptibility Index (LSI) is derived by integrating geological, topographic (slope, plan curvature,
DEM), and anthropogenic factors (road and river networks). To create a composite MHVA map, these separate
hazard indices are normalized and combined using an equal-weight MCDM technique, revealing areas of low to
extremely high multi-hazard vulnerability. This study offers a scalable methodology for prioritizing disaster
mitigation efforts and emphasizes the value of geospatial approaches in deciphering multi-hazard interactions.
The results are intended to assist local communities and policymakers in implementing cooperative measures to
improve resilience in the CHT and other fragile ecosystems around the world.

Keywords: Flash Flood Potential Index; Multi-Hazard Vulnerability Assessment; Landslide Susceptibility Index;
Remote sensing, vulnerability assessment; Chittagong

1 Introduction

Around the world, communities are becoming more vulnerable to the increasing frequency and severity of natural
disasters. This vulnerability is largely due to climate change, rapid urban growth, and poor land management. The
global crisis shows itself in extreme weather events like floods, wildfires, and landslides. These events hit the
vulnerable populations most, especially in developing countries. Bangladesh, being a delta region, is no different,
as its geography and economic conditions make it particularly prone to various hazards. The southeastern region,
especially the Chittagong Hill Tracts (CHT), stands out as an area at risk, as it faces disasters such as flash floods,
landslides, and soil erosion. These events often overlap, worsening their effects on the environment and local
communities. Despite the frequent occurrence of these multi-hazard scenarios, detailed studies that integrate these
risks are still scarce (AFRIN et al., 2023; Ding et al., 2020).

Many studies have looked at individual hazards like flooding or landslides. However, most of them do not consider
the effects that happen when these hazards occur together. For instance, flash floods in the CHT can cause
landslides, and the resulting soil erosion increases the risk further. This relationship between multiple hazards has
been less explored in existing research, leaving a significant gap in our understanding of the region's overall
vulnerability to natural disasters. Globally, a good number of multi-hazard-based studies has been done, such as
multi-hazard risk assessment using AHP (Gacu et al., 2025), using remote sensing method to predict future multi-
hazard exposure (Salvo & Vitale, 2023), multi-hazard vulnerability in North Macedonia (Aleksova et al., 2024),
multi-hazard assessment in Indonesia’s new capital (Heo et al., 2024) etc. But current researches in Bangladesh,
focuses on the risks of single hazards in isolation, especially in the CHT region, such as the work landslide risk
assessment in CHT by Islam et al. (2017) and Soil erosion assessment in CHT by AFRIN et al. (2023) . These
studies ignore how real-world disasters are dynamic and interconnected, with one hazard potentially contributing
to or worsening others. This emphasizes the necessity of assessing risks using a multi-hazard approach.

This study aims to address this gap by conducting a thorough multi-hazard vulnerability assessment for the
Chittagong Hill Tracts. By using satellite data and GIS-based tools, this research will evaluate three major natural
hazards: soil erosion- usilandslide vulnerability mapping, and flash flood. The individual hazard maps will then
be combined using a Multi-Criteria Decision-Making (MCDM) approach to create an overall vulnerability map
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for the region. The Equal Weight MCDM method used here ensures that each hazard is treated equally, making
the assessment clear, accessible, and fair. This approach differs from more complex machine learning methods
(Ullah et al., 2022), This approach prioritizes simplicity, making it better suited for local planners and
policymakers.

By layering and integrating these hazard risks, this study aims to provide a better understanding of where urgent
interventions are necessary in the CHT. The combined vulnerability map will contribute to academic knowledge
and help in practical decision-making regarding disaster preparedness, land-use planning, and sustainable
development. The ultimate goal is to guide policymakers, planners, and communities in making informed,
location-specific decisions that enhance disaster resilience. This research will be particularly valuable in areas like
the CHT, which face compounded risks due to their steep landscape, dense vegetation, and heavy monsoon rains.
It aims to help build long-term resilience in one of Bangladesh’s most ecologically fragile

regions.

2 Methodology

2.1 Study Area

The Chittagong Hill Tracts (CHT), shown in figure 1, is located in southeastern Bangladesh. It is a region of
striking natural beauty and ecological richness. It occupies around 13,191 km2 The annual rainfall is
approximately 3500-4500 mm in this region. During the summer, the average maximum daily temperature is 30°C.
These hill soils are considered brown hill soils with sedimentary rocks.

Study Area Map
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Figure 1: Chittagong Hill Tracts (CHT) Map

These soils can be characterized by slight or almost no leaching of iron and clay. The upper horizon always remains
decalcified, and the texture varies from silty loam to sandy loam with an organic matter of < 1.5% in grassland
and 2-5% in forested areas (SRDI, 1986; Shoumik et al., 2023). The primary limitations of these regions are steep
slopes, moderate to high soil erodibility, heavy rainfall, and low soil fertility status. According to Shaheed, S. M.
(1995), 75% of the hill tracts are very highly susceptible to erosion, while 20% are highly susceptible to erosion,
and 5% are moderately susceptible to erosion. Islam et al. (2017) reported that the southeastern region suffered
two major landslides after 2000s, one in 2007 and another in 2017. Soil erosion and landslides in these hilly regions
cause a massive siltation in the rivers or valleys. (Shoumik, et al., 2023).

2.2 Data Preparation and Processing
Hazard Data Resolution Source
Slope, Elevation, Relative Digital Elevation Model (htt

Flood Relief, 30m ps://earthexplorer.usgs.gov/)
Soil Vector / 1:250,000 FAO Soils Portal
Hazard Data Resolution Source
LULC 30m Landsat 9 OLI/TIRS (htt

ps://earthexplorer.usgs.gov/)
30m Derived from DEM

CHIRPS — Climate Hazards Group
(https://www.chc.ucsh.edu/data/chirps)

TWI, TPI, Distance from
Stream, Drainage Density

Rainfall ~5 km (0.05°)

Flood
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Slope, Aspect, Curvature, 30m Derived from DEM
Stream Density (https://earthexplorer.usgs.gov/)
Geology, Fault Line 1:250,000 Geological Survey of Bangladesh
. ] FAO Soils Portal
Landslide Soil 1:250,000 (http://www.fao.org/soils-portal)
Landsat 9 OLI/TIRS
LULC, NDVI 30m (https://earthexplorer.usgs.gov/)
. _ o CHIRPS - Climate Hazards Group
Rainfall 5 km (0.057) (https://www.chc.ucsh.edu/data/chirps)
. ] FAO Soils Portal
Soil 1:250,000 (http://www.fao.org/soils-portal)
. . . Digital Elevation Model (htt
Soil Erosion Elevation 30m ps://earthexplorer.usgs.gov/)
NDVI. LULC 30m Landsat 9 OLI/TIRS (htt

ps://earthexplorer.usgs.gov/)

To ensure the uniformity and accuracy of the geospatial analysis, a systematic approach to data preparation was
employed prior to vulnerability assessment. The given data in the table were collected from the given sources and
then projected and resampled to guarantee analytical consistency across datasets from various sources and
geographical formats. The PCA method was utilized for generating landslide vulnerability map and flood
vulnerability map. For soil erosion, RUSLE model was used.

The normalization technique has been performed directly to all the variables to ensure that all of the variables are
in a single scale, which is essential for creating weights so that the variables may be studied in comparable units.
In this sense, a high normalized number always indicated more susceptibility. In this study, the min-max
normalization process was applied using the equation (1):

Yij = (Xmax — Xmin)/(Xij — Xmin) (1)

The study conducted two basic statistical tests; the Bartlett's test (Tu et al., 2018) of sphericity and the Kaisa—
Mayer—Olkin (KMO) test (Dugger et al., 2022) to verify the dataset's suitability for PCA. These tests serve as
statistical assessments of the completeness of the data and the suitability of the variables for factor analysis.

For PCA analysis, the data for flood vulnerability factors was structured in a matrix, with each variable represented
by a column, and standardized into a z-score to ensure no variable contributed significantly to the PCA (Sarker et
al., 2025):

Zy= M @)
where p; is the ith variable's mean and o; is its standard deviation, respectively, and Z; is the ith variable's
standardized value for the jth observation, and Xj; is the actual value.
After that, equation (3) was used to compute the covariance matrix of the variables following the normalization of
the data. This illustrates the differences among the flood vulnerability indicators, highlighting the ways in which
the majority of them differ from one another(Ajtai et al., 2023):

C=Z 3 (X - X)X -x)" ®)

Here, C represents the covariance matrix, Xjdenotes the standardized values dor the j-th factor, and X refers to the
average vector for all the factors. Eigenvalues and eigenvectors are further calculated using the covariance matrix
and Equation (4) (Dugger et al., 2022):

Cv=X (4)

Here, v is an eigenvector, which corresponds to a certain principal component, and A is the corresponding
eigenvalue.

In this manner, the eigenvectors specify the orientations of the primary components, and the eigenvalues provide
the proportion of variance explained by each component. While the remaining principle components will explain
progressively less variation, the first principal component explains the greatest amount of variance in the
dataset(Dugger et al., 2022). Based on this, the eigenvectors (Equation (5)) were analyzed to determine the loading
for each variable for the main components:
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Lik = Vik (5)

where vik is the corresponding eigenvector element and Lik is the loading of the i-th variable on the k-th principal
component.

The loadings provide a comparison view of each variable's effect on each principal component. Equation (6) was
used to square the loadings in order to quantify the contribution of each individual variable to the
principal components. This provides a measure of each variable's overall contribution to the variance explained
and removes any negative values. Equation (7) was then used to calculate the total contribution of each variable
by summing the loadings squared for the variables across all principal components.

Li?= (vi)? (6)

Z:1 Ly ()

Total squared loading, Si =
Where p is the number of principal components which are retained according to their eigenvalues.
The average contribution of each variable to the explanation of the variance within flood vulnerability and
landslide vulnerability is shown by this total. Equation (8) was used to make the squared loadings relative by
dividing each by the sum of the squared loadings for all variables, so providing weights for the indicators(Sarker
etal., 2025).

Total squared loadings;
Wi = q 8Si

~ Y, Total squared loadings;

®)

where n is the total number of variables and Wi is the normalized weight for the i-th variable.

These weights were presented as percentages to make them easier to understand. The weights that were determined
indicate the relative importance of each flooding and landslide vulnerability variable level evaluation. These
weights were then used to combine the many criteria into a single index, enabling a more thorough evaluation of
flood and landslide vulnerability throughout the research region.

For soil erosion, Revised Universal Soil Loss Equation (RUSLE) (Renard et al. 1997) was used. RUSLE makes
use of a contemporary computer interface and physiologically relevant input variables that are frequently available
in databases today, it is simple to use. Additionally, it may be swiftly recovered from remotely sensed pictures and
DEM. The best erosion analysis technique now on the market is RUSLE, which may be applied locally or
regionally. An equation that illustrates the key elements that contribute to soil erosion, the RUSLE model includes
climate, topography, soil qualities, and land cover management(AFRIN et al., 2023). The RUSLE equation is
expressed using equation (9):

A=RxKXLSXCXP 9)

Where,

A = The predicted spatial average annual soil loss per unit of area (t ha-1.yr-1);

R = Rainfall-Runoff Erosivity Factor (MJ mm. ha-1.h-1.yr-1);

K = Soil Erodibility Factor (t-h-MJ-1-mm-1);

LS = Slope length and slope steepness Factor (dimensionless);

C = Cover-Management Factor is the ratio of soil erosion from a defined site (dimensionless);

P = Conservation/Support Practices Factor is soil erosion ratio with contour tillage and support practice, terracing,
and strip cropping (dimensionless).

The rainfall erosivity factor (R), which is used to calculate the impact of rainfall intensity on surface soil erosion,
necessitates a significant amount of reliable precipitation data(AFRIN et al., 2023). Equation (10) presents the R
factor:

R=815+0375xr (10)
Where Here, R = rainfall erosivity factor (MJ mm ha* h™* year™®) and r = annual average rainfall (mm year™)
when 340 <r <3500 mm.
The given equation (11) was developed by Wischmeier and Smith (1978) for calculating the K-factor:
K=[21%x10"%x M x (12 — OM) + 3.25(5S — 2) + 2.5(P — 3)]/100  (11)
Here, M is [silt (%) + very fine sand (%)] x [100- clay (%)], OM is organic matter (%), S is structure code, and

P indicates permeability code.(Al Shoumik et al, 2023)
Equaton (12) and (13) was used to determine L and S factors (Moore and Burch, 1986):
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flow accumulationxcell size)m (12)

L factor = ( 213

Flow accumulation was generated using ArcGIS and ‘m’ is a universal constant that depends on slope percentage.
(Al Shoumik et al, 2023).

S factor = (o2byn x 7 (13)
B=(314x2) (14)

180

Here in equation (14), g = the angle of slope (in rad.), Z =rilling factor with a value of 1.62, and n = a coefficient
factor with a value of 1.3 (Moore and Burch, 1986)

After calculating L and S factors separately, Equation (15) was used to calculate LS factor (Al Shoumik et al,
2023):

LS=LxS (15)

The ratio of the soil loss magnitude from a land with a specific land cover to the corresponding soil loss magnitude
from a fallow land is indicated by the C factor. The ratio of soil erosion under a specific conservation practice to
soil loss in upslope or downslope cultivation is known as the support practice (P) factor. (Wischmeier and Smith,
1978).

The generated landslide, flood and soil erosion maps were reclassified in five classes indicating five risk levels-
very low, low, moderate, high and very high. In this way the analysis was standardized. The flood, landslide, and
fire hazard risk maps were combined into a single composite risk map using an equal weighting technique for the
final risk computation, guaranteeing that each hazard made an equal contribution to the multi-hazard assessment.
The Multi-Hazard Vulnerability Assessment (MHVA) was calculated using equation (16)(Gacu et al., 2025):

MHVA = HettrtHse (16)
- 3
Here, H_ is the landslide risk score, He is the flood risk score and Hsg is the soil erosion risk score. This final study
grouped diverse zones into very low, low, moderate, high, and very high risk, assisting in targeted mitigation
planning and catastrophe risk reduction measures.

Slope, Aspect, Curvature, Geology, NDVI,
" LULC, Stream Density, Distance from RUSLE Model= . .
| Landslide Factor | — N 8 ] ] Soil Erosion
Faultlinne, Soil Tyope R*K*LS*P*C
MHVA =
(Landslide*Flash
) . . Flood*Soil Erosion)/3
Multi-Hazard Slope, Elevation, Soil Type, LULC, TWI,
R =1 Flash Flood Factor | — - . . 1
Vulnerability Distance from river, Drainage density, Rainfall
PCA (KMO and - Landslide and
Rainfall erosivity factor (R) Bartlett's Test) Flashflood
Soil erodibility factor (K)
Soil Erosion *| Slope length (L) and slope stespness (S) factor
Cover and management factor (C)

Figure 2. Methodology

3 Result and Discussion
According to the tests carried out in SPSS, the data are appropriate for the PCA analysis since the KMO index is
0.72 for landslide and 0.68 for flash flood (meritorious adequacy).

3.1 Landslide Vulnerability

The landslide vulnerability map of CHT, presented in figure 3.1, is generated using slope, aspect, stream density,
LULC, NDVI, Distance to Faultline, soil type, geology and curvature. It is categorized into five vulnerability
groups- very low, low, moderate, high and very high.
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Figure 3.1. (a) Slope, (b) Aspect, (c) Stream Density, (d) LULC, (e) NDVI, (f) Faultline Distance, (g) Soil Type,
(h) Geology, (i) Curvature and (j) Landslide VVulnerability Map ; 3.2. Upazila wise Landslide Vulnerability (%)

According to the graph generated from the value of the landslide vulnerability map presented in the figure 3.2,
Thanchi upazila is most vulnerable for landslide hazard, with a 57% for landslide risk. the second most vulnerable
upazila of CHT for landslide hazard is Ruma, which has 25% landslide hazard risk. The least vulnerable upazila
is Khagrachhari Sadar, and Panchhari, with their landslide hazard risk being 5.4% and 8.9% respectively.

3.2 Flash Flood Vulnerability

The flash flood vulnerability map predicted in figure 4.1, was generated by performing PCA of nine factors,
namely- slope, elevation, stream density, LULC, distance from stream, rainfall, soil type, TWI (Topographic
Wetness Index) and TPI (Topographic Position Index). Then it was five classes- very low, low, moderate, high
and very high, each representing the vulnerability level in that region.

)

[Jeur

Flash Flood

1 Upazila of Chittagong Hill Tracts
m Flash Flood(%)

N very High Yulnerabi

e
Wigh : 26 ¢

Iien: 22004

D2 o ik 200

T T
a0 1100

41" - a 4.2.
Figure 4.1. (a) Slope, (b) Elevation, (c) Stream Density, (d) LULC, (e) Distance from Stream, (f) Rainfall, (g)
Soil Type, (h) TWI and (i) TPI and (j) Flash Flood Vulnerability Map
4.2. Upazila wise Flood Vulnerability (%)

The graph in figure 4.2 shows the upazila wise flash flood vulnerability. According to the graph, Thanchi upazila
is most vulnerable to flash flood, with 30.9% flash flood risk. Second to that, Alikadam is also highly vulnerable
to flash flood, it has a 28.47% of flash flood vulnerability. The lowest vulnerable upazila is Manikchhari, with its
vulnerability rate being 0.1%. The other low vulnerable upazila are Bandarban Sadar, Khgrachhari Sadar,
Kawkhali, Matiranga and Panchhari, with all of their vulnerability rate being less than 1%.
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3.3 Soil Erosion

Soil erosion vulnerability map presented in figure 5.1 was generated using RUSLE model. The input factors here
were LS factor, R factor, C factor, P factor and K factor. The final map was classified into five categories of
vulnerability- very low, low, moderate, high and very high.
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Figure 4.1. (a) LS Factor, (b) R Factor, (c) C factor, (d) P factor, (¢) K Factor, and (f) Soil Erosion Vulnerability
Map; 4.2. Upazila wise Soil Erosion Vulnerability (%)

The figure 5.2 shows the vulnerability percentage of upazilas in CHT region. From the graph, it is seen that Thanchi
upazila is the most vulnerable for soil erosion, having a 60% erosion risk. Alikadam is the second most vulnerable
upazila with a 46% risk of soil erosion. The lowest vulnerable upazilas for soil erosion is Rowangchhari with only
4.18% risk, and Panchhari, with a 4.17 % risk of soil erosion.

3.4 Multi-hazard Vulnerability Map

The multi-hazard vulnerability map was generated using all three hazard vulnerability maps, namely landslide,
flash flood and soil erosion. The map was then classified into catagories of vulnerability which are very low, low,
moderate, high and very high. It shows that Bandarban has high vulnerable zone for multi-hazard.
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Figure 5.1. Multi-hazard Vulnerability; 5.2 . Upazila wise Soil Erosion Vulnerability (%)

Figure 6 presents the vulnerability for combined hazard risk. It can be seen that the highest vulnerable upazila is
Thanchi, where all three of the hazard risks are highest, with landslide risk being 57.1%, Flash flood risks being
30.99% and soil erosion risk being 60%. The lowest vulnerable upazila are Khagrachari Sadar and Panchhari. Here
Khagrachhari Sadar has 5.4% landslide risk, 0.5% flash flood risk and 7.9% soil erosion risk; and Panchhari upazila
has 8.9% landslide risk, 0.3% flash flood risk and 4.1% soil erosion risk.
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3.5 Correlation Between the Hazards
The heatmap in figure 7 shows the Pearson correlation coefficients between Landslide, Flash Flood, and Soil
Erosion.

Pearson Correlation Heatmap
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Figure 6: Pearson correlation coefficients between Landslide, Flash Flood, and Soil Erosion

The data uses a color gradient, with lighter shades representing weaker correlations and darker shades showing
stronger associations. A value of 1 indicates a strong correlation. Values of 0.707 and 0.723 represent moderate
correlations, while 0.602 indicates a weak correlation among these factors. The heatmap helps identify the degree
and direction of correlation between these environmental factors. This provides useful insights for studying their
relationships in environmental research and risk assessment.

4 Discussion

The results of this study highlight the significant vulnerability to multiple hazards in the Chittagong Hill Tracts
(CHT), especially in the upazilas of Thanchi and Ruma. These areas are very prone to landslides, flash floods, and
soil erosion. This situation points to an urgent need for focused disaster management strategies. The presence of
these three hazards matches the findings of AFRIN et al. (2023) who observed similar soil erosion vulnerabilities
in the region. Their research showed that steep terrain and heavy rainfall in the CHT lead to considerable soil
erosion, with upazilas like Thanchi facing the highest risks. This study backs those findings and broadens the
analysis by looking at multiple hazards, emphasizing how these environmental threats are connected.

In addition to soil erosion, Thanchi and Ruma also face higher risks of flash floods and landslides, consistent with
earlier research by Islam et al. (2017). Their study pointed out frequent landslides in the area, made worse by the
rapid runoff from flash floods. Historically, flash floods in the CHT have caused slope failures, leading to soil loss
and further instability. Heo et al. (2024) noted that the combined effects of floods and landslides create a damaging
cycle where each hazard worsens the other. This relationship among flash floods, landslides, and soil erosion in
the CHT aligns with their findings on the interconnectedness of environmental hazards in Southeast Asia. The
study by Heo et al. (2024) explored how flash floods can trigger landslides, especially in places with steep slopes
and weak soil structures, similar to the conditions in the CHT. This emphasizes the need for thorough risk
assessments that consider the cascading effects of multiple hazards.

Moreover, the multi-hazard approach used in this study—Ilooking at landslide, flash flood, and soil erosion risks—
provides a more complete picture of the region’s vulnerability. Such integrated assessments are critical in areas
like the CHT, where hazards are linked and worsen each other. Ding et al. (2020) stressed that multi-hazard risk
maps are vital for understanding the full extent of disaster vulnerability in ecologically sensitive regions. In China,
similar risk assessments have identified high-risk zones and guided land-use planning, highlighting the importance
of using a multi-hazard approach for decision-making in vulnerable areas. This study builds on their work by using
a GIS-based Multi-Criteria Decision-Making (MCDM) framework, combining various hazard data into a single
vulnerability map. This method shows the spatial overlap of these hazards, making it easier for local authorities to
identify areas that need urgent attention.

The methodology used here also reflects the approach developed by Aleksova et al. (2024) in North Macedonia,
where a G1S-based multi-hazard framework evaluated flood, landslide, and seismic risks. Their research showed
how multi-hazard maps can help guide disaster preparedness strategies by pinpointing vulnerable areas. This is
particularly important for the CHT, where the steep landscape and the combination of monsoonal rainfall and
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human activities make certain places more vulnerable to multiple hazards. Adopting a similar approach, this study
offers a helpful tool for policymakers and disaster management professionals to prioritize risk reduction efforts
and allocate resources wisely.

The interaction of hazards in Thanchi and Ruma also reflects a wider trend seen globally, where environmental
degradation—such as deforestation and soil erosion—amplifies the impacts of floods and landslides. Integrating
environmental management strategies, like afforestation and soil conservation, is crucial. AFRIN et al. (2023)
pointed out the need for managing land cover to reduce soil erosion, while Gacu et al. (2025) emphasized the
necessity for integrated hazard management strategies.

In conclusion, this study provides valuable insights into the complex interactions among multiple hazards in the
Chittagong Hill Tracts. The findings support existing literature on multi-hazard risk assessments and illustrate the
importance of considering the combined effects of various hazards to better understand overall vulnerability. By
integrating GIS, remote sensing data, and multi-criteria decision-making methods, this study creates a strong
framework for assessing multi-hazard risks and guiding disaster management efforts. As demonstrated by case
studies in other regions, such as North Macedonia (Aleksova et al., 2024), Kohima (Khatsu & Van Westen, 2005)
and China (Ding et al., 2020), these integrated risk maps are essential for effective disaster preparedness and land-
use planning. Therefore, the results of this study can serve as a model for other regions facing similar multi-hazard
risks, contributing to global efforts to boost disaster resilience in vulnerable areas.

5 Conclusion

This study offers a detailed multi-hazard vulnerability assessment of the Chittagong Hill Tracts (CHT) by
integrating the Revised Universal Soil Loss Equation (RUSLE), Landslide Susceptibility Index (LSI), and Flash
Flood Potential Index (FFPI) within a GIS-based Multi-Criteria Decision-Making (MCDM) framework. The
results indicate that Thanchi and Ruma upazilas are most vulnerable to the combined risks of landslides, flash
floods, and soil erosion. This finding is consistent with previous studies. The integrated approach shows how these
hazards connect. For example, flash floods can cause landslides, which can worsen soil erosion, and vice versa.
This cascading effect highlights the need for a multi-hazard approach, as emphasized in global research. The
MCDM method used in this study assigns equal weight to each hazard. This offers a practical and clear tool for
policymakers. This approach has been effectively applied in similar situations and is suitable for local disaster
management, especially in areas with limited resources. By combining remote sensing data and GIS, this study
ensures that the findings can be reproduced and updated in the future, providing a long-term disaster risk
management solution.While this study mainly addresses the physical vulnerabilities in the region, future research
should include socio-economic factors like population density and infrastructure resilience. This will help create
a more complete view of vulnerability. Overall, this research deepens the understanding of multi-hazard
interactions in the CHT and provides a useful framework for disaster mitigation and long-term planning in
vulnerable areas worldwide.
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