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Abstract: In July 2015, more than 100 landslides caused by Cyclone Komen resulted in damage
to approximately 1000 buildings in the mountainous region of Hakha City, Myanmar. This study
aimed to identify potential landslide susceptibility for newly developed resettlement areas in Hakha
City before and after urbanization. The study evaluated landslide susceptibility through statistical
modeling and compared the level of susceptibility before and after urbanization in the region. The
information value model was used to predict landslide susceptibility before and after urbanization,
using 10 parameter maps as independent variables and 1 landslide inventory map as the dependent
variable. Four landslide types were identified in the study area: shallow earth slide, deep slide,
earth slump, and debris flow. Susceptibility analyses were conducted separately for each type
to better recognize the different aspects of landslide susceptibility in planned urban areas. By
comparing the results of the susceptibility index before and after urbanization, suitable urban areas
with lower landslide susceptibility could be identified. The results showed that high-potential
landslide susceptibility increased by 10%, 16%, and 5% after urbanization compared with before
urbanization in three Town Plans, respectively. Therefore, Town Plan 3 is selected as the most suitable
location for the resettlement area in terms of low risk of landslides.

Keywords: landslide inventory; landslide susceptibility; statistical modeling; information value;
urban planning; resettlement

1. Introduction

The study of landslides is complicated as it involves a variety of factors, including
environmental and physical factors, as well as those driven by human interaction [1].
Spatial technologies such as remote sensing and geographic information systems (GIS) are
powerful tools for predicting landslide hazards and risks on both regional and local scales.
Remote sensing can be used for exploring thematic data layers such as geological features,
land cover, land use, previous landslide information, and topography, while GIS plays a
crucial role in analyzing the distribution of hazards, their magnitude and frequency, the
impact on human property, and the loss of life and property. Additionally, GIS can be used
to predict potential hazards and risks through statistical and deterministic multi-criteria
modeling [2—4].

Hakha City, the capital of Chin State in western Myanmar, is susceptible to landslides
due to its location in the Indo-Burma Ranges, with high relief mountains and weak rock
formations [5]. The area is composed of flysch sediments with steep slope gradients ranging
from 15 to 60° and is 1800 m above sea level, with its highest peak at 2299 m.
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The climate in the region is cool and dry from November to February, followed by a hot
summer season from February to May, and a hot, rainy season from June to October. The
average total annual rainfall is 2190 mm. In July and August of 2015, Cyclone Komen caused
heavy rain across Chin State [6]. On 27 July and 31 July 2015, the highest daily rainfall
amounts in 25 years were recorded, measuring 182 mm and 181 mm, respectively. Nine
townships in Chin State were affected by landslides. As a result, a total of 10,383 houses,
6039 farms, 303 bridges, 121 public buildings, and 2 small dams were destroyed, and
5 people were killed statewide [7]. In Hakha Township, a total of 112 landslides occurred,
covering 3.63 km?, and 991 houses, 11 public buildings, and 2 bridges were destroyed, and
there were no casualties [8]. As a result, a total of 732 houses were relocated to a newly
developed urban area; furthermore, the Chin State Government reported a total loss of
28 billion kyats (~23 million USD) [9].

Currently, a master resettlement plan for Hakha City is being prepared by the Chin
State Government. Rapid assessment was needed to relocate the 884 families living in
temporary camps to a safer place by the end of October 2015 [10]. Typically, this type of
urban planning involves multiple tasks such as considering housing, resource availability,
land use, transportation, and the environment. With the increasing impact of climate
change and natural disasters, disaster risk reduction and resilience planning have become
critical components of urban planning. This study used GIS and spatial modeling to assess
the changes in hazard levels before and after urbanization in a planned area. Although
Hakha City is a landslide-prone area, there are currently no existing data on landslide
occurrences in the area. This study presents the first landslide susceptibility assessment
for the region. The findings from this study can be used to formulate essential hazard
mitigation plans and to determine the efficacy of target resettlement areas.

Landslide susceptibility mapping can be carried out by three methods: heuristic,
deterministic, or probabilistic statistical methods. In the heuristic method, the landslide sus-
ceptibility map is directly plotted by experts” knowledge, while the deterministic method
uses a variety of physical-based slope stability analyses with the aid of GIS [11]. One
example of the latter is the expert opinion model for landslide susceptibility, developed
by the Department of Geological Survey and Mineral Exploration (DGSE) in 2015 [12];
however, its accuracy has not been assessed and it was not intended for new urban devel-
opment. Further, the deterministic method requires a significant amount of in situ tests
and laboratory data. In contrast, the probabilistic statistical method combines parameter
maps showing the possible causal factors of landslides and then calculates the weight of
such maps statistically. As in situ testing and laboratory data were not available for the
Hakha City landslides, this study selected the probabilistic statistical method for develop-
ing landslide susceptibility mapping before and after urbanization. Figure 1 depicts the
second-largest landslide in Hakha City, which transpired at Mt. Rung.

Figure 1. Hakha City: The second-largest landslide in Hakha occurred at Mt. Rung (2299 m above
sea level), covering 0.39 km? and affecting the Myohaung Quarter.
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2. Materials and Methods

The methodological framework of this study consisted of three steps. Step 1 involved
acquiring and processing the data; Step 2 focused on creating the landslide susceptibility
maps; and Step 3 involved evaluation of the potential susceptibility of landslides and
providing decision support for urban development. A flowchart depicting the research

steps in detail is sho
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Figure 2. Flowchart of generating landslide susceptibility model for urban development.

Step 1 in the data collection for the landslide susceptibility map was to allocate the
study area and create a Town Plan map (Figure 3). Data were obtained through field
collection and lab testing, and from remote sensing images. For the statistical modeling
of landslide susceptibility mapping, the landslide inventory map was assigned as the
independent variable, and 10 parameter maps were assigned as the dependent variables.
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Figure 3. Study area and proposed Town Plan map; Hakha City, Chin State, Myanmar. The study
area, Town Plan, and road plan are assigned by the Chin State Government and data from the 12.5 m
ALOS PALSAR DEM were applied.

The field data collection process began with creating a landslide inventory map as the
independent variable. GPS technology was used to record landslide locations, and satellite
images (Google Earth Pro), with a resolution of 0.2 m Airbus data and 30 m Landsat data
of before and after the landslide affected the study area from its portal, respectively, were
also utilized to identify landslides. Field measurements were conducted to supplement
satellite data, including recording the location and dimensions of landslides, their types,
groundwater conditions, land cover, and vegetation density. The collected data were used
to create a categorized landslide inventory map (Figure 4).
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Figure 4. Landslide inventory map of Hakha City. The area coverage of debris flow was too small to
show as a point feature.

Along with landslide records, the visual identification of natural vegetation density
and land-cover type were recorded. Field geological data were collected for the purpose of
generating a geological map and surface-soil distribution map. In addition, hydrogeological
data, such as the locations of springs and their seasonal fluctuation, were collected and
prepared as a seepage map. Finally, soil samples were also collected and tested to identify
the engineering and physical properties of the subsurface.

The slope direction, slope gradient, and location of streams (drainage features) were
extracted from the 12.5 m digital elevation model (DEM), acquired from the Phased Array
type L-Band Synthetic Aperture Radar (PALSAR) sensor from the Advanced Land Observ-
ing Satellite (ALOS). Radiometric terrain correction was used to correct PALSAR data and
present them as GeoTIFF data. All satellite data were downloaded from Alaska Satellite
Facility Services [11]. Further, the thematic data layer of slope gradient and slope aspect
(slope direction) were extracted by using a GIS three-dimensional analysis tool. Along with
slope and aspect, the drainage pattern was extracted from the ALOS-PALSAR DEM.

Debris flows resulting from landslides are typically caused by the erosion of streams
due to their velocity and runoff magnitude. The distance from the streams and their
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gradient are critical factors in the formation of debris flows. To analyze this relationship,
the drainage pattern was extracted through the use of a hydrology tool in a GIS spatial
analysis. The distance from streams was divided into four classes, which were then
overlaid with five classes of slope gradient to create a drainage map with a slope gradient
thematic layer consisting of sixteen classes. This layer aids in a better understanding of
the relationship between the drainage pattern and slope gradient, which is crucial for
determining the likelihood of debris flow formation.

Notably, the natural springs and seepage were regarded as causal factors of rain-
induced landslides. During a rainstorm, the rapid rise of groundwater reduces the shear
strength of the slope to induce deep-seated landslides. In this study, the location of seepage
was recorded while conducting the geological survey. Figure 5 shows the maps of slope
gradient, slope aspect, the drainage of the slope gradient, and the distance from seepage.
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Figure 5. Parameter maps for statistical modeling: (a) slope gradient map; (b) slope aspect map;
(c) map of drainage with respect to slope gradient map; (d) map of the distance from seepage.

The detailed survey for the geological map of Hakha City was conducted by DGSE
in 2015. The data for the soil distribution map and soil depth map were collected via
field survey with the aid of a GPS. The soil type was classified in the field and laboratory
in accordance with the standard of the American Society for Testing and Materials, with
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reference to ASTM D-2487-11: Standard practice for classification of soils for engineering
purposes (Unified Soil Classification System). The soil depth was determined from the
landslide scars, road cut, and stream cut with the aid of a tape and distance meter, and the
soil depth map results were obtained via multi-criteria modeling.

Additionally, 30 m resolution Landsat 8 data were obtained from the United States
Geological Survey website and used to map the land cover and vegetation density. The
pixel-based supervised image classification method was utilized to differentiate between
the land-cover classes. Before performing image classification, the number of land-cover
classes had to be determined, which were identified during the field data collection process.
In total, six land-cover classes were assigned to the study area. Of the 11 bands available
in Landsat 8, the surface reflectance of the green (Band 3), red (Band 4), and near-infrared
(NIR) (Band 5) bands were combined and then subjected to supervised classification using.
Figure 6 depicts the maps of soil distribution, geology, optimal soil depth, and land cover.
The normalized difference vegetation index (NDVI) map was generated by band ratioing
the surface reflectance data of the NIR (Band 5) and red (Band 4) bands from the Landsat
8 dataset [13,14].The NDVI is widely used as vegetation density for landslide study [15,16].

The road network in the Hakha Area was extracted from Open Street Map; however, an
updated version of the road network was digitized from Google Earth. The distances from
the road network with respect to the slope gradient were created by buffering distances
from the road alignment and classifying them based on slope gradients. The parameter
maps of NDVI and the distance from the road alignment with respect to the slope gradient
are depicted in Figure 7. Table 1 lists the parameter maps and their sources of acquisition.

Table 1. List of parameter maps and their source of acquisition for the landslide susceptibility map
statistical modeling.

No. Parameter Map Sources
1. Slope gradient ALOS PALSAR DEM
2. Slope direction ALOS PALSAR DEM
3. Distance from stream ALOS PALSAR DEM
4. Distance from seepage Ground survey
5. Soil distribution Ground survey and laboratory tests
6. Geological Ground survey
7. Soil depth Ground survey and modeling
8. Land cover Landsat 8
9. NDVI Landsat 8
10. Distance from the road network Open Street Map, Google Earth
11. Landslide inventory Google Earth, ground survey

The Chin State Government selected three potential resettlement areas, but the risk
from natural disasters has yet to be evaluated. All three areas have different land-cover
types; meanwhile, this can be changed by urban development and be affected, both posi-
tively and negatively, by disaster risk. To assess the degree of impact, 2 of the 10 parameter
maps for landslide susceptibility were changed to reflect potential changes after urbaniza-
tion (Figure 8). Theoretically, it is possible to change all parameters after urbanization, and
such changes could be measured after the development of a detailed urbanization plan.
Yet, in the preliminary investigation stage, only 2 out of 10 parameters—land cover and
road network—will be significantly changed. Therefore, in this study, the existing natural
landscape in the land-cover map and road network map was substituted with the urban
thematic class and distance from the road with respect to the slope gradient.
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Figure 6. Parameter maps of statistical modeling: (a) soil distribution map; (b) geology map; (c) opti-
mum soil depth map; (d) land-cover map.

After Step 1 of data acquisition and processing the parameter maps for the independent
and dependent variables, Step 2 generated the landslide susceptibility maps. The landslide
susceptibility map should indicate existing or potential landslides, showing their type,
volume or area, and spatial distribution. Using a bivariate statistical method known as
information value analysis (IVA), the weight of each thematic layer was calculated from the
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dependent (landslide distribution and size) and independent (slope, geology, soil depth,
etc.) variables to determine potential landslide zones.

IVA is a bivariate statistical method for spatial prediction of the potential landslide
that is based on the relationship between the previous landslide occurrence and controlling
parameters of the landslide [17-19]. GIS-based IVA can be applied for generating the land-
slide hazard zonation map by estimating the regional probability of landslide occurrence
within each thematic class [11,20-22]. The class density is calculated by finding the area of
each class where landslides have occurred, and dividing it by the total area of that class on
the map. The information value of a class is determined by considering the log value of the
ratio of the probability of a landslide occurring in that class, given past occurrences, to the
overall probability of a landslide in that area [17,23]. The weight of a class in a thematic is
determined by Equation (1):

D_Class] I [(Area_ls/Area_tmc)]
D_Map' (TArea_ls/TArea)

Wi=In| )

where W; is the weight of a certain class in the parameter map, D_Class refers to the
landslide density within a parameter class, D_Map = the landslide density within the entire
parameter map, Area_Ils = area of landslide in a certain class, and Area_tmc = total area
of a certain class in a parameter map, TArea_Is = total area of landslide in a study area,
TArea = total study area.

Legend
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Figure 7. Parameter maps of statistical modeling 3: (a) NDVI map; (b) distance from road with
respect to slope gradient map.

The area of each thematic class contained in the landslide area (D_Class) was extracted
from 10 thematic maps by clipping analysis with area coverage of landslides from the
landslide inventory map. As the landslide susceptibility was separately conducted in
accordance with the landslide type, the extraction of D_Class was carried out for four types
of landslide. Thus, D_Map represents the total area coverage of the thematic class in a
thematic map, TArea_ls is the total area coverage of landslides in a specific type, and TArea
is the total area coverage of the study area. GIS tools supported the area extraction and
calculation process in this operation. Table 2 indicates the weighted values for the thematic
classes within parameter maps for four landslide types.
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Figure 8. Thematic maps of land cover and road networks before and possible changes after urban-
ization: (a) land-cover map before urbanization; (b) land cover after urbanization; (c) road network

with respect to slope before urbanization; (d) road network with respect to slope after urbanization.

Table 2. List of weighted values for thematic classes of parameter maps.

Information Value (Weight)

Layer Thematic Layer
(Parameter Map) zﬂzl:ow Deep Slide Slump Debris Flow
Slope gradient 0-10 —1.75 —0.60 0.58 —0.44
(degree) 10-20 -0.79 —0.54 0.35 —0.06

20-30 0.50 0.37 -1.19 0.26

30-40 0.99 0.85 —2.88 —0.20

40-50 1.62 0.72 —6.42 —0.50

>50 0.00 0.00 —3.87 0.21
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Table 2. Cont.
Information Value (Weight)
Layer Thematic Layer
(Parameter Map) y SEZI:OW Deep Slide Slump Debris Flow
Slope aspect Flat (—1) 0.00 —0.67 —0.87 0.00
(degree) North (0-22.5) —0.74 0.20 0.83 —0.12
Northeast (22.5-67.5) —0.79 0.27 —0.30 0.25
East (67.5-112.5) 0.04 —0.50 —2.78 0.45
Southeast (112.5-157.5) 0.67 —0.51 —4.13 —0.03
South (157.5-202.5) 0.45 —-0.15 —5.27 —1.47
Southwest (202.5-247.5) —0.06 —0.09 —4.01 —-0.26
West (247.5-292.5) 0.39 —0.57 —0.81 0.74
Northwest (292.5-337.5) —0.67 0.50 1.08 —-0.77
North (337.5-360.0) —0.85 0.35 1.30 —2.75
Stream 10, <10 —0.84 0.43 0.54 —-0.87
(distance/gradient) 10, 10-20 0.86 0.66 0.62 —0.67
(m/degree) 10, 20-30 1.46 0.76 —0.44 1.72
10, 3040 1.33 0.60 —0.56 0.00
10, >40 0.00 0.00 0.00 0.00
20, <10 —0.94 0.25 0.62 -1.22
20, 10-20 0.38 0.48 0.64 0.00
20, 20-30 1.62 0.70 —0.64 1.36
20, 3040 2.20 —0.51 —0.30 0.00
20, >40 4.02 0.00 0.03 0.00
40, <10 —2.31 0.12 0.86 —0.67
40, 10-20 —-0.16 —0.02 0.70 0.43
40, 20-30 1.04 0.44 -0.77 0.42
40, 3040 2.26 —0.46 —1.89 —3.47
40, >40 3.84 0.00 —5.28 0.00
>40 —0.15 —0.08 -0.13 —0.04
Spring 0-50 0.79 2.65 1.84 0.00
(m) 50-100 —0.90 2.19 1.74 0.00
>100 0.00 —0.11 —0.06 0.01
Soil type Colluvium —0.05 2.13 2.20 0.00
Rock outcrop —-237 -0.87 0.00 0.00
Alluvial —1.53 —0.60 0.00 0.00
Clayey soil 0.12 —-0.19 —0.11 048
Sandy soil —0.39 -2.85 —3.94 0.00
weathered rock 0.18 —0.87 0.00 0.00
Geology Alluvium —1.49 —0.56 0.00 0.00
Kennedy Sandstone 0.00 0.00 0.00 0.00
Chunsung Mudstone 0.41 0.09 —6.16 —0.44
Falam Mudstone —0.43 —0.04 0.58 0.26
Soil depth 1.0-5.0 0.54 0.15 0.00 0.76
(m) 5.0-10.0 —0.10 —1.03 —0.76 0.08
10.0-15.0 —0.05 0.92 0.99 —0.85
>15.0 2.50 0.98 0.00 0.00
Land cover Agriculture —1.10 —-1.13 0.35 —0.50
Grass land 0.23 0.82 —4.26 0.72
Urban 0.87 -0.18 0.60 —0.69
Forest 0.54 1.03 0.05 0.92
Pine land —0.29 —1.85 —4.85 —2.99
Slash and burn cultivation 0.23 —1.35 0.00 —0.25
NDVI —0.6t00.2 —6.66 —2.48 —2.65 0.00
0.2-0.4 —-0.97 —2.01 —0.49 0.00
0.4-0.6 —0.01 —-0.74 0.24 —0.48
>0.6 0.49 1.11 —-0.27 1.04
Road 10, <10 0.00 —0.85 1.17 0.71
(distance, slope) 10, 10-20 —-2.15 —0.98 1.04 0.81
(m, degree) 10, 20-30 1.37 0.39 0.30 1.36
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Table 2. Cont.
Information Value (Weight)

Layer Thematic Layer

(Parameter Map) y SEZI:OW Deep Slide Slump Debris Flow
10, 3040 2.15 0.48 —0.82 0.00
10, >40 0.00 2.10 0.00 0.00
20, <10 0.00 —0.69 1.15 0.72
20, 10-20 —2.96 —0.87 1.08 0.77
20, 20-30 1.36 0.50 0.15 151
20, 3040 2.05 0.54 —1.48 0.00
20, >40 0.00 1.54 0.00 0.00
40, <10 0.00 —0.58 1.18 1.20
40,1020 —3.30 —0.55 1.14 0.88
40,20-30 1.23 0.55 —0.05 1.33
40, 3040 1.88 0.61 -1.70 0.00
40, >40 0.00 0.69 0.00 0.00
>40 —0.06 0.02 —0.19 —0.24

The class was assigned based on the resulting weights and was converted into raster
maps to generate landslide susceptibility maps, using the GIS raster overlay method. The
hazard level was then classified based on the IVA scheme [24]. Separate susceptibility maps
were generated for each landslide type, as the mitigation plans can be expected to differ.

Furthermore, the possible changes of land cover and landscape in resettlement areas
were mapped using the same process of calculation as in the first procedure (Figure 8).
The overall landslide susceptibility of Hakha City was developed using the statistical IVA
model and the same classification scheme.

Step 3 extracted the landslide susceptibility before and after urbanization for three
Town Plans and calculated the area coverage of the degree of susceptibility using a GIS
tool, and compared increasing or decreasing degrees of susceptibility. The landslide suscep-
tibility models of before and after urbanization were developed based on 2015 landslide
inventory data. The accuracy of the model was then verified using 2016 landslide data. The
areas of different hazard levels from the susceptibility maps before and after urbanization
were calculated and compared.

3. Results
3.1. Landslide Susceptibility Pre-Urbanization

The study area’s landslide inventory was created by extracting the distribution and
dimension data from the satellite images. Field data collection was used to identify the
types of landslides and their modes of failure, including the detection and mapping of
hidden landslides that mostly occur in urban areas where land cover is mixed and modified.
According to a previous classification of subaerial slope movement [25], the landslides in
the Hakha Area can be categorized into four types: shallow slides, deep slides, slumps,
and debris flows. The preliminary investigation showed that shallow earth slides are
caused by excessive soil moisture, whereas deep slides are a result of rising groundwater
levels [12,26,27]. The largest landslide in the area, a slump, was observed on a gentle
gradient where colluvium had been deposited. This type of landslide was primarily caused
by a combination of excessive soil moisture, rising groundwater levels, and erosion of the
slope toe by running water [12,26,27]. Further, debris flows were formed by the erosion and
transportation of stream flow [12,26]. Overall, the main trigger factor for all landslides was
found to be rainfall. Out of the 112 total landslides in over 3.63 km?, 51 shallow landslides
covered 0.15 km?2, 48 deep landslides covered 1.17 km?, 1 slump covered 2.29 km?, and
12 debris flows covered 0.02 km?.

Table 2 indicates the weight for each thematic class, calculated by IVA, in 10 thematic
maps, which was applied to the parameter maps to facilitate landside susceptibility mapping.
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The information values in the above table were assigned to each thematic layer in
10 parameter maps and overlaid with raster maps using the weighted average overlay
method. As the study area comprised four different landslide types, the susceptibility is
shown in four maps. Each pixel contains a landslide susceptibility index, from which the
map was classified into five classes according to the information value classification scheme
to depict landslide susceptibility (Figure 9).

Hazard

- Very Low
- Low
Moderate
[ Hign
| R

2 4 8
Miles

Figure 9. Landslide susceptibility maps of the Hakha Area generated by information value modeling:
(a) shallow slide; (b) deep slide; (c) slump; (d) debris flow; (e) overall landslide susceptibility.

The accuracy assessment of landslide susceptibility was calculated by AUC (area
under the curve) [2,3,28]. The AUC shows the success rate, plotting the percentage of the
susceptibility indices ordered from the highest to lowest values against the percentage of
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the landside. The success rate is a statistical method to determine how well the resulting
susceptibility map has predicted the areas of existing landslides as high-hazard areas [11].
The AUC of the information value model was calculated at 80.67% and that of the standard
error at 0.0689.

3.2. Landslide Susceptibility Post-Urbanization

The modeling results indicate that the level of landslide susceptibility increased in all
selected areas after urbanization. In Town Plan 1, 10% of the total area (141,875 m?) was
found to have high to very high susceptibility levels. In Town Plan 2, 16% of the total area
(356,365 m?) had high to very high susceptibility levels. In Town Plan 3, 5% of the total
area (12,239 m?) had high to very high susceptibility levels. Figures 10 and 11 compare the
changes in landslide susceptibility of each landslide type, and Table 3 illustrates the changes
in the degree of area coverage of landslide susceptibility in Town Plan 1. Figures 12 and 13
compare the changes in landslide susceptibility before and after urbanization in Town
Plan 2, whereas Figures 14 and 15 compare that of Town Plan 3. The changes in the
degree of landslide susceptibility in area coverage of Town Plans 2 and 3 are listed in
Tables 4 and 5, respectively.

(@)

e Kilometers

(@ (h) A 0 0306 12
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Figure 10. Changes in landslide susceptibility before and after urbanization in Town Plan 1: (a) shal-
low slide before and (b) after development; (c) deep slide before and (d) after development; (e) slump
before and (f) after development; (g) debris flow before and (h) after development.
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Figure 11. Changes in landslide susceptibility before and after urbanization in Town Plan 1: (a) land-
slide before and (b) after development; (c) location map of Town Plan 1.

Table 3. Changes in hazard level before and after urbanization in Town Plan 1.

Type Timing Very Low Low Moderate High Very High
Area (m?) Area (m?) Area (m?) Area (m?) Area (m?)
Shallow slide Before: 30,036 699,034 799,473 19,737 0
After: 73,153 786,321 620,134 69,843 0
Deep slide Before: 54,001 1,152,972 335,259 6047 0
After: 353,632 921,389 269,064 5367 0
Slump Before: 1,520,002 29,449 0 0 0
After: 1842 26,437 0 0 0
Debris flow Before: 14,080 894,448 532,939 106,812 0
After: 12,099 733,879 582,227 221,021 225
All landslide
types Before: 0 538,620 881,660 127,999 0
After: 0 455,547 824,030 269,649 225

Table 4. Changes in hazard level before and after urbanization in Town Plan 2.

Type Timing  Very Low Area (m?>) Low Area (m?) Moderate Area (m?)  High Area (m?) Xiz f;%;‘
Shallow slide Before: 81,104 746,407 1,385,489 55,705 0
After: 71,984 1,076,039 911,798 207,854 0
Deep slide Before: 1623 768,948 893,545 587,136 16,423
After: 1320 710,300 904,167 638,845 14,073
Slump Before: 1,043,835 784,197 374,972 64,451 1250
After: 953,501 821,535 390,028 100,811 1800
Debris flow Before: 22,938 856,371 1,201,496 187,848 0
After: 8008 624,575 1,120,472 514,621 0
ggizndShde Before: 1319 710,301 904,167 638,845 14,073

After: 0 256,783 1,001,610 991,059 18,223
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Figure 12. Changes in landslide susceptibility before and after urbanization in Town Plan 2: (a) shal-
low slide before and (b) after development; (c) deep slide before and (d) after development; (e) slump
before and (f) after development; (g) debris flow before and (h) after development.
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Figure 13. Changes in landslide susceptibility before and after urbanization in Town Plan 2: (a) land-
slide before and (b) after development; (c) location map of Town Plan 2.
Table 5. Changes of hazard level before and after developing urbanization in Town Plan 3.
S 2 2 2 : 2y Very High
Type Timing  Very Low Area (m“) Low Area (m”) Moderate Area (m“) High Area (m~) Area (m?)
Shallow slide Before: 34,208 1,503,177 646,079 2187 0
After: 255,800 1,461,052 444,457 24,750 0
Deep slide Before: 4113 1,242,731 802,327 136,481 0
After: 19,300 1,540,382 542,585 83,791 0
Slump Before: 908,505 1,009,594 223,229 44,325 0
After: 715,116 1,064,542 288,331 118,070 0
Debris flow Before: 18,893 1,357,271 762,314 47,174 0
After: 13,680 1,114,673 917,397 140,309 0
All landslide
Before: 0 933,535 1,054,640 197,477 0
types
After: 0 801,143 1,065,198 319,717 0

It was observed that the potential for deep slides decreased after urbanization in Town
Plans 1 and 2. This can be attributed to the fact that the statistical model used in this
study is evidence-based and considers past landslide events in urban areas. The model
suggests that fewer landslides occurred in existing urban areas compared to forest and
grassland areas due to the presence of retaining structures in urban areas. The conversion
of forest and grassland areas to urban areas in Town Plans 1 and 2 resulted in a decrease in
information values and a reduction in the potential for deep sliding. Similarly, the potential
for slumps was generally low in Town Plan 1 after urban development. In the study area,
one large area of a single slump occurred on a gentle slope gradient (less than 20°) with a
thickly deposited soil layer (more than 6 m). Town Plan 1 was characterized by moderate to
steep slopes (20° to 50°) and generally had a soil thickness of less than 6 m, which reduced
the potential for slumping. However, the potential for slumps increased in Town Plans 2
and 3 after urbanization. The modeling results indicate that shallow slide and debris flow
risks would increase after urbanization in all areas.

According to the results, Town Plan 3 is the most suitable resettlement area due to
the low risk of landslides, followed by Town Plans 1 and 2. This is because the results
show that landslides affected Town Plans 1 and 2 during the 2016 rainy season. Shallow
landslides, including tension cracks, occurred in the northern part of Town Plan 1 on 2
August 2016. Before urbanization, the landslide susceptibility was moderate, and after



Land 2023, 12, 1036 18 of 25

urbanization, it was moderate to high. In Town Plan 2, a shallow landslide also occurred
on 12 June 2016, with a susceptibility ranging from very low to high before urbanization,
and low to high after urbanization. Figure 16 presents the results of the potential landslide
susceptibility modeling for urbanization and the locations of landslides in 2016. Figure 17
displays photographs of landslides in Town Plans 1 and 2 during the rainy season of 2016.

e Kilometers
0 03 06 12

Hazard

- Very Low
0 Low

Moderate

S o

Figure 14. Changes in landslide susceptibility before and after urbanization in Town Plan 3: (a) shal-
low slide before and (b) after development; (c) deep slide before and (d) after development; (e) slump
before and (f) after development; (g) debris flow before and (h) after development.
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Figure 15. Changes in landslide susceptibility before and after urbanization in Town Plan 3: (a) land-
slide before and (b) after development; (c) location map of Town Plan 3.
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Figure 16. Shallow slide susceptibility maps of Town Plans 1 and 2, (a) before and (b) after urbaniza-

tion, and location of landslides (shallow slides) in 2016.
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(a) (b)

Figure 17. Landslides (shallow slides) occurred in the newly developed urban area of (a) Town Plan
1 and (b) Town Plan 2. Town Plans 1 and 2 were immediately implemented as resettlement areas for
affected residents in Hakha City. Source: Hakha Rescue Committee.

3.3. Discussion

The landslides, particularly shallow slides and deep slides, increased gradually as the
slope angle increased up to 50° in Hakha; however, no landslides occurred when the slope
angle exceeded 50°. Kennedy Sandstone, which is thickly bedded with high resistance,
rests at steep slopes, generally has a slope gradient higher than 50°, and is at a very low
risk of landslide. Notably, the largest landslide of earth sSlump formed at a lower elevation
on a gentle slope gradient between 10° and 20°.

According to the IVA of landslides in the Hakha Area, the slope direction is not
correlated with landslides. Shallow slides commonly occurred on south-facing slopes,
while slides, slumps, and debris flows occurred on north-facing slopes. In Chin State,
monsoons arrive from the southwest and directly impact south-facing slopes, often causing
shallow slides.

According to the statistical analysis of landslide susceptibility, areas where the drainage
distance was between 0 and 40 m had a high probability of landslides. As the slope gradi-
ent controls the velocity of discharge, the probability of a shallow slide increases with the
increase in slope gradient along the stream section. Additionally, the formation of debris
flows increased with an increase in the slope gradient where the drainage distance was less
than 40 m; however, they did not form where the slope gradient exceeded 40°. Although
there is some evidence of deep slides and a slump occurring within 20 m of streams, our
IVA did not find a strong correlation between the stream and slope gradient.

According to field observations, seepages and natural springs were commonly ob-
served in the larger landslide areas. Fluctuations in groundwater levels have been shown to
reduce the effective intergranular pressure and friction, thereby increasing capillary tension
and reducing the shear strength of the soil and rock materials at the slope, as reported
in a previous study [29]. In this study, statistical analysis indicates that the occurrence of
deep slides and slumps is strongly correlated with springs, while the relationship between
shallow slides and springs is only slightly correlated. However, no correlation was found
between debris flows and springs or seepages.

During field investigation, landslides were likely to be found in the Falam Mudstone
and Chunsung Mudstone areas. Our analysis supports the findings that shallow slides
are abundantly distributed in Chunsung Mudstone, while debris flows and slumps are
commonly observed in Falam Mudstone. Additionally, the flat-lying alluvial plains are
considered to be landslide-free areas. As the study area is largely covered by residual
soils, alluvium, colluvium, and weathered rock, which have a granular soil-like nature, the
formation and depth of the soil constitute a more significant controlling factor for landslides
than is the rock type in the area.
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As the study area is commonly covered with soil and thick weathered rocks, most
landslides were attributed to soil slope failure and debris failure. According to our study;,
there is a high probability of landslides occurring in colluvium-rich areas—made up of
clayey sand with abundant gravel; the two largest landslides, the Mt. Rung Slide and
Myohaung Quarter Slump, were formed as such. Although debris flows frequently initiate
as shallow slides and deep slides in upland areas, they tend to be deposited in lower
elevation areas where sandy and clayey soils are present. The loose nature of the colluvium
soil grains results in an increased likelihood of slump formation. Shallow slides are
abundant in steep slope areas where clay-dominated residual soil and weathered rock
are present.

Soil depth and subsurface flow play an important role in shallow landslide mecha-
nisms [30]. However, in this study, the soil depth was found to significantly control the
formation of deep landslides; the higher the depth of soil, the higher the risk of deep slides
and slumps occurring. We suggest that the Myohaung Quarter Slump formed due to the
presence of a more than 10-m-thick colluvial deposit. Nevertheless, soil depth did not
impact the formation of shallow slides or debris flows in the study area.

Numerous studies have shown that shallow landslides are significantly impacted by
changes in land use or land cover [26,31-35]. In the study area, shallow landslides are
predominantly distributed in urban areas where vegetation cover is sparse or absent and
the landscape has been modified for construction purposes. However, shallow landslides
are also commonly observed in forest and grassland areas with dense vegetation. Debris
flows followed by slides have been observed in forested and grassland areas, while a major
landslide slump is prevalent in the Myohaung Quarter, with a mixture of urban areas and
agricultural farms. The dense vegetation in the humid climate region stabilizes the slope
by reducing the infiltration of rain and binding loose soil particles with its root networks,
serving as a natural retaining system. In that part of the study area, the landslide potential
is high in forested areas, as intense rainstorms can lead to increased infiltration through
dense vegetation, reducing soil shear strength and causing slope failure [32,36].

The density of vegetation is generally measured using the NDVI, which indicates that
landslides, especially deep slides followed by debris flows, are prevalent in areas with a
high NDVI value—areas covered by densely grown vegetation. In normal conditions, the
vegetation cover prevents the formation of rain-triggered landslides. However, prolonged
torrential rainfall allows for excessive infiltration in densely grown vegetation areas.

In the study area, small-scale landslides were frequently caused by the erosion of the
natural slope due to the construction of roads and buildings. The erosion of steep gradient
slopes leads to a higher risk of slope failure than that of gentle gradient slopes. Our results
indicate that all the landslide types, except slump, are distributed within 20 m from a
road where the slope gradient exceeds 30°. As slumps are largely formed in urban areas,
determining whether or not the activities of road cuts induce the slump is challenging.

It is challenging to predict changes that might result from urbanization and to assess
the potential for landslides in mountainous areas. However, it is common knowledge
that urbanization often leads to alterations in the landscape and land cover. For example,
the natural topography may be altered for construction purposes, and vegetation may be
cleared for various reasons, such as wood harvesting, mining, and agriculture.

Our findings show that while overall landslide susceptibility increases with urbaniza-
tion, certain landslide types show a decrease in occurrence due to changes in land cover.
In Town Plans 1 and 2, deep-seated slides had a lower chance of occurring, as large-scale
landslides that occurred in 2015 were rare in the urban area, except for a major soil slump
that destroyed 473 buildings. It is important to note that the landslide model used in this
analysis heavily relies on historical landslide information. According to the IVA, forest
areas have a high potential for deep slides to occur. The results from our models indicate
that urbanization, which involves the conversion of forests into built-up areas, reduces the
likelihood of a deep slide occurring. Similarly, the potential for the occurrence of slumps
decreased in Town Plan 1. The IVA also indicates that the slump potential is high in forest
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and grassland areas. When these areas were converted to urban areas in Town Plan 1, the
potential for slumps decreased in.

This research does, however, have certain limitations. The landslide model relies on
historical landslide data, which in turn depends on the accuracy of the data inventory.
Moreover, it is not possible to accurately predict landslides solely using remote sensing
imagery, as small-scale landslides can be concealed by vegetation or landscape modifica-
tions after the failure. This can result in the underestimation of landslide susceptibility in
areas characterized by mixed land-cover types, especially in urban areas. Furthermore, to
accurately predict landslides before and after urban development, new layers were created
from road networks and land-cover types. As a detailed road network plan could not be
provided by government officials, the road network used in this study was determined
using topographic features and traditional road construction methods. The road network
design will likely change after the detailed design stage. Moreover, the future land-cover
types of newly developed urban areas could not be accurately predicted; thus, the land-
cover types of new towns were substituted and assigned weight on their thematic class,
based on existing urban areas of Hakha City.

The accuracy of landslide susceptibility before and after urbanization was validated
through observation of landslides in subsequent years. Two shallow landslides affected
Town Plan 2 during the rainy season of 2016 when construction was underway. Hakha
City, an existing urban area characterized by altered slopes, drainage systems, and sparse
vegetation, has also experienced several small-scale landslides. However, there are no
records of significant historical landslides.

4. Conclusions

In 2015, Hakha City experienced landslides caused by heavy rainfall from Cyclone
Komen, destroying over 1000 buildings and leaving their residents in need of resettlement.
In this study, three proposed town plans for urban resettlement were evaluated in terms of
their landslide risks and hazards to determine their degree of disaster risk in terms of land-
slide susceptibility. To assess landslide susceptibility of the town plans after urbanization,
land-cover data from the city area were compared to land-cover data for each of the three
town plans. A total of 112 landslides covering over an area of 3.63 km? were observed, and
4 types of landslides were identified. According to our IVA:

e  Shallow slides were commonly observed as follows: on slopes between 20° and 50°,
within 40 m from streams, at approximately a 50 m radius from natural springs, with
a soil thickness of over 15 m, within urban and forest areas, and within 40 m from
road cuts.

o  Deep-seated slides were often induced by groundwater fluctuation and were abun-
dantly observed as follows: in slope gradients of 30—40°, within 20 m from streams,
within 100 m from natural springs, where colluvium soil more than 10 m deep is
deposited, in forest areas, and within 40 m from road cuts.

e  Slumps were commonly observed as follows: in slopes of less than 20°, within 100 m
from natural springs, where colluvium soil of more than 10 m in depth is deposited,
and in urban areas.

e  Debris flows, caused by running water, were commonly observed as follows: within
20 m from streams, in forest lands or areas with dense vegetation, and within 40 m
from an eroded slope.

Each of the four landslide types were formed under specific conditions, and the
landslide susceptibility varied for each type. Based on the available data, the statistical
modeling method was the most successful at predicting landslide susceptibility before
and after urbanization. The analysis revealed that the hazard level increased to high and
very high potential in Town Plans 1, 2, and 3 by 10%, 16%, and 5%, respectively. Town
Plan 3 was found to be the most suitable with a low potential for landslides, followed by
Town Plans 1 and 2. After urbanization, the potential for shallow slides and debris flows
increased in all three plans.
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The findings of this research show that urbanization poses an increased risk of land-
slides in the study area, although the impact is not significant. These findings can be used
to predict the locations of high-risk areas and possible types of landslides and are expected
to aid in the development of mitigation measures such as retaining walls, gabions, and
drainage systems.

In conclusion, statistical modeling can be a highly effective approach to evaluating the
susceptibility of landslides after urbanization. By using landslide inventories as dependent
variables and the possible causes of landslides as independent parameters, it is possible
to develop landslide susceptibility maps that incorporate changes in land cover and road
networks due to urbanization. This study on landslide susceptibility in Hakha City re-
vealed that the changes in landslide susceptibility before and after urbanization varied
depending on the type of landslide. Although overall landslide susceptibility increased
after urbanization, susceptibility for certain types of landslides decreased. In this study, an
evidence-based statistical modeling approach was employed to analyze landslide suscepti-
bility. This approach can be used during preliminary investigations of landslide risks in
newly developed urban areas where proper infrastructure design and site investigation
information may be lacking. By identifying susceptibility to specific types of landslides, we
can develop more targeted risk reduction strategies that can help minimize the potential
impact of landslides on urbanization.
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