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An integrated approach to map landslides
in Chittagong Hilly Areas, Bangladesh, using Google
Earth and field mapping

Abstract This paper presents a landslide inventory map for the
Chittagong Hilly Areas of Bangladesh based on Google Earth and
field mapping. We developed a set of criteria to identify landslides
in Google Earth and introduced a method to assess the accuracy of
mapped landslides when they are recorded as points rather than
polygons in the field. In total, 230 landslides (mainly occurred
between 2001 and 2016) were mapped in Google Earth. Field
mapping identified 548 landslides and most of them occurred
during Summer 2017. In total, the inventory includes 730 land-
slides for Chittagong Hilly Areas from 2001 to 2017. The field
validation suggests that the accuracy of mapped landslides using
Google Earth varies from 69 to 88%. Field work is preferred to
map detailed landslides in or near urban areas, road networks,
human settlements, and other accessible areas, while Google Earth
has the advantage to map landslides in inaccessible areas. The
combination of these two approaches provides a means to prepare
the landslide inventory for an entire area.

Keywords Landslide inventory . Chittagong Hilly Areas . Google
Earth . Field mapping . Criterion of detection . Accuracy
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Introduction
Landslide inventory mapping is an important step for landslide
susceptibility, hazard, and risk assessment (Kanwal et al. 2016).
Depending on the scale, a landslide can be mapped as a point or a
polygon, and various techniques have been used for landslide
inventory mapping (Guzzetti et al. 2012). Traditional methods
include the interpretation of aerial photographs, satellite imagery,
and field mapping. These methods are commonly used to generate
the landslide inventory for a large area (Alkevi and Ercanoglu
2011). Data obtained from the literature, newspaper, journals,
technical reports, governmental archives, and expert interviews
are also used to prepare landslide inventories for small areas
(Glade 1998). In recent years, landslides have also been mapped
using high-resolution digital elevation models (DEM), light detec-
tion and ranging (LiDAR), and synthetic aperture radar (SAR)
data (Guzzetti et al. 2012).

Bangladesh is a primarily low-lying floodplain country in South
Asia. Mountainous terrain in the north and southeast covers only
18% of the country. Landslides are common in the hilly regions,
especially the Chittagong Hilly Areas (CHA) (Fig. 1) in southeast-
ern Bangladesh (Banglapedia 2015). Most landslides occur during
the monsoon season in the CHA due to extreme rainfall (> 40 mm/
day) within a short period (2–7 days) (Khan et al. 2012). High cloud
cover during this season prevents the identification of landslides
from high- (0.5–5 m) and medium- (15–30 m) horizontal resolu-
tion multi-spectral images, such as Landsat imagery. Regional or
local high-resolution aerial photographs and imagery are either
not available or not accessible for free in this area. In addition,

vegetation regrows quickly after a landslide event in this sub-
tropical area, presenting a challenge to identify the landslide using
satellite images or aerial photographs a few months after the event
(Samodra et al. 2015).

Most landslide inventory studies have focused on the major
cities in CHA (Ahmed 2015 and CDMP-II 2012). For example,
Ahmed and Dewan (2017) and Ahmed (2015) compiled landslide
inventories for Chittagong Metropolitan Area (CMA) and Cox’s
Bazar municipality and developed different techniques in land-
slide mapping. In contrast, few studies have been conducted
outside of these cities. We used the visual interpretation of
multi-temporal imagery in Google Earth and extensive fieldwork
to map old and recent landslides in CHA. The landslides identi-
fied using these two methods are combined to produce a landslide
inventory map. High-resolution multi-temporal Google Earth im-
agery allows for identifying landslides in remote areas where field
mapping is not possible. Several studies have used Google Earth
for landslide mapping (Sato and Harp 2009; Fisher et al. 2012;
Vakhshoori and Zare 2016). Sato and Harp (2009) developed five
criteria for detecting rock falls and rock slides caused by an
earthquake event from a single Google Earth image. Based on
these studies, we applied four criteria for detecting landslides
(mainly triggered by rainfall) in Google Earth in CHA. We also
introduced an accuracy assessment method for Google Earth-
based landslide mapping.

Study area
The Chittagong Hilly Area (Fig. 1) (20,957 km2) is located in the
southeast of Bangladesh (20.46–23.40° N and 91.27–92.18° E) and
includes five districts: Bandarban, Rangamati, Khagrachari, Chit-
tagong, and Cox’s Bazar. CHA has a tropical monsoon climate with
the annual rainfall ranging from 2540 mm in north and east to
2794 to 3777 mm in south and west. This area has three distinct
seasons: The dry and cool season from November to March, the
hot or pre-monsoon season from April to May, and the monsoon
or rainy season from June to October (Banglapedia 2015). About
80% of the landslides occur between May and September when the
average monthly rainfall is > 480 mm (CDMP-II 2012).

The hilly area can be divided into the low (< 300 m) and high
hill ranges (> 300 m) (Banglapedia 2015). The low hill ranges are
under Dupi Tila and Dihing formation, whereas the high hill
ranges under Surma and Tipam formation (Fig. 2) (Brammer
2012). Most of the western areas have slopes < 5°, while the areas
in the east have slopes > 30° (Fig. 2).

Data source
We used Google Earth imagery and existing landslide database to
generate the inventory map. Google Earth contains available Landsat
imagery (30 m or 15 m pan-sharpened), orthophotos (0.5–2 m), and
high-resolution commercial satellite imagery (SPOT, FORMOSAT-2:
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0.5–8 m;World View-1 andWorld View-2, 0.5–2.5 m) (Fisher et al. 2012;
Crosby 2012). Google Earth shows different types of the imagery based
on the scale and lists the provider of the imagery on screen. For
example, Landsat imagery are provided by Terra Metrics, Inc., and
World View images are provided by Digital Globe. For our study area,
the high-resolution images are provided byDigital Globe. The terrain in
Google Earth is represented using Shuttle Radar Topographic Mission

(SRTM) (30- or 90-m resolution) or NOAA Global Land One-km Base
Elevation Project (GLOBE) digital elevation models (DEMs) (Wang
et al. 2017). These DEMs are also used to derive the slope and terrain
profile in the add path tool (Fisher et al. 2012; Wang et al. 2017).

Bangladesh does not have an official database for landslides.
The Department of Disaster Management (DDM) of the Ministry
of Disaster and Relief of Bangladesh records landslides without

Fig. 1 Geographical position of Chittagong Hilly Areas
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detailed locations. Most recorded landslides have the locational
information only to the low-level administrative division, such as
name of the village. This record is not updated regularly and not
available online. The Comprehensive Disaster Management Pro-
gramme of the Ministry of Disaster and Relief of Bangladesh
provides a detailed landslide inventory for Cox’s Bazar and Teknaf
municipality areas (CDMP-II 2012). Rahman et al. (2016) provided
landslide inventory for the Chittagong Metropolitan Area (CMA).
These inventories contain GPS coordinates, extent, fatalities, and
estimated economic loss caused by the landslides. Newspaper
reports on landslides can be another data source as they provide
the description of where, when, and why landslides occurred, how
many people died, and estimated economic loss. However, these
reports lack detailed locations and dimensions of the landslides.

Methods
The methodology includes four steps: (1) visual interpretation of
Google Earth imagery, (2) field data collection and mapping, (3)
field validation and accuracy assessment, and (4) final map
production.

Visual interpretation of Google Earth imagery
Based on the availability of Google Earth imagery, landslides were
mapped from January 2001 to March 2017. To keep track of
mapping and prevent visual interpretation of an area more than
once, the whole region was divided into 4911 rectangles (3.3 km
long and 1.3 km wide) (Fig. 3f). These rectangles were created using
the Fishnet tool in ArcGIS and then converted to a KML file. We

Fig. 2 Geological, slope, and elevation maps of Chittagong Hilly Areas
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started the mapping from the upper-left rectangle (near the Feni
river where the Chittagong District starts) and checked the images
from left to right in each rectangle. The landslides were identified
in Google Earth based on four criteria: change of vegetation in
historical images (vegetation was absent and presence of bare land
in one image but presence of vegetation in previous images),

morphological change in historical images, the slope and elevation
of suspected areas for landslides, and the presence of debris or
deposits at the toe of suspected areas.

The Google Earth images from 2001 to 2017 were examined to
detect changes in vegetation and morphology (Fig. 3a and b).
Landslides can remove or destroy the vegetation of an area to
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Fig. 3 Landslide detection in Google Earth. a, b Change detection and identification in Google Earth. c Landslide identification through elevation profile in Google Earth.
d Polygon drawn around the scarp and run out of landslide. e Presence of clear cut. f Fishnet
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expose bare land. However, open fields, vegetation removal due to
flooding, and harvested paddy fields can also appear as bare land
in Google Earth. The slope and elevation were measured to sepa-
rate these different possibilities because landslides usually do not
occur on a gentle slope (Duric et al. 2017). The changes in slope
and elevation from the top to the bottom of a suspected area or the
topsoil scarp indicate that landslide has removed topsoil and
vegetation. The Add Path tool in Google Earth was used to check
the slope of the bare land. This tool generates the topographic
profile along the path (line or polygon) (Bailey et al. 2012). We
drew a central line through each bare land (Fig. 3c) to examine the
slope and elevation change along the profile. When a landslide
occurs, topsoil and soil are generally deposited at the toe. This
deposit was considered as an indication of landslides. Presence of
mottling in the image help to detect debris or deposits of land-
slides. Due to morphological change, landslides have dark brown
color or brighter contrast compared to the pale surrounding area.
We went through Google Earth images using a constant eye alti-
tude of 300 m to track all these changes and identify landslides.
Zoom in and out tools were used when the eye altitude was not
enough to detect these changes.

In our study, the change in vegetation was the first indicator of
landslides. Next, morphological change and the presence of de-
bris at the toe were checked. The presence of debris depends on
the quality (resolution) of the image: we did not find this
evidence in all mapped landslides because high-resolution images
are not available in all areas. Thus, our primary criteria for the
landslide identification are identifying changes in vegetation and
morphology through the historical images, and measuring both
slope and elevation along the profile. The presence of debris is
optional, although it increases the mapping confidence when
available. We also determined the type of movement (falls, top-
ples, slides, spreads, and flows) according to Cruden and Varnes
(1996) and drew polygons (Fig. 3d) around the scarp and run out
(if identifiable). These polygons were saved to KML files in
Google Earth. The identification of the landslide type depends
on the quality of image. It is difficult to identify the material type
through visual interpretation; thus, we did not include this infor-
mation in the landslide classification scheme of Cruden and
Varnes (1996).

Jhum (traditional shifting cultivation) is a common practice of
plantation in CHA. It is a type of rotational farming: one slope of
the land is cleared by controlled burning for cultivation, before it
is left to regenerate after few years (Masum et al. 2011). Rotational
cultivation is the principal driving force for vegetation removal in
hilly forest areas of tropical Asia (Fox et al. 2000). In our method,
removal of vegetation is considered as one of the primary indica-
tors of landslides. Thus, in CHA where jhum cultivation is prac-
ticed, there is a high chance that these areas can be misinterpreted
as landslides (Fig. 3e), as the land is left barren after the harvesting
of crops and remains fellow for next seasons. The availability of
historical images in Google Earth helps differentiate areas under
jhum cultivation from landslides. We explored the pre and post
images of the bare land to check the presence of jhum crops in that
area. In addition, farmers usually select a rectangular or square
slope area for slash-burning and crop cultivation. After harvesting
the crops, the barren area is usually a rectangular or square shape.
In contrast, a landslide is a natural process and its boundary
(scarp or run out) is usually irregular.

Field data collection and mapping
Landslide records from local newspaper and existing literature,
including published and unpublished articles, thesis, and reports,
government documents and archives, and available inventory
maps, were used for the field mapping (Table 1). Experts, officials
of Disaster Management Department of People’s Republic of Ban-
gladesh, city planners, and local political leaders were interviewed
to determine which areas are vulnerable to landslides, why land-
slides occur in addition to heavy rainfall, and whether there is any
change in the pattern of landslides. We collected newspaper re-
ports on landslides from 1980 to July 2017 at the library of the
University of Dhaka. The data collection was mainly based on
three Bengali newspapers (The Daily Ittefaq, The Daily Inqilab,
and The Daily Prothom Alo) and two English newspapers (The
Daily Observer and The Daily Star). We hired four data collectors
because digital copies of these newspapers were not available. Data
collectors went through a 3-h training program on how to collect
data from newspapers before starting the data collection. The data
collectors collected the date, time, and locations of landslides,
number of death and injured, damage to infrastructures, and types
and causes of landslides. Some reports provided the name of the
vulnerable areas and the areas where people are living at the base
of excavated hills. These reports helped identify target areas for
field investigation and mapping. Local offices of Roads and High-
ways Department of the People’s Republic of Bangladesh provided
the locations of landslides that occurred along the roads during
June 2017 under their jurisdictions. Most landslides we collected
occurred near roads and human settlements in both rural and
urban areas.

We adopted participatory field mapping proposed by Samodra
et al. (2015) and used the collected landslides from newspapers and
existing literature for field checking and mapping. Most collected
data provide the general areas where landslides occur or are
vulnerable to landslides without detailed locations (latitudes and
longitudes). We asked local people, political leaders, governmental
officials, and aid agencies to help find these locations. The field
mapping was carried out from July to August 2017. A group
consisted of five members (one group leader and four field assis-
tants) were involved in the field mapping. All field assistants are
college students with the training in geomorphology theory and
field work. They are confident to identify landslides in the field.
The group leader also conducted a final verification to make sure
all data are recorded correctly. A GPS receiver (Gramin Trex 20x)
with an accuracy of 3–10 m was used to collect the latitude and
longitude information of each landslide (Fig. 4a, b, c, d). Chain
and tape were used to measure the length and width of the
landslide. In some cases, the GPS coordinates were measured 3–
10 m away from the landslides due to the dangerous field condi-
tions. We measured the distance between the GPS location and the
landslide using chain or tape. We checked all collected locations in
Google Earth to verify whether they are on the right locations. We
did not measure the extent of the landslide in the field due to the
lack of topographic maps. Instead, we measured the length and
width of each landslide.

A form was used to record time and date (if available), land-
slide characteristics (if recognizable), land use and land cover type
of the area, and visually identifiable causes and categorical damage
assessment. We first visited each targeted area and then checked
with the local people (Fig. 4e, f,) on whether landslides occurred or
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not in the area. In some cases, the database from the Department
of Disaster showed that landslides occurred on completely flat
lands, and local people also failed to remember any landslide
events there—this indicates the possibility of errors in the govern-
ment database. Landslides that occurred in June 2017 were easily
identifiable in the field. All recent landslides occurred within the
landslide prone areas identified from newspaper reports. Most
landslides we mapped in the field were new landslides, due to
the high number of recent occurrences. Motorbikes and three
wheelers were used to make sure that the survey was conducted
as quickly as possible. On average, we mapped around 25 land-
slides per day. We took photographs of each landslide and its
surrounding area to help verify the landslide characteristics that
we identified during the field investigation.

Validation and accuracy assessment
Several methods are available for the validation and accuracy
assessments of landslide mapping. Carrara et al. (1992) intro-
duced a method based on the polygon overlay for the land-
slide validation and accuracy assessment. This method,
however, does not consider the uncertainty, errors, and
subjectivities of mapped landslide boundaries. Galli et al.
(2008) suggested to use a 100-m buffer around landslide
polygons as a threshold to account for the uncertainties and
errors in landslide mapping. It treats the landslides (polygons)
mapped from satellite imagery and the landslides mapped in
the field the same if they are within 100 m of each other. We
adopted this 100-m distance threshold in our study. However,
we mainly recorded the landslides as points in the field,
whereas delineated landslides were recorded as polygons in
Google Earth. It is also not possible to check all Google
Earth-identified landslides in the field. We chose three sites
(Fig. 5) for the validation and accuracy assessment. We con-
ducted the field mapping in a test site at Bandarban and
compared with landslides that we identified in Google Earth.
The next site was the Chittagong Metropolitan Area (CMA).
We did not conduct field mapping in the CMA but Rahman
et al. (2016) provided 57 landslide locations. The third site
was Cox’s Bazar municipality where CDMP-II (2012) provided
77 landslide locations. Some landslides provided by these two
reports were not used in our study because they occurred in
the 1990s—the oldest landslide that we detected in Google
Earth occurred in 2003. We used the proximity of the land-
slides from two inventories (landslide points in field mapping
and landslide polygons in Google Earth) to assess the accura-
cy. Specifically, if a landslide mapped in Google Earth is <
100-m difference compared with the landslide point in the
field, we treat them as matched landslides. The Near tool in

ArcGIS was used to determine the nearest distance between
the Google Earth-mapped landslides and their closest land-
slide points recorded in the field (ESRI 2014). Based on the
threshold distance of 100 m, the overall accuracy can be
defined as:

X ¼ a
b

where X is the overall accuracy, (a) is the number of land-
slides mapped in Google Earth that are within 100-m distance
from landslide points recorded in the field, and (b) is the
total number of landslide points recorded in the field. In
addition, we also examined the commission and omission
errors. The commission error refers to the percentage of
misidentified landslides in Google Earth (> 100 m from the
landslide recorded in the field). The omission error refers to
the percentage of landslides that were recorded in the field,
but not identified in Google Earth.

Final inventory map production
The final inventory map represents the integrated landslide maps
from Google Earth, field mapping, and landslide locations
provided by Rahman et al. (2016) and CDMP-II (2012). Same
landslides identified in both Google Earth and field mapping were
removed using the Select by Location tool in ArcGIS to avoid
duplication. The feature type of the landslides is point in the final
inventory map.

Results
Visual interpretation of Google earth imagery identified 230
landslides that occurred between 2003 and 2016 (Fig. 6a). In
the field, we recorded 414 landslides. We also included 57
landslides in CMA provided by Rahman et al. (2016) and 77
landslides in Cox’s Bazar and Teknaf municipalities provided
by CDMP-II (2012). In total, we collected 548 landslides based
on field mapping (Fig. 6b). The field mapping covered acces-
sible areas where landslides were reported, and the field-
recorded landslides mainly occurred in June 2017 (356 out of
548). Among these recent landslides, 305 of them occurred in
the landslide prone areas that were mentioned in newspaper
reports, and 51 occurred in new areas. In Bandarban, 101
landslides were identified—of these, 25 occurred before
June 2017 with the oldest dated back to 1993. In Rangamati,
all field-mapped landslides occurred during June 2017. Among
82 landslides in Khagrachari, only 12 of them occurred before
2017. Out of 137 field-mapped landslides in Chittagong, 74
landslides occurred before 2017. Table 2 shows the

Table 1 List of main landslide information sources

Source of information Information collected

Local newspaper Date, time, and locations of landslides

Rahman et al. (2016) 57 landslide locations of CMA

CDMP-II (2012) 77 landslide locations of Cox’s Bazar and Teknaf municipalities

Records of Department of Disaster Management of People’s Republic of Bangladesh Name of the locations of landslide that caused casualties

Roads and Highways Department Locations of landslides that caused road damages
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distribution of the landslides identified in Google Earth and
field mapping in the CHA. The mean elevation of landslides
identified in Google Earth is 127.3 m (standard deviation
(SD) = 121.0 m), the maximum elevation is 652.0 m, and 85%
of the landslides are less than 200.0 m (Fig. 7a). For land-
slides identified in the field mapping, the mean elevation is
72.0 m (SD = 121.0 m), the maximum elevation is 483.0 m, and
about 82% of the landslides are less than 100.0 m (Fig. 7a).
Identifying the type of landslide in Google Earth is dependent

upon the quality of the imagery and the skill of the inter-
preter. Among 230 landslides mapped in Google Earth, 62
were undefined due to the difficulty in determining their
types. Slide is the dominant type of landslide, with flow and
fall being two other major types identified in Google Earth
(Fig. 7b). Among 15 unrecognized landslides, 12 are from
Cox’s Bazar district because we did not carry out the field-
work there and landslide locations were provided by CDMP-II
(2012). In field mapping, flow is the dominant type,

a b

c d

e f

Fig. 4 Field mapping. a, b Field mapping with the assistance of local people. c–f Identification of landslides and GPS coordinate collection
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accounting for 40% of the total landslides (Fig. 7b). Slide is
the second dominant type. There are also 28 complex land-
slides, which are combination of two or more types of land-
slides. Most field mapped landslides are shallow landslides
(depth less than 10 m) with only 20 (out of 548) deep land-
slides, which are large slope failures with depths of > 10 m.
Figure 8 (panels a–d) shows the distribution of slide, flow,
fall, topple, and complex types of landslides over the study
area. As mentioned before, slide and flow are the two dom-
inant types of landslides and they have similar type of distri-
bution (Fig. 8a, b). It seems that the type of geology, land use
land cover, or presence or absence of fault lines do not affect
the type of landslides in CHA.

The final landslide inventory (Fig. 6c) includes the locations of
730 landslides, as well as their types, areas (Fig. 8a, b, c, d), and
time of occurrence. About 48.8% (356 out of 730) of the landslides
in the inventory are recent landslides. This dataset is the largest

landslide inventory of the CHA (Fig. 6c). The mapped landslides
are clustered in some specific areas (Fig. 6a, b, c). The clusters are
associated with the natural factors that influence landslides and
the areas covered during field mapping. For example, landslides
are clustered near the fault lines and in areas where the slope
gradient is between 10 and 30°. Our field mapping was mainly in
urban areas and along roads.

The validation and accuracy assessments were conducted in
three sites: test site in Bandarban, CMA, and Cox’s Bazar
municipality. In our test site, we identified 25 landslides dur-
ing field mapping and 22 landslides in Google Earth. All these
landslides are < 100 m buffer distance from the landslides
identified in the field mapping (8 have 0 distance) (Table 3).
Therefore, the overall accuracy is 88% using the 100-m thresh-
old buffer. The commission error is 0%, indicating that all
landslides identified in Google Earth are actual landslides
(Table 4). The omission error is 12%, indicating that 12% of

Fig. 5 Location of study sites for map validation and accuracy assessment
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the landslides we identified in the field were not mapped in
Google Earth. These landslides were mainly close to the urban
or rural settlements where the evidence of landslides is hard
to be discriminated in Google Earth images.

In CMA, we mapped 63 landslides in Google Earth. We
used 44 landslides field-mapped by Rahman et al. (2016) for
validation. Among the 63 landslides, 9 landslides are at 0-m
distance, and 30 landslides are < 100-m buffer distance from
the field-mapped landslides (Table 3). The overall accuracy is
68.2% for the 100-m threshold buffer. The commission error
is 52.4% and the omission error is 31.8% (Table 4). In Cox’s
Bazar municipality, we identified 54 landslides in Google Earth
and used 64 landslides identified by field mapping of CDMP-

II (2012) for validation. Among these 54 landslides, 7 are at 0-
m distance, and 44 are < 100-m buffer distance from the
landslide identified in the field mapping (Table 3). The overall
accuracy is 68.7% for the 100-m threshold buffer. Here, com-
mission error is 18.5% and omission error is 31.3% (Table 4).

The higher accuracy in our test site than the two other areas
is likely caused by the different field mapping methods at each
site. We mapped landslides in Google Earth and validated all
these landslides at the test site in Bandarban. The field-mapped
landslides in CMA and Cox’s Bazar municipality were likely
only those causing casualties. In Cox’s Bazar, the field map of
CDMP-II (2012) included landslides in high-density urban areas,
but we could not identify them in Google Earth. Although
Google Earth has high-resolution images for urban areas, it
may not be enough to detect landslides in high-density urban
areas. Therefore, field mapping is still the best option to detect
landslides in high-density urban areas. The omission errors
range from 12 to 31% in these three sites, indicating that we
may miss 10–30% of the landslides in Google Earth, especially in
urban areas.

Discussion and conclusions
We produced a landslide inventory map of CHA in Bangladesh
based on Google Earth imagery and field mapping. In our study,
field mapping helped to identify more landslides than Google
Earth mapping. In June 2017, numerous landslides occurred in

Fig. 6 Landslide inventory maps of Chittagong Hilly Areas of Bangladesh. (a) Landslide inventory map based on Google Earth. b Landslide inventory map based on field
mapping. c Final landslide inventory map

Table 2 Distribution of landslides identified in Google Earth and field mapping
among districts of Chittagong Hilly Areas

Districts Google Earth Field mapped

Chittagong 121 137

Bandarban 22 101

Cox’s Bazar 48 77

Khagrachari 6 82

Rangamati 33 151
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five districts of the study area and we were able to identify these
landslides in the field. In Bangladesh, vegetation regrows very
quickly, and in urban areas, the rate of anthropogenic land-use
change is extremely high, so any sign of a landslide may quickly
disappear. As our field work was conducted just 1 month after the
occurrence of the new landslides, we mapped more landslides in
the field than in Google Earth. In addition, uncertainties and

biases may exist in using Google Earth. Historical Google Earth
imagery may not have continuity. Specifically, there is no regular
monthly or yearly interval among two historical images, and the
time gap between two historical images can be up to several years.
Landslides that may occur within such a large time gap cannot be
included in the inventory due to the fast vegetation regrowth, and
the signs of the landslide may not be found in the next available

a

b

Fig. 7 Different statistics of identified landslides in Google Earth and field mapping. a Number of landslides at different elevation (Google Earth and field mapping) based
on ASTER 30-m DEM. b Number of different types of landslides (Google Earth and field mapping)
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image. Thus, the inventory generated just using Google Earth may
not include all landslides.

Limitations still exist in our study. Google Earth-based
mapping does not provide good results in urban areas where
field mapping is more efficient. In contrast, field mapping is
mainly conducted along roads and in urban and other

accessible areas, whereas it is difficult in inaccessible areas
in mountains covered by dense forest. Therefore, the integra-
tion of these two methods helps improve the landslide inven-
tory mapping. However, although Google Earth can be used to
map landslides in inaccessible areas, it is only applicable
where landslides left clear and fresh footprints on the Google

Fig. 8 Distribution of different types of landslides in Chittagong Hilly Areas of Bangladesh. a Slide. b Flow. c Fall. d Topple and Complex
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Earth imagery. Time gaps between two images in Google Earth
may exclude some landslides due to the fast vegetation recov-
ery. The field mapping may not fill this gap because it mostly
captured recent landslides. Another limitation comes from the
uneven level of information collected by field mapping and
Google Earth. In field mapping, we conducted in-depth as-
sessment with local people and had a closed view to deter-
mine the cause and type of the landslides. In contrast, it is
hard to determine the cause and type of the landslides simply
by viewing the surrounding areas in Google Earth. Therefore,
compared to only 2.7% of the landslides we mapped in the
field, up to 26.0% of the landslides mapped in Google Earth
do not include the type information.

We developed a set of criteria to identify landslides using
Google Earth imagery. These criteria can be adopted to other
areas, especially developing countries where high-resolution
satellite imagery and aerial photographs are not available.
We introduced a method to separate areas under the jhum
cultivation from landslides. It can help landslide detection in

areas where slash and burning are practiced. We also devel-
oped an accuracy assessment method based on a 100-m buffer
distance threshold for landslides that are mapped as points
rather than polygons in the field. Detail topographic maps are
not available for some areas, especially developing countries,
and the polygons cannot be drawn around the landslides in
the field. Our assessment method would be helpful for this
type of scenarios.

This work produced an updated landslide inventory of
CHA. Previous studies mainly covered three urban areas and
we expanded the mapping to all districts in CHA. We found
that the Rangamati district has the second highest number of
landslides, although relatively few studies were conducted
there. We mapped 211 landslides in Bandarban and
Khagrachari districts, which accounted for about 27% of the
total landslides in CHA. This work helps refine the spatial
distribution of landslides in our study area. Future work is
needed to conduct the morphometric and engineering analysis
on the landslides in these new areas.

Table 3 Percentage of landslide locations at different distance from ground points in Bandarban, CMA, and Cox’s Bazar

Study site Distance (m) 0 1–10 10–20 20–50 50–100 Above 100

Bandarban Number of landslides 8 1 3 4 6 3

Percentage 32.0 4.0 12.0 16.0 24.0 12.0

Cumulative percentage 32.0 36.0 48.0 64.0 88.0 100.0

CMA Number of landslides 9 5 3 5 8 14

Percentage 20.5 11.6 6.8 11.4 18.2 31.9

Cumulative percentage 20.5 31.8 38.6 50.0 68.2 100.0

Cox’s Bazar Number of landslides 7 18 8 8 3 20

Percentage 10.9 28.1 12.5 12.5 4.7 31.3

Cumulative percentage 10.9 39.0 51.5 64.0 68.7 100.0

Table 4 Accuracy assessment table for Bandarban, CMA, and Cox’s Bazar (Column: Field mapping; Row: Google Earth)

Study sites Landslide Non-landslide Total Commission error (%)

Bandarban Landslide 22 0 22 0.0

Non-landslide 3 –

Total 25

Omission error (%) 12.0

CMA Landslide 30 33 63 52.39

Non-landslide 14 –

Total 44

Omission error (%) 31.82

Cox’s Bazar Landslide 44 10 54 19.52

Non-Landslidl 20 –

Total 64

Producer’s accuracy (%) 68.75

Omission error (%) 31.25

Technical Note
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