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Abstract: Natural disasters are events that often occur anywhere and anytime. The tsunami natural disaster is a tidal wave disaster
generated by tectonic earthquakes, volcanic eruptions in the ocean, or landslides that can cause damage, loss and even take lives. Ujung
Kulon National Park (UNKT) is one of 12 existing national parks on the island of Java and is home to key species of the Java plain.
Biodiversity in the national park is threatened by the volcanic activity of Anak Krakatau. The most recent activity generated a tsunami
wave in 2018 that damaged most of the coastal forest ecosystems on the northern Ujung Kulon peninsula. The geographical condition
of UNKT which varies from flat, sloping, wavy, hilly, to mountainous, causes the high flora and fauna in the area. The tsunami event
will cause considerable damage, especially to the flora and fauna in the area. Affected areas are identified and evaluated using a comparison
of the vegetation index Normalized Difference Vegetation Index (NDVI), Modified Normalized Difference Vegetation Index (MNDVI),
Enhanced Vegetation Index (EVI), Soil Adjusted Vegetation Index (SAVI), Atmospherically Resistant Vegetation Index (ARVI), Specific
Leaf Area Vegetation Index (SLAVI), and Green Normalized Difference Vegetation Index (GNDVI), the water index is Augmented
Normalized difference water index (ANDWTI), Modified Normalized Difference Water Index (MNDWI), and Land Surface Water Index
(LSW1I), and the Normalized Difference Built-up Index (NDBI) and Index-Based Built-up Index (IBI). The classification shows that
there are 1.268,53 ha (1,06% of the total conservation area). The analysis shows that the tsunami had a negative impact on the coastal
forest vegetation on the Ujung Kulon peninsula as well as the surrounding settlements. Therefore, these problems need special attention,
especially in the UKNT ecosystem. This study is expected to be a consideration for the management of the UKNT area in order to
preserve the existing ecosystem to protect the endangered Javan Rhino.
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INTRODUCTION

A natural disaster is a sudden and massive
biophysical phenomenon on Earth that results in the
loss of life, assets, or both (Rajan ¢z 2/ 2021). Tsunamis
represent one of the most significant categories of
natural disasters globally. The tsunami will pose
Such
events may be triggered by other hazards, including

increasingly complex challenges for society.

earthquakes, landslides, and volcanoes (Rafliana ¢z /.
2022). A tsunami of considerable magnitude, reaching a
maximum height of 13 meters (Muhari ¢z a/. 2019), was
generated in the Sunda Strait, Indonesia, as a
consequence of volcanic activity at Mount Anak
Krakatau on the night of December 22, 2018. The
impact of the tsunami on the islands surrounding the
Anak Krakatau volcano is evidenced by the destruction
of coastal forests (Muhari ¢z a/. 2019). Further tsunami
impacts were observed in a natural area designated for
rhino conservation on the Ujung Kulon Peninsula
located about 60 km south of the AK volcano. The
tsunami greatly impacted the 4.5 km coastline where
coastal forests were completely washed away to a
distance of up to 800 m inland (Muhari ¢7 /. 2019).
Remote sensing is an effective tool for realizing
synoptic drought monitoring over large areas due to
near real-time observation capacity with high Spatio-
temporal resolution (Wardlow ¢ 2/ 2012). Remote
sensing technology has evolved rapidly in recent years
thus improving the ability to capture geographical

images at high resolution and in detail. Remote sensing
images are taken from a height and capture a very large
area compated to natural images (Zia ¢/ al. 2022). After
the occurrence of a natural disaster, it is necessary to
have the necessary information to understand the
extent of the damage and to provide information on
recovery strategies. Remote sensing can be a source of
information, especially when areas are difficult to access
physically (Marlier e/ a/. 2022). Cloud computing since
they were developed to integrate geospatial data and
services with web-based applications so that they are
cloud-ready (McKee ¢z 2/ 2011).

The index algorithm is one of many used in the
character of the land cover by utilizing the wavelength
read by satellite sensors. The vegetation index is a
common indicator for analyzing phonological features
and has been used extensively in investigative and
dynamic change (Li ¢/ 2/ 2021). There are various types
of vegetation indexes, such as the Zeng ¢f al (2022)
involving the DVI, RVI, NDVI, GNDV, NDTI, CRVI,
SSVI, GVI, WET, EVI, SAVI, LSWI overcoming the
traditional limits of the salt marsh-swamp classification
method, and achieving a semi-automatic identification
salt
vegetation communities in the Bohai sea coast of China.

and extraction of various marshal-swamp
The use of vegetation indices has been commonly used
in remote sensing, for example urban dynamics research

(Rivai ef al. 2023), coastline change (Madinu ez a/. 2024;
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Asy’Ari et al. 2023A), mangrove carbon stock (Adni ez
al. 2024), agriculture in national park area (Wandani ez
al. 2023), and LULC (Asy’Ari et al. 2023B; Alwysihah ¢z
al. 2023).

Information about the tsunami's impact is very
important as an evaluation and recovery plan for the
affected area. The application of geospatial technology
to the process of analyzing affected land is one of the
activities that show efforts to monitor the area around
the National Park. Therefore, research on the impact of
the tsunami in Ujung Kulon National Park (UKINP) was
carried out to investigate the impact of the tsunami.
This research is expected to be used as a consideration
for decision-makers and also for future research.

METDHOLOGY

Research Location

Handeuleum Island is located on the Ujung Kulon
Peninsula in the northern part of Banten, adjacent to
the Krakatau Nature Reserve. UKNP has status as a
World Heritage Site and has rich and valuable
biodiversity (Marine Conservation Areas in Southeast
Asia 2005). Besides having high biodiversity, it also has
the largest remaining lowland rainforest area in the
plains of Java (UNESCO-WHC). The 123.000 ha park
was first designated a nature reserve in 1921 and
became a national park in 1980 (Wells e 2/ 1999).
Endangered species of plants and animals can be found
there, one of which is the Javan Rhino (UNESCO-

WHC). 40% of this area is a marine area (Indonesian
Nature).

Research Procedures

This study used primary data derived from the
Sentinel 2 Multispectral Instrument (MSI) satellite.
Sentinel-2 is an earth-level monitoring satellite launched
by ESA (European Space Agency). The ability to
identify the eatth's surface with the ability of sensors
that produce medium-resolution images of 10 - 60
meters (Drusch ¢z 2/ 2012). The Sentinel-2 satellite has
two probes namely Sentinel-2A and Sentinel-2B which
were launched to improve the temporal resolution of
these satellites (Navarro e/ a/. 2017). This method of
detecting changes has been carried out before and refers
to the research of Seydi ¢ /. (2021) to find out the areas
affected by fires. And also this method was carried out
by Sambah and Miura (2016) which involved the NDVI
and NDWI index algorithms to identify the impact of
the tsunami in Japan.

This research took place from June 2018-
December 2018 (Pre-Tsunami) to December 2018-
May 2018 (Post Tsunami). Analysis of satellite imagery
data involves two main components, namely Google
Earth Engine (GEE) and ArcMap Software (Figure 2).
The GEE platform will input MSI's Sentinel-2 image
and classify it according to a predefined index. This
platform is a cloud computing-based geospatial
technology that offers many conveniences (Mutanga
and Kumar 2019). Kumar and Mutanga (2018) explain
that the platform is integrated with various satellite
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imagery resources and is often used in various analyses
of the earth's surface. According to Gorelick e/ al.
(2017), this geospatial platform uses Google's storage
resources so that it can perform geospatial analysis up
to a global scale. The indices determined in this study
include vegetation index, built-up land, and water index.

Table 1. List of vegetation indexes involved

No Method Formula Reference
Normalized
glffe:egce NDVI=NIR- .
1 egetation Red / NIR + Rouse jt.
Index Red 1973
(NDVI) ¢
Modlﬁef:l MNDVI _
Normalized
. (Red Edge 2 -
Difference Jurgens
2 . Red Edge 1) /
Vegetation 1997
(Red Edge 2 +
Index Red Edge 1
(MNDVI) ge D)
EVI = G (NIR
3 {i/nhatniied -Red) / (NIR + Huete e a/.
I oy ClxRed-C2x 2002
xEVD plue + 1))
oA s SAVI = 15
Soll Adjusted  \1p _ Red)/  Huete
4 Vegetation g 4 Red + 1988
Index (SAVI)
0.5)
Atmospheric  ARVI = (NIR -
ally Resistant (Red - (Blue - Kauffman
5 Vegetation Red))) / NIR + dan Tante
Index Red - (Blue - 1992
(ARVT) Red)))
Specific Leaf
Area SLAVI = NIR Lvmb
6 Vegetation /  ([Red + y;n / Zr()ng()
Index SWIR) rerat
(SLAVT)
Green
Normalized ~ GNDVI =
7 Difference (NIR - Green) Gitelson ez
Vegetation /  (NIR + 41996
Index Green)
(GNDVT)

Furthermore, data processing is carried out using
ArcMap software with the aim of determining the
distribution of damage to areas affected by the
tsunami. The distribution of area damage was analyzed
using an index algorithm capable of reading the
difference in land cover on the earth's sutface through
wavelengths. Rees (1999) explained that various index

algorithms are affected, especially the vegetation index,
which was created to help identify vegetation on the
earth's surface.

Data Analysis

Several indices were used in this study to detect
the impact of tsunami damage in the study area. The
indexes are selected based on their function and used
according to the characteristics of the affected area.
Some of the indices used in this research are vegetation
index (NDVI, MNDVI, EVI, SAVI, ARVI, SLAVI,
GNDVI) (Table 1), water index (ANDWI, MNDWI,
and LSWI) (Table 2), and built-up land index (NDBI,
and IBI) (Table 3). The detection process can be seen
through the following flow chart. The index used is
presented in the table below.

Table 2. List of water indexes involved

No Method Formula Reference
ANDWI =
(Blue + Green
Augmented + Red - NIR -
Normalized ~ SWIR1 " Rad e al
1 difference SWIR2) / (Blue 2021 '
water index + Green + Red
(ANDWT) + NIR +
SWIR1 +
SWIR2
Modified MNDWI =
Normalized ~ (Green -
2 Difference SWIR1) /  Xu 2006
Water Index (Green
(MNDWT) SWIR1)
Land Surface LSWI = (NIR - .
3 Water Index SWIR) / (NIR ?01'8‘; ¢t al
(LSWI) + SWIR)

Table 3. List of built-up indexes involved

No Method Formula Reference
IBI =
Index-Based  (INIR)/NIR +
1 Built-up Red)) +  Xu 2008
Index (IBI) ((Green)/Gree
n + SWIR1))
Normalized
Difference NDBI =
2 Builtup (SWIR - NIR) / SOhOaB e al
Index (SWIR + NIR)
(NDBI)
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Accuracy measurement

Detection results using a remote sensing approach
often produce spatial information that does not match
the actual conditions. It is necessary to carry out
systematic testing to test the level of accuracy of the
results obtained through accuracy measurement (Foody
2004; Rwanga and Ndambukti 2017). In addition, these
measurements were treated before spatial information
from the study was disseminated to users (Congalton
and Green 2009). This is a determinant of the quality of
the data produced. This study involves accuracy
analysis, such as Overall Accuracy (OA; a), Kappa
Statistics (KS; b), User Accuracy (UA; ¢), and Producer
Accuracy (PA; d). This accuracy test involves validation
data with a total of 100 data captured through detailed
imagery on the Google Earth Pro platform. The
calculation of this analysis is by testing all tsunami
detection results from various indices so as to obtain an
index that has a high level of accuracy. The test results
through the KS formula refer to the class of
interpretation of values in Table 4 hat have been created
before and become the most common in testing the
accuracy level of data.

Overall Accuracy (OA) = %Zf: 1 Xi X100%

NYI_1 Xii=SFoq Xi(XigXX4p)

Kappa Statistics = NZST_L X (irx XeD) .. (b)
Uset’s Accuracy = ;(i X100% .o (©
+i
Producet’s Accuracy = % X100% ..ooooeiiii (d)
L

Table 4. Interpretation of kappa values

Kappa value Information
<0.00 Poor
0.00 —0.20 Slight
0.21 - 0.40 Fair
0.41 —0.60 Moderate
0.61-0.80 Substantial
0.81 —1.00 Almost perfect

RESULTS AND DISCUSSION
Tsunami area in UKNP

The study site is a sensitive area that has the status
of a conservation forest with certain functions and
purposes. The location of this study is included in the

management of the UKNP area, namely the

Handeuleum Island Resort and is located on the
northern peninsula of the Ujung Kulon National Park
beach. Ujung Kulon National Park (UKNP) is one of
12 national parks established on Java Island and is home
to a key species of the Java plain. UKINP has been a
nature reserve since 1921 and belongs to the National
Park of the same name since 1980. According to
Hommel (1987). UKNP is an important conservation
area because of its Javan rhino population which may
be an area with one of the remaining in the world. The
existence of other valuable species such as bulls,
javanese deer, leopards, javan gibbons, javanese tigers,
and the beauty of the scenery. UKNP is located in the
western part of the island of Java, Indonesia and is an
area that includes mount Krakatau and several small
islands around it, one of which is the island of
Handeleum. Biodiversity in this national park is
threatened by the volcanic activity of Mount Anak
Krakatau. The last activity that resulted in a tsunami in
2018 damaged most of the coastal forest ecosystems on
the northern Ujung Kulon Peninsula (Figure 3).

Figure 3. Tsunami impact in Ujung Kulon National
Park (UKINP)

Tsunami Detection Result

The tsunami had a devastating impact on the land
in UKNP. Siripong (2006) explains that tsunamis
produce impacts such as coastal sand erosion and the
enlargement of waterways. The impact of the tsunami
that changed the landscape around the coast is
momentum to quickly detect the extent of the damaging
impact using satellite imagery (Koshimura ez a/. 2020;
Sambah and Miura 20106). This is one of the properties
of the tsunami that can damage the landscape. In
addition, the tsunami that occurred in this national park
was a tsunami disaster due to volcanic activity from
Mount Anak Krakatau. Singh et al. (2014) explained
that large and powerful earthquakes have a major
impact to create tsunami waves. However, in this case,
the tsunami was caused by the ruins of one of the sides
of the Anak Krakatau mountain. Damage occurs along
coastal forests and to the north of this national park.
Such as sand erosion can be seen from the mechanism
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of utilizing wavelength differences in the same place so
as to provide spatial-based information.

Table 5. Distribution of tsunami damage based on
several indices used

Extent of damage Accuracy
No Index
Area Percent
(ha) age (%) OA (%) KS
1 MNDVI 207,01 0,16 93,00 0,87
2 EVI 1.268,53 1,06 93,00 0,87
3 ARVI 3.291,13 2,67 79,00 0,65
4 SLAVI 235,11 0,19 94,00 0,89
5 GNDVI 254,69 0,20 79,00 0,64
6 ANDWI  6.269,35 5,09 48,89 0,31
7 MNDWI 435,88 0,35 98,00 0,96
8 LSWI 415,61 0,33 89,00 0,80
9 IBI 606,65 0,49 44,00 0,26
10 NDBI 667,50 0,54 82,00 0,68
11 SAVI 272,82 0,22 94,00 0,89
12 NDVI 220,37 0,17 94,00 0,89
Average 661,50 0,57 82,32 0,73
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Figure 4. Graph of the difference in the detection
results of each index

Three types of indices are involved, namely the
vegetation, water, and land-building type indices to
detect this disaster, and are presented in (Table 2) and
(Figure 4). The results of the damage detection analysis
of each index show that the Tsunami has an impact on
land use change. In this study, the affected area was
shown by the red color (Figure 5). The spatially
visualized damage area (Figure 5) shows that the area
affected by the damage is in the northern part which
tends to be red in all indices. The results of the analysis
show that the damage caused by the tsunami tends to
be in the water area shown by the ANDWI index. The
ANDWI Index is a water index that produces the
highest damage area of 6269.35 or around 5.09% of the
total area of UKINP. While the damage shown by the
EVIindex is 1.2 68.53 ha or equivalent to 1.06% of the
research area.

MNDVI, SLAVI, GNDVI, SAVI, and NDVI
have an area value of approximately 207 - 272 ha. The
vulnerable value is the result of the detection of the
vegetation type index and is different from the water
type index which has a higher area value. For example,
MNDWTI and LSWT have detected atea values of 435.88
ha and 415.61 ha, respectively. A small percentage of
the results of these two indices are spatially distributed
in areas of the ocean that should not have changed
(Figure 5: Parts I and J). Muhari ¢/ a/. (2019) explained
that the tsunami released from the ditrection of Mount
Anak Krakatau hit the peninsula at the end of the kulon
to destroy natural forests about 800 meters from the
coast. From the various indices involved, it provides
losses to national park managers in an effort to save
coastal forests in conservation forest areas. The loss of
coastal forests north of the national park is an
evaluation of all programs launched in saving rare
species of Javan rhinoceros and another biodiversity.
Controlling the impact of this tsunami can be done by
creating natural fortifications such as planting
mangroves along the coast that are often or potentially
affected by tsunamis (Alongi 2008).

E: GNDVI
F: MNDVI
G: EVI K : IBI
H : ANDWI

I: MNDWI
J:LSWI

Information
B Damage Area A:NDVI
N B : SAVI

A C : ARVI
# ) ) - D : SLAVI

Figure 5. Spatial distribution of the results of the
distribution of each index

Characteristics of index for Tsunami

detection

Index characteristics can be judged by the
wavelengths reflected by the earth's surface, especially
in areas that have undergone changes (Sugianto and
Rusdi 2017). In general, indessx algorithms are
launched with different functions according to the
shape and physical characteristics of the earth's sutface.
All indices are directed to assess changes due to the
tsunami. Particularly formed vegetation indices with the
aim of identifying plants on the surface of the earth.
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Rouse jr ez al. (1973) launched the NDVI index in 1973
with the aim of assisting in identifying and monitoring
vegetation on the earth's surface. NDVI values are
represented in ratios that range from -1 to 1. If explored
deeply, extreme negative values represent water, values
around zero represent barren land, and values above 0.2
represent green vegetation. Until now, the NDVI index
has been used in vatious rapid identification cases
related to plants, including monitoring vegetation
damage due to tsunami malignancy. Such as Jiji ¢/ a/.
(2019) which involves this index on vegetation
segments so that it can help in identifying areas of
damage due to tsunamis. Figure 6 shows the differences
in areas affected by the tsunami and is scattered along
the coast and shown in bluish-green color. This is
because the NDVI index has a level of sensitivity to the
components of vegetation, water, and open ground.
This can be shown by the very serious changes in the
forest vegetation of the national park due to exposure
to tsunami waves and also the content of seawater that
submerges vegetation on land. Referring to Maher ¢ a/.
(2015) explained that the NDVI index relies on plant
chlorophyll so that it can determine the level of plant
health.

PRE DAMAGE
TSUNAMI ARE A

POST DAMAGE
TSUNAMI ARE A

1 [B1]

Information

Al NDVI (Pra-Tsunami) \

A2 - NDVI (Post- Tsunami) w !
A3 NDVI (Damage Area)

B1: EVI(Pra-Tsunami) 1

B2 EVI (Post-Tsunami)
B3 : EVI(Damage Area)

IPB University

Bogor Indonesla

Figure 6. Index Assessment NDVI and EVI

The NDVI and EVI indices were used to compare
the ability to detect differences in vegetation density
conditions during the pre-tsunami, post-tsunami, and
area damage periods. NDVI can be used to measure at
various spatial scales how changes in vegetation
distribution, phenology, and productivity will affect
upper trophic levels (Pettorelli ez 2/ 2005). Vegetation
density decreased after the tsunami as shown in red
(damage area). This can be seen in Figure 6 which shows
the development of changes in the composition of
vegetation density levels spatially and temporally.

Somvansi and Kumari (2020) explain that the EVI
index is more responsive to the variety, type, and
architecture of the canopy. This makes it easier for the
index to detect changes that occur in the forest
landscape. The EVI index in some cases is also used in
identifying vegetation changes that occur on the earth's
surface. For example, Andersson ¢f a/. (2015) involved
the EVI index in detecting the recovery from the impact
of the Indian Ocean tsunami natural disaster. These two
indices show how the tsunami affects vegetation
density.

DAMAGE
AREA

DAMAGE
AREA

Information

Al : ARVI (Pra-Tsunami)
A2 | ARVI (Post-Tsunami)
A3 : ARVI (Damage Area)
Bl : SLAVI (Pra-Tsunami)
B2 : SLAVI (Post-Tsunami)
B3 : SLAVI (Damage Area)

IPB University

— Bogor Indonesia —

Figure 7. Index Assessment ARVI and SLAVI

ARVI index has a relatively high detection result
(Figure 4). In this index, the larger affected area is
distributed in the ocean area (Figure 7). The ARVI
index is sensitive to atmospheric conditions, so it has a
strong influence on this identification process
(Kaufman and Tanre 1992). The SLAVI index was
developed specifically to monitor vegetated objects
with a level of leaf area sensitivity (Rahmawati ¢/ a/.
2022). The SLAVI index spatially shows the affected
area with a bluish color and has a blue color gradient
that projects the severity of the tsunami-atfected area.
This is supported by the ability of the SLAVI index to
be more sensitive to the leaf area (Lymburner e/ al.
2000), thus forming a color gradation in the detection
results. The difference between ARVI and SLAVI
indices can be used to map a type of land use that is
reviewed from the wavelength of an object from
various indices received by satellites.

Green  Normalized — Difference 1 egetation  Index
(GNDVI) was developed to assess the variability of leaf
chlorophyll when the leaf area index is high enough
(Gitelson ez al. 1996). GNDVI only produces an area of
254.69 ha or equivalent to 0.20% of the total area of
UKNT conservation areas (Table 5). The GNDVI
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index is associated with the chlorophyll content of the
leaves so it is sensitive to the level of plant density
around the affected area (Shanahan ¢z a/. 2001). Gianelle
et al. (2009) assert that GNDVI is less affected by
saturation. A number of optical satellite sensors acquire
data at the spectral wavelengths needed to produce this
vegetation index at the pixel level. The soil adjusted
vegetation index (SAVI) shows that the distribution of
damage due to the tsunami is 0.02% greater when
compared to the GNDVI index, where the area of
damage identified is 272.82 ha. SAVI is a vegetation
index whose calculation is adjusted to open land cover
to minimize the effects of poor vegetation cover (Jorge
et al. 2019). Overall. although SAVI shows higher
sensitivity, both indices can be used to assess the extent
of damage to vegetation land caused by a disaster (Zhou
¢t al. 2010).

DAMAGE
AREA

PRE
TSUNAMI

Bl : SAVI (Pra-Ts
B2 : SAVI (Post-Tsunami)
B3 : SAVI (Damage Area)

IPB University

— Bogor Indonesia —

Figure 8. Index Assessment GNDVI and SAVI
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TSUNAMI TSUNAMIL

Information
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A2 MNDVI (Post i)
A3 : MNDVI (Damage Arca)
Bl : ANDWI (Pra-Tsunami)
B2 : ANDWI (Post-Tsunami)
B3 : ANDWI (Damage Area)

Figure 9. Index Assessment MNDVI and ANDWI

Index Assessment maximum normalized difference
vegetation index: (MNDVI) and  augmented normalized
difference water index (ANDWI) to the distribution of the
extent of damage before, after, and the affected area

(Figure 9). MNDVI demonstrated the maximum ability
of vegetation to absorb photosynthetically active
radiation (PAR) (Fu e a/ 2013). The variation of
MNDVI depends on the type of vegetation and climatic
conditions in a region (Shen ¢ a/ 2014). The
distribution of damage shown by MNDVI was 207.01
ha or about 0.16% of the overall study area marked in
red in the northwest to the north of the study area.
There was a significant difference in the affected area
from the two indices above, where ANDWI showed a
larger affected area of 5.09% of the study area or
equivalent to 6269.35 ha spread from northwest to
southeast in the water body of the study area. This is
ANDWI developed  based
comprehensive experiments on spectral characteristics
to separate water bodies from other land covers, given

because was on

that tsunami events will also cause damage to water
bodies that have direct contact (Otsu 1979; Prost ¢/ al.
2008; Vos et al. 2019). ANDWI can correctly identify
water bodies even if the imagery used is disturbed by
clouds because it applies the principle of higher SWIR
channel reflectance to true color (RGB) map conditions
(Rad ez al. 2021).

DAMAGE
AREA

A3

PRE
TSUNAMI

Information

Al : MNDWI (Pra-
2 : MNDWI (Pos
A3 : MNDW.
Bl

IPB University
— Bogor Indonesia —

B3 : LSWI (Damage Area) o

Figure 10. Index assessment MNDWI and LSWI

Modified normalized difference water indexx (MNDWI)
dan land surface water index: (LSWI) is an index used to
describe the area of water bodies or land cover
containing water. MNDWT has a high level of sensitivity
in showing water content in built-up lands while LSWI
is used to estimate ground-level water content (Xu
20006; Xiao ¢/ al. 2022). The visualization of the area of
damage described by MNDWI and LSWI did not have
a significant difference, where the damage depicted was
0.35% (435.88 ha) and 0.33% (415.61 ha) of the study
area, respectively. The pattern of distribution of damage
is the same, namely from the northwest to the southeast
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of the study area. Jiang ¢/ a/. (2022) stated that MNDW1I
can also show water information on various land cover
including vegetation under different growing conditions
using blue bands. The LSWI index can identify flooding
by applying the relationship of land cover change
described by NDVI and EVI, but cannot distinguish
between water and vegetation so it is not recommended
for vegetation classification (Giri ef /. 2011; Dong et al.
2016). Overall, the two indices can separate water
bodies in a small scope but there are drawbacks due to
the excessive use of formula derivatives (Niu e# a/. 2022).

PRE POST DAMAGE
TSUNAMI TSUNAMI AREA

i1[a1] [az2]

(B ]

T

1BI (Pra-Tsunami)

A2
A3
B1
B2
B3

Information
Al

Figure 11. Index assessment IBI and NDBI

Normalized difference built-up index INDBI) and index-
based built-up index (IBI) is an index that is easy to use in
describing the area of built-up land in an area. IBI is a
derivative index of NDBI by combining SAVI and
MNDWTI as its calculation component (Li ¢z a/. 2017).
Both NDBI and IBI can describe areas with
impermeable surfaces without omitting information
regarding water bodies (Chen ¢/ a/ 2020). The
distribution of the area of tsunami damage described by
the NDBI was greater, namely 0.54% or 667.5 ha when
compared to IBI with an area of about 0.49% or 606.65
ha from the overall study area. NDBI is used to describe
built-up land (urban area) while IBI can represent three
main components, namely built-up land, vegetation,
and water in an area (Sckertekin e/ a/. 2018). In urban
landscapes, NDBI excels at representing variations in
thermal acceptance and surface moisture (Essa e/ al.
2012; Wang et al. 2020).

Index Testing Accuracy

Allindices have different characteristics so they are
expected to provide recommendations for methods that
can be trusted and shown with a degree of accuracy.
The results of the analysis show that spatial information

regarding the impact of the tsunami can be received
with a fairly high level of accuracy. The assessment of
accuracy results refers to the OA and KS wvalues.
Fitzgerald and Lees (1994) explain that the process of
misclassification can be seen from the value of KS. This
is shown by the highest OA and KS wvalues in the
MNDWI index, namely 98% and 0.96 (Table 6). In
addition, there are other indices that have a fairly high
level of accuracy and are smaller than the MNDWI
index. The indices are SLAVI, SAVI, and NDVI indices
which have OA and KS wvalues of 94% and 0.89.
According to Scepan (1999), an acceptable accuracy
value is shown with an OA value that ranges above
85%. Therefore, of the 12 indices tested, only 7 indexes
have an OA accuracy value above 85%. These indices
include MNDWI, SLAVI, SAVI, NDVI, MNDVI,
EVI, and LSWI. Meanwhile, other indices only have
accuracy values below that threshold. The 85% figure
in the assessment of accuracy results is a limiter for the
feasibility of spatial information resulting from the
classification process and is often used by several
previous researchers/authors (Foody 2008).

The lowest accuracy value is owned by the building
type index, namely IBI with an OA value of 44% and
KS of 0.26. The low accuracy value produced is
influenced by the ability of the index to identify the
earth's surface. The IBI index is generally used in
identifying built-up land, so it is not suitable to be
applied in identifying tsunami impacts in forest areas.
However, the other building index involved, namely the
NDBI, has an accuracy value of 82% for OA and 0.68
for KS. The difference in the resulting accuracy values
of these two indices is influenced by the involvement of
bands in the index formula. Therefore, this index has
the potential to identify the impact of tsunamis in
residential areas.

120

EVI
ARV
SLAVI
GNDVT
ANDWA
LSW
181
NDEI
SAVI
NDVI

VMNDVT
MNDWI

Figure 12. Accuracy assessment

CONCLUSIONS

Handeuleum Island is located on the Ujung Kulon
Peninsula in the northern part of Banten, adjacent to
the Krakatau Nature Reserve. The tsunami in 2018
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caused damage to the peninsula of Ujung Kulon
National Park. Geospatial technology in identifying the
impact of disasters using Sentinel 2 type Multispectral
Instrument (MSI) imagery. The area affected by the
2018 tsunami reached 1,268.53 ha. The MNDWI
method has the highest accuracy rate, namely 98% (total
accuracy) and 0.96 (kappa statistics) which are classified
as precise and almost perfect. The analysis shows that
the tsunami had a negative impact on coastal forest
vegetation on the Ujung Kulon peninsula and
surrounding settlements. Therefore, these problems
need special attention, especially in the UKNP
ecosystem. This study is expected to be a consideration
for the management of the UKNP area within the
framework of the existing ecosystem to protect the
endangered Javan Rhino.
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