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Editorial Committee Preface
Dear 1JReSES Readers,

We sincerely thank you for reading the International Journal of Remote Sensing and Earth Sciences
Vol. 17 No 2, December 2020. In general, this journal is expected to enrich the serial publications on
earth sciences. In particular this journal is aimed to present improvement in remote sensing studies and
its applications on earth sciences. This journal also serves as the enrichment on earth sciences
publication, not only in Indonesia and Asia but also worldwide.

This journal consists of papers discussing the particular interest in remote sensing field. Those papers
are having remote sensing data for image processing, geosciences, oceanography, environment, disaster,
mining activities, etc. A variety of topics are discussed in this seventeen edition. Briefly, the topics
discussed in this edition are the studies of remote sensing data processing issues such as Fisheries
production estimation, urban condition analysis, coral reef habitat, forest devegetation, total suspended
solid, shoreline change, and bathymetri. There are some new methods, new analysis, and new novelties
on this edition.

Finally, enjoy your reading of the IJRESES Vol. 17 No. 2 December 2020, and please refer this journal
content for your next research and publication. For editorial team members and the journal secretariat,
thank you very much for all big supports for this volume publication.

Editor-in-Chief,

Dr M. Rokhis Khomarudin.
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ABSTRACT

DETECTING THE SURFACE WATER AREA IN
CIRATA DAM UPSTREAM CITARUM USING A
WATER INDEX FROM SENTINEL-2/ Suwarsono
Suwarsono, Fajar Yulianto, Hana Listi Fitriana, Udhi
Catur Nugroho, Kusumaning Ayu Dyah Sukowati,
Muhammad Rokhis Khomarudin

IJRESES, 17 (1) 2020:1-8

This paper describes the detection of the surface water
area in Cirata dam, upstream Citarum, using a water
index derived from Sentinel-2. MSI Level 1C (MSIL1C)
data from 16 November 2018 were extracted into a
water index such as the NDWI (Normalized Difference
Water Index) model of Gao (1996), McFeeters (1996),
Roger and Kearney (2004), and Xu (2006). Water index
were analyzed based on the presence of several objects
(water, vegetation, soil, and built-up). The research
resulted in the ability of each water index to separate
water and non-water objects. The results conclude that
the NDWTI of McFeeters (1996) derived from Sentinel-2
MSI showed the best results in detecting the surface
water area of the reservoir..

Keywords: Surface water area, NDWI, Sentinel-2, Cirata
dam, Upstream Citarum

ANALYSIS OF POTENTIAL FISHING ZONES IN
COASTAL WATERS: A CASE STUDY OF NIAS
ISLAND WATERS/ Anang Dwi Purwanto, Teguh
Prayogo, Sartono Marpaung, Argo Galih Suhada
IJRESES, 17 (1) 2020 : 9-24

The need for information on potential fishing zones
based on remote sensing satellite data (ZPPI) in coastal
waters is increasing. This study aims to create an
information model of such zones in coastal waters
(coastal ZPPI). The image data used include GHRSST,
SNPP-VIIRS and MODIS-Aqua images acquired from
September 1st-30th, 2018 and September 1st-30th, 2019,
together with other supporting data. The coastal ZPPI
information is based on the results of thermal front SST
detection and overlaying this with chlorophyll-a. The
method of determining the thermal front sea surface
temperature (SST) used Single Image Edge Detection
(SIED). The chlorophyll-a range used was in the
mesotropic area (0.2-0.5 mg/m3). Coastal ZPPI
coordinates were determined using the polygon centre
of mass, while the coastal ZPPI information generated
was only for coastal areas with a radius of between 4-
12 nautical miles and was divided into two criteria,
namely High Potential (HP) and Low Potential (LP).
The results show that the coastal ZPPI models were
suitable to determine fishing locations around Nias
Island. The percentage of coastal ZPPI information
generated was around 90% information monthly. In
September 2018, 27 days of information were produced,
consisting of 11 HP sets of coastal ZPPI information and
16 sets of LP information, while in September 2019 it
was possible to produce 29 days of such information,
comprising 11 sets of HP coastal ZPPI information and
18 LP sets. The use of SST parameters of GHRSST
images and the addition of chlorophyll-a parameters to
MODIS-Aqua images are very effective and efficient
ways of supporting the provision of coastal ZPPI
information in the waters of Nias Island and its
surroundings.

Keywords: Potential Fishing Zones, Coastal ZPPI,
GHRSST, Single Image Edge Detection (SIED), Nias Island
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ANALYSIS OF WATER PRODUCTIVITY IN THE

BANDA SEA BASED ON REMOTE SENSING
SATELLITE DATA/ Sartono Marpaung, Risky
Faristyawan, Anang Dwi Purwanto, Wikanti

Asriningrum, Argo Galih Suhada, Teguh Prayogo,
Jansen Sitorus
IJRESES, 17 (1) 2020 : 25-34

This study examines the density of potential fishing
zone (PFZ) points and chlorophyll-a concentration in
the Banda Sea. The data used are those on chlorophyll-
a from the Aqua MODIS satellite, PFZ points from
ZAP and the monthly southern oscillation index. The
methods used are single image edge detection,
polygon center of mass, density function and a
Hovmoller diagram. The result of the analysis show
that productivity of chlorophyll-a in the Banda Sea is
influenced by seasonal factors (dry season and wet
season) and ENSO phenomena (El Nifio and La Nifia).
High productivity of chlorophyll-a occurs during in
the dry season with the peak in August, while low
productivity occurs in the wet season and the
transition period, with the lowest levels in April and
December. The variability in chlorophyll-a production
is influenced by the global El Nifio and La Nifa
phenomena; production increases during El Nifio and
decreases during La Nifia. Tuna conservation areas
have as lower productivity of chlorophyll-a and PFZ
point density compared to the northern and southern
parts of the Banda Sea. High density PFZ point regions
are associated with regions that have higher
productivity of chlorophyll-a, namely the southern
part of the Banda Sea, while low density PFZ point
areas are associated with regions that have a low
productivity of  chlorophyll-a, namely tuna
conservation areas. The effect of the El Nifio
phenomenon in increasing chlorophyll-a
concentration is stronger in the southern part of study
area than in the tuna conservation area. On the other
hand, the effect of La Nifia phenomenon in decreasing
chlorophyll-a concentration is stronger in the tuna
conservation area than in the southern and northern
parts of the study area.

Keywords: PFZ point, density, chlorophyll-a, water
fertility, Hovmoller, Banda Sea

ASSESSMENT OF THE ACCURACY OF DEM
FROM PANCHROMATIC PLEIADES IMAGERY
(CASE STUDY: BANDUNG CITY. WEST JAVA)/
Rian Nurtyawan, Nadia fiscarina

IJRESES, 17 (1) 2020: 35-44

Pleiades satellite imagery is very high resolution. with
0.5 m spatial resolution in the panchromatic band and
2.5 m in the multispectral band. Digital elevation
models (DEM) are digital models that represent the
shape of the Earth's surface in three-dimensional (3D)
form. The purpose of this study was to assess DEM
accuracy from panchromatic Pleaides imagery. The
process conducted was orthorectification using ground
control points (GCPs) and the rational function model
with rational polynomial coefficient (RFC) parameters.
The DEM extraction process employed
photogrammetric methods with different parallax
concepts. Accuracy assessment was made using 35
independent check points (ICPs) with an RMSE
accuracy of * 0.802 m. The results of the Pleaides DEM
image extraction were more accurate than the National
DEM (DEMNAS) and SRTM DEM. Accuracy testing
of DEMNAS results showed an RMSE of + 0.955 m.
while SRTM DEM accuracy was * 17.740 m. Such DEM
extraction from stereo Pleiades panchromatic images
can be used as an element on base maps with a scale of
1: 5.000.

Keywords: Pleiades, Digital Elevation Model, Stereo,
Accuracy
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SPATIAL AND TEMPORAL ANALYSIS OF LAND
SURFACE TEMPERATURE CHANGE ON NEW
BRITAIN ISLAND/ Rafika Minati Devi, Tofan
Agung Eka Prasetya, Diah Indriani

IJRESES, 17 (1) 2020: 45-56

Land Surface Temperature (LST) is a parameter to
estimate the temperature of the Earth’s surface and to
detect climate change. Papua New Guinea is a tropical
country with rainforests, the greatest proportion of
which are located on the island of New Britain.
Hectares of rainforests have been logged and
deforested because of infrastructure construction. This
study aims to investigate the change in land surface
temperatures on the island from 2000 to 2019. The
temperature data were taken from National
Aeronautics and Space Administration (NASA) Terra
satellites and were analysed using two statistical
models: spatial and temporal. The spatial model used
multivariate regression, while the temporal one used
autoregression (AR). In this study, a cubic spline fitted
curve was employed because this has the advantage of
being smoother and providing good visuals. The
results show that almost all the sub-regions of New
Britain have experienced a significant increase in land
surface temperature, with a Z value of 7.97 and a
confidence interval (CI) of 0.264 - 0.437. The study only
investigated land surface temperature change on New
Britain Island using spatial and temporal analysis, so
further analysis is needed which takes into account
other variables such as vegetation and land cover, or
which establishes correlations with other variables
such as human health.

Keywords: Land Surface Temperature, New Britain
Island, Climate change, Cubic Spline

MAPPING BURNT AREAS USING THE SEMI-
AUTOMATIC OBJECT-BASED IMAGE ANALYSIS
METHOD/ Hana Listi Fitriana, Suwarsono
Suwarsono, Eko Kusratmoko, Supriatna Supriatna
IJRESES, 17 (1) 2020: 57-64

Forest and land fires in Indonesia take place almost
every year, particularly in the dry season and in
Sumatra and Kalimantan. Such fires damage the
ecosystem, and lower the quality of life of the
community, especially in health, social and economic
terms. To establish the location of forest and land fires,
it is necessary to identify and analyse burnt areas.
Information on these is necessary to determine the
environmental damage caused, the impact on the
environment, the carbon emissions produced, and the
rehabilitation process needed. Identification methods
of burnt land was made both visually and digitally by
utilising satellite remote sensing data technology. Such
data were chosen because they can identify objects
quickly and precisely. Landsat 8 image data have many
advantages: they can be easily obtained, the archives
are long and they are visible to thermal wavelengths.
By using a combination of visible, infrared and thermal
channels through the semi-automatic object-based
image analysis (OBIA) approach, the study aims to
identify burnt areas in the geographical area of
Indonesia. The research concludes that the semi-
automatic OBIA approach based on the red, infrared
and thermal spectral bands is a reliable and fast method
for identifying burnt areas in regions of Sumatra and
Kalimantan.

Keywords: Burned area, Landsat 8, OBIA
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AN ENHANCEMENT TO THE QUANTITATIVE
PRECIPITATION ESTIMATION USING RADAR-
GAUGE MERGING/ Abdullah Ali, Gumilang
Deranadyan, Iddam Hairuly Umam

IJRESES, 17 (1) 2020: 65-74

Quantitative Precipitation Estimation (QPE) is quite
important information for the hydrology fields and has
many advantages for many purposes. Its dense spatial
and temporal resolution can be combined with the
surface observation to enhance the accuracy of the
estimation. This paper presents an enhancement to the
QPE product from BMKG weather radar network at
Surabaya by adjusting the estimation value form radar
to the real data observation from rain gauge. A total of
58 rain gauge is used. The Mean Field Bias (MFB)
method used to determine the correction factor
through the difference between radar estimation and
rain gauge observation value. The correction factor
obtained at each gauge points are interpolated to the
entire radar grid in a multiplicative adjustment. Radar-
gauge merging results a significant improvement
revealed by the decreasing of mean absolute error
(MAE) about 40% and false alarm ratio (FAR) as well
an increasing of possibility of detection (POD) more
than 50% at any rain categories (light rain, moderate
rain, heavy rain, and very heavy rain). This
performance improvement is very beneficial for
operational used in BMKG and other hydrological
needs.

Keywords: Quantitative Precipitation Estimation, radar-
gauge merging, Mean Field Bias Method

OPTIMIZATION OF RICE FIELD
CLASSIFICATION MODEL BASED ON
THRESHOLD INDEX OF MULTITEMPORAL

LANDSAT IMAGES /Dede Dirgahayu, Made Parsa,
Sri Harini, Dony Kurhardono
IJRESES, 17 (1) 2020: 75-84

The development of rice land classification models in
2018 has shown that the phenology-based threshold of
rice crops from the multi-temporal Landsat image
index can be used to classify rice fields relatively well.
The weakness of the models was the limitations of the
research area, which was confined to the Subang
region, West Java, so it is was deemed necessary to
conduct further research in other areas. The objective of
this study is to obtain optimal parameters of
classification model of rice and land based on multi-
temporal Landsat image indexes. The study was
conducted in several districts of rice production centers
in South Sulawesi and West Java (besides Subang). The
threshold method was employed for the Landsat Image
Enhanced Vegetation Index (EVI). Classification
accuracy was calculated in two stages, the first using
detailed scale reference information on rice field base,
and the second using field data (from a survey). Based
on the results of the analysis conducted on several
models, the highest accuracy is generated by the three
index parameter models (EVI_min, EVI_max, and
EVI_range) and adjustable threshold with 94.8% overall
accuracy. Therefore this model was acceptable for used
for nationally rice fields mapping.

Keywords: multitemporal, EVI, threshold, optimizaton
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UTILISATION OF NASA - GFWED AND FIRMS
SATELLITE DATA IN DETERMINING THE
PROBABILITY OF HOTSPOTS USING THE FIRE
WEATHER INDEX (FWI) IN OGAN KOMERING
ILIR REGENCY, SOUTH SUMATRA/ Hermanto
Asima Nainggolan, Desak Putu Okta Veanti,
Dzikrullah Akbar

IJRESES, 17 (1) 2020: 85-98

Prevention and mitigation of forest and land fires have
important roles considering its various negative
impacts. Throughout 2018, in Ogan Komering Ilir
District, 864 hectares of land burned. This data
increased significantly compared to the burned area in
the previous year. Lack of field meteorological
observation is still a problem in solving the problem of
forest fire in the region. Consequently, we utilize
NASA - GFWED and FIRMS satellite data to analyze
the hotspots probabilities in Ogan Komering Ilir
District, South Sumatra. Conditional probability
analysis will be used to find out the likelihood of
hotspots based on FWI and FFMC from 2001 to 2016.
More than 50 percent of hotspots appear during
extreme FFMC class and high to extreme FWI class.
The probability of hotspots for extreme FFMC class
and extreme FWI class varied between 0.3 to 10.4 %
and 0.1 to 3.8 % respectively. Meanwhile, fire-prone
areas with the highest density of fires are in the sub-
district of Tulung Selapan, and the safest region is the
Cengal sub-district.

Keywords: FWI, Hotspots, Forest Fires, Conditional
Probability
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ABSTRACT

VARIABILITY OF SEA SURFACE TEMPERATURE
AT FISHERIES MANAGEMENT AREA 715 IN
INDONESIA AND ITS RELATION TO THE
MONSOON, ENSO AND FISHERY
PRODUCTION/ Komang Iwan Suniada

IJRESES, 17 (2) 2020: 99-114

Sea surface temperature (SST) is one of the
important oceanographic and climate
parameters. Its variability and anomalies often
influence the environment and organisms, both
in the oceans and on land. This study aims to
identify the wvariability of SST and help the
fisheries community to understand how climate
phenomena such as ENSO and monsoonal
phases (represented by wind speed) are related to
SST and fishery production in Fisheries
Management Area (FMA) 715. SST was measured
at Parimo, which represents conditions in the
western part of the area inside Tomini Bay, and
at Bitung, which represents SST in the open
ocean, with a more exposured geographical
position. SST was derived from MODIS satellite
imagery, downloaded from the oceancolor
database (https:/ /oceancolor.gsfc.nasa.gov/)
with a 4 km spatial resolution, from January
2009 to December 2018. Wind speed data,
historical El Nifio or La Nina events, and fish
production data were also used in the study.
Pearson’s correlation (Walpole, 1993) was used to
test the relationship between SST variability or
anomaly and ENSO and monsoons. The results
show that the SST characteristics and variability
of the Parimo and Bitung waters are very
different, although they both lie in the same FMA
715. SST in Parimo waters is warmer, but with
lower variability than in Bitung waters. SST in
Parimo has a low correlation with ENSO (r=0.06,
n=66), low correlation with wind speed (r=-0.29,
n=120), with also a low correlation between SST
anomaly and ENSO (r=0.05, n=66). SST in Bitung
has a higher, but inverse, correlation with ENSO
(r=-0.53, n=66), high correlation with wind speed
(r=-0.60, n=119), with also a high correlation
between SST anomaly and ENSO (r=-0.74, n=66).
Unlike in other parts of Indonesia, fishery
production in Parimo, or the western part inside
Tomini Bay, is not affected by ENSO events.

Keywords: SST, FMA 715, ENSO, monsoon, Tomini Bay

DETECTION AND ANALYSIS OF SURFACE
URBAN COOL ISLAND USING THERMAL
INFRARED IMAGERY OF SALATIGA CITY,
INDONESIA/ Bayu Elwanto Bagus Dewantoro, Panji
Mahyatar, Wafiq Nur Hayani
IJRESES, 17 (2) 2020: 115-126

The detection and monitoring of the dynamics of
urban micro-climates needs to be performed
effectively, efficiently, consistently and
sustainably in an effort to improve urban
resilience to such phenomena. Thermal remote
sensing posesses surface thermal energy
detection capabilities which can be converted into
surface temperatures and utilised to analyse the
urban micro-climate phenomenon over large
areas, short periods of time, and at low cost. This
paper studies the surface urban cool island (SUCI)
effect, the reverse phenomenon of the surface
urban heat island (SUHI) effect, in an effort to
provide cities with resistance to the wurban
microclimate phenomenon. The study also aims to
detect urban micro-climate phenomena, and to
calculate the intensity and spatial distribution of
SUCI. The methods used include quantitative-
descriptive analysis of remote sensing data,
including LST extraction, spectral transformation,
multispectral classification for land cover
mapping, and statistical analysis. The results
show that the urban micro-climate phenomenon
in the form of SUHI in the middle of the city of
Salatiga is due to the high level of building density
in the area experiencing the effect, which mostly
has a normal surface temperature based on the
calculation of the threshold, while the relative
SUCI occurs at the edge of the city. SUCI intensity
in Salatiga ranges between -6.71°C and 0°C and
is associated with vegetation.

Keywords: Thermal Remote Sensing, Land Surface
Temperature, Urban Microclimate, Surface Urban
Cool Island
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ABSTRACT

MONITORING CHANGES IN CORAL REEF
HABITAT COVER ON BERALAS PASIR ISLAND
USING SPOT 4 AND SPOT 7 IMAGERY FROM 2011
AND 2018/ Rosaria Ria Damai, Viv Djanat Prasita,
Kuncoro Teguh Setiawan

IJRESES, 17 (2) 2020: 127-148

Beralas Pasir is part of the Regional Marine
Conservation Area (KKLD), which was established
by the Bintan Regency Government with Bintan
Regent Decree No. 261 / VIII / 2007. Water
tourism activities undertaken by tourists on the
island have had an impact on the condition of the
coral reefs, as have other factors, such as
bauxite, granite and land sand mining activities
around the island. This research aims to
determine changes in the coral reef habitat cover
and the condition of the coral reefs around
Beralas Pasir Island with a remote sensing
function, using SPOT 4 imagery acquired on June
1, 2011 and SPOT 7 imagery from April 5, 2020.
Data collection of environmental parameters
related to the coral reefs was also made. The
image processing used the Lyzenga algorithm to
simplify the image classification process. The
percentage of coral live cover around the island
ranges from 26% - 53%; this has experienced a
significant change, from 67,560 hectares in 2011
to 38,338 hectares in 2018, a total decrease in
the area of 29,222 hectares. Some of the natural
factors found in the research which have caused
damage to the reefs were Drupella snails, the
abundance of Caulerpa racemosa algae, and sea
urchins. The majority of the coral reef types
consist of Non-Acropora: Coral Massive, Coral,
Coral Foliose, Coral Encrusting, Acropora:
Acropora Tabulate, Acropora Encrusting, and
Acropora Digitate.

Keywords: Monitoring, Coral Reefs, SPOT 4, SPOT
7, Beralas Pasir Island

MULTITEMPORAL ANALYSIS FOR TROPHIC
STATE MAPPING IN BATUR LAKE AT BALI
PROVINCE BASED ON HIGH-RESOLUTION
PLANETSCOPE IMAGERY/ Rahma Nafila Fitri
Sabrina, Sudaryatno Sudaryatno

IJRESES, 17 (2) 2020: 149-162

Remote sensing data for analyzing and evaluating
trophic state ecosystem problems seen in Batur
Lake is an approach that is suitable for water
parameters that cannot be observed terrestrially.
As the multitemporal spatial data used in this
study were extensive, it was necessary to consider
the effectiveness and efficiency of the processing
and analysis, therefore R Studio was used as a
data processing tool. The research aims to (1) map
the trophic state of Batur Lake multitemporally
using PlanetScope Imagery ; (2) assess the
accuracy of the trophic state model and apply it to
another temporal data as a Spatial Big Data; and
(3) understand the trophic state impact on the
water quality of Batur Lake based on physical
factors and the lake’s chemical concentration
(sulfur concentration). The research shows that
the trophic state of Batur Lake is in good
condition, with an ultraoligotrophic state as the
majority class, based on the mean Trophic State
Index (TSI) value of 9.49. The standard errors of
each trophic state parameter were 0.010 for total
phosphor, 0.609 for chlorophyll-a, and 0.225 for
Secchi Disk  Transparency  (SDT). The
multitemporal model demonstrates that the
correlation between the increase of trophic state
and mass fish death cases in Batur Lake is
existent.

Keywords: Freshwater Lakes, Ultraoligotrophic,
TSI Carlson, Sulfur Bursts, Remote Sensing
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ABSTRACT

MONITORING MODEL OF LAND COVER
CHANGE FOR THE INDICATION OF
DEVEGETATION AND REVEGETATION USING
SENTINEL-2/ Samsul Arifin, Tatik Kartika, Dede
Dirgahayu, and Gatot Nugroho

IJRESES, 17 (2) 2020: 163-174

Information on land cover change is very
important for various purposes, including the
monitoring of changes for environmental
sustainability. The objective of this study is to
create a monitoring model of land cover change
for the indication of devegetation and revegetation
using data from Sentinel-2 from 2017 to 2018 of
the Brantas watershed. This is one of the priority
watersheds in Indonesia, so it is necessary to
observe changes in its environment, including
land cover change. Such change can be detected
using remote sensing data. The method used is a
hybrid between Normalized Difference Vegetation
Index (NDVI) and Normalized Burn Ratio (NBR)
which aims to detect land changes with a focus
on devegetation and revegetation by determining
the threshold value for vegetation index (ANDVI)
and open land index (ANBR). The study found
that the best thresholds to detect revegetation
were NDVI > 0.0309 and NBR < 0.0176 and to
detect devegetation NDVI < - 0.0206 and NBR >
0.0314. It is concluded that Sentinel-2 data can
be used to monitor land changes indicating
devegetation and revegetation with established
NDVI and NBR threshold conditions.

Keywords: Model, Monitoring. Land Cover,
Sentinel-2, devegetation, revegetation

INTERSEASONAL  VARIABILITY IN THE
ANALYSIS OF TOTAL SUSPENDED SOLIDS(TSS)
IN SURABAYA COASTAL WATERS USING
LANDSAT-8 SATELLITE DATA/ Bela Karbela,
Pingkan Mayestika Afgatiani, Ety Parwati

IJRESES, 17 (2) 2020: 175-188

The spatial and temporal capabilities of remote
sensing data are very effective for monitoring the
value of total suspended solids (TSS) in water
using optical sensors. In this study, TSS
observations were conducted in the west season,
transition season 1, east season, and transition
season 2 in 2018 and 2019. Landsat 8 image data
were used, extracted into TSS values using a semi-
analytic model developed in the Mahakam Delta,
East Kalimantan, Indonesia. The TSS data
obtained were then analysed for distribution
patterns in each season. The sample points were
randomly scattered throughout the study area.
The TSS distribution pattern in the west season
showed a high concentration spread over the
coastal area to the off sea, while the pattern in the
east season only showed a high concentration in
the coastal areas. Transitional seasons 1 and 2
showed different patterns of TSS distribution in
2018 and 2019, with more varied values. The
distribution of TSS is strongly influenced by the
season. Observation of each cluster resulted in the
conclusion that human activity and the rainfall
rate can affect the concentration of TSS.

Keywords: Rainfall Rate, Total Suspended Solids,
Seasonal Total Suspended Solids, Surabaya




International Journal of
Remote Sensing and Earth Sciences

P-ISSN 0216 - 6739; E- ISSN 2549-516X
Accreditation No. 30/E/KPT /2018

Vol. 17 No. 2 December 2020

The abstract may be copied without permission or charge

ABSTRACT

A COMPARISON OF RAINFALL ESTIMATION
USING HIMAWARI-8 SATELLITE DATA IN
DIFFERENT INDONESIAN TOPOGRAPHIES/
Nadine Ayasha

IJRESES, 17 (2) 2020: 189-200

The Himawari-8 satellite can be used to derive
precipitation data for rainfall estimation. This
study aims to test several methods for such
estimation employing the Himawari-8 satellite.
The methods are compared in three regions with
different topographies, namely Bukittinggi,
Pontianak and Ambon. The rainfall estimation
methods that are tested are auto estimator,

IMSRA, non-linear relation and non-linear
inversion approaches. Based on the
determination of the statistical verification
(RMSE, standard deviation and correlation

coefficient) of the amount of rainfall, the best
method in Bukittinggi and Pontianak was shown
to be IMSRA, while for the Ambon region was the
non-linear relations. The best methods from each
research area were mapped using the Google
Maps Application Programming Interface (API).
Keywords: Rainfall Estimation, Himawari-8
Satellite, Google Maps API

SHORELINE CHANGES AFTER THE SUNDA
STRAIT TSUNAMI ON THE COAST OF
PANDEGLANG REGENCY, BANTEN/ Fandi Dwi
Julianto, Cahya Rizki Fathurohman, Salsabila Diyah
Rahmawati, Taufiq Ihsanudin

IJRESES, 17 (2) 2020: 201-208

The Sunda Strait tsunami occurred on the coast
of west Banten and South Lampung at 22nd
December 2018, resulting in 437 deaths, with 10
victims missing. The disaster had various impacts
on the environment and ecosystem, with this area
suffering the greatest effects from the disaster.
The utilisation of remote sensing technology
enables the monitoring of coastal areas in an
effective and low-cost manner. Shoreline
extraction using the Google Earth Engine, which
is an open-source platform that facilitates the
processing of a large number of data quickly. This
study used Landsat-8 Surface Reflectance Tier 1
data that was geometrically and radiometrically
corrected, with processing using the Modification
of Normalized Difference Water Index (MNDWI)
algorithm. The results show that 30.1% of the
coastline in Pandeglang Regency occurred
suffered abrasion, 20.2% suffered accretion, while
40.7% saw no change. The maximum abrasion of
130.2 meters occurred in the village of Tanjung
Jaya. Moreover, the maximum shoreline accretion
was 43.3 meters in the village of Panimbang Jaya.
The average shoreline change in Pandeglang
Regency was 3.9 meters.
Keywords: Landsat-8, Google Earth Engine,
Abrasion, Tanjung Jaya, MNDWI
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ABSTRACT

BATHYMETRIC EXTRACTION USING
PLANETSCOPE IMAGERY (CASE STUDY:
KEMUJAN ISLAND, CENTRAL JAVA)/ Asih Sekar
Sesama, Kuncoro Teguh Setiawan, Atriyon Julzarika
IJRESES, 17 (2) 2020: 209-216

Bathymetry refers to the depth of the seabed
relative to the lowest water level. Depth
information is essential for various studies of
marine resource activities, for managing port
facilities and facilities, supporting dredging
operations, and predicting the flow of sediment
from rivers into the sea. Bathymetric mapping
using remote sensing offers a more flexible,
efficient, and cost-effective method and covers a
large area. This study aims to determine the
ability of PlanetScope imagery to estimate and
map bathymetry and to ascertain its accuracy
using the Stumpf algorithm on the in-situ depth
data. PlanetScope level 3B satellite imagery and
tide-corrected survey data are employed ; satellite
images are useful in high-precision bathymetry
extraction. The bathymetric extraction method
used the Stumpf algorithm. The research location
was Kemujan Island, Karimunjawa Islands,
Central Java. The selection of this region was
based on its water characteristics, which have a
reasonably high variation in depth. Based on the
results of the data processing, it was found that
the PlanetScope image data were able to estimate
depths of up to 20 m. In the bathymetric results,
the R2 accuracy value was 0.6952, the average
RMSE value was 2.85 m, and the overall accuracy
rate was 71.68%.

Keywords: marine resources activity, Stumpf
algorithm, Karimun Jawa Island, remote sensing,
water characteristics
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Abstract. Sea surface temperature (SST) is one of the important oceanographic and -climate
parameters. Its variability and anomalies often influence the environment and organisms, both in the
oceans and on land. This study aims to identify the variability of SST and help the fisheries
community to understand how climate phenomena such as ENSO and monsoonal phases (represented
by wind speed) are related to SST and fishery production in Fisheries Management Area (FMA) 715.
SST was measured at Parimo, which represents conditions in the western part of the area inside
Tomini Bay, and at Bitung, which represents SST in the open ocean, with a more exposured
geographical position. SST was derived from MODIS satellite imagery, downloaded from the oceancolor
database (https://oceancolor.gsfc.nasa.gov/) with a 4 km spatial resolution, from January 2009 to
December 2018. Wind speed data, historical El Nifio or La Nifia events, and fish production data were
also used in the study. Pearson’s correlation (Walpole, 1993) was used to test the relationship
between SST variability or anomaly and ENSO and monsoons. The results show that the SST
characteristics and variability of the Parimo and Bitung waters are very different, although they both
lie in the same FMA 715. SST in Parimo waters is warmer, but with lower variability than in Bitung
waters. SST in Parimo has a low correlation with ENSO (r=0.06, n=66), low correlation with wind
speed (r=-0.29, n=120), with also a low correlation between SST anomaly and ENSO (r=0.05, n=66).
SST in Bitung has a higher, but inverse, correlation with ENSO (r=-0.53, n=66), high correlation with
wind speed (r=-0.60, n=119), with also a high correlation between SST anomaly and ENSO (r=-0.74,
n=66). Unlike in other parts of Indonesia, fishery production in Parimo, or the western part inside

Tomini Bay, is not affected by ENSO events.

Keywords: SST, FMA 715, ENSO, monsoon, Tomini Bay

1 INTRODUCTION phenomena. Wind  speed, air

Sea surface temperature (SST) is
one of the most important oceanographic
and climate parameters (Kaplan et al.,
1998; Corvianawatie et al., 2014; Davies
and Cressie, 2016) since it plays the key
role in regulating climate and its
variability, together with several other
atmospheric parameters including wind
speed, air temperature, humidity and
cloudiness (Deser et al., 2010).
Variability in SST is influenced by both
atmospheric and oceanic processes and

http://dx.doi.org/10.30536/j.ijreses.2020.v17.23370

temperature, cloudiness and humidity
dominant factors in the

which regulate SST
dynamics, while heat transport by

are the
atmosphere

currents, vertical mixing and boundary
layer depth are the dominant factors
influencing SST  variability = which
originate from the ocean. The widely
recognised climatological phenomenon
known as the El Nino
Oscillation (ENSO) clearly demostrates
how variability at the ocean surface,
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especially SST in the tropical Pacific
Ocean, corresponds to atmospheric
variations, that will have an impact on
weather conditions worldwide (Davies
and Crissie, 2016). ENSO consists of two
established events, El Nifio (a warmer
eastern tropical Pacific) and La Nina (a
cooler eastern tropical Pacific). During
the El event, dry conditions
increase and precipitation is lower in the
Australia, Indonesia,
Micronesia, Fiji,
Hawaii regions (Pui et al., 2012). During

Nino
New Guinea,
New Caledonia and

the La Nina event, SST in the western
tropical Pacific Ocean is warmer than
normal, and rainfall increases around
Australia and (Vitri
Marzuki, 2014). These conditions also
correlate with the increasing number of
tropical cyclones compared to normal
climatology condition (Chand et al.,
2013). The Oceanic Nifto Index (ONI) is
the standard measure of the ENSO
phenomenon, using the combination of a

Indonesia and

part of the Nifno 3 and Nino 4 regions,
also known as the Nifio 3.4 region. Five

consecutive of three-month moving

average of SST anomalies within the
Nifio 3.4 region which are above (below)
the threshold of +0.5 (-0.5), indicate the
occurrence of the El Nino (La Nina)
phenomenon
(https:/ /www.ncdc.noaa.gov/teleconnect
ions/enso/indicators/sst/).
Beside ENSO, the
archipelago is influenced by the Asia
Australia monsoonal system. Monsoon
systems are fundamentally driven by
position and radiation, which
trigger pressure differences between the
These
different wind

Indonesian

solar

two continents. differences

generate speeds and
directions in Indonesia during such
phases (Webster et al., 1999).
Australia is colder (higher pressure) than

Asia (warmer, lower pressure),

In July,

so the
wind blows from Australia to Asia; this
phase is the
monsoon. On the other hand, in January
Asia is colder (higher pressure) than

known as southeast

Australia (warmer, lower pressure),
which means the wind direction is from
Asia to Australia, in a phase known as

the northwest monsoon.
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Figure 1-1: Fisheries Management Areas in Indonesia
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The Indonesian archipelago,
according to the Ministry of Marine
Affairs and Fisheries regulation No.
18/PERMEN-KP/2014, is divided into 11
Fisheries Management Areas (FMAs), as

shown in Figure 1-1. This classification

was based on the resource
characteristics and biophysical
environment. An Ecosystem Approach

to Fisheries Management (EAFM) was
also used as a basis for developing the
FMAs, with the management scope
including the capture fisheries, marine
culture, conservation, research, and
fisheries development (Muawanah et al.,
2018).

FMA 715 covers a large area from
Tomini Bay, the Maluku Sea, Seram Sea,
Halmahera Sea, to Berau Bay. The
seabed topography of FMA 715 is very
varied. It generally consists of oceanic
deep waters, some area has a little coral
bottom, especially around Tomini Bay,
and rather shallow waters consisting of
sand mud around Berau Bay. This
varied topography leads to numerous
fisheries resources within FMA 715.
Tomini Bay is inhabited by many coral
fish that can be caught throughout the
year; shrimp resources are abundant in
the muddy waters of Berau Bay; small
pelagic fish resources are available in the
shallow waters; while larger pelagic fish
resources are available in the deeper
waters. Other resources, such as lobster
and squid, are also available in FMA 715
(Suman et al.,, 2014).
masses in FMA 715 are influenced by
the Indonesian Through Flow (ITF),
which carries water mass from the

Some water

Pacific Ocean, entering Indonesia waters
from the Sulawesi Sea through the
Maluku Sea, Halmahera Sea and Seram
Sea (Radjawane and Hadipoetranto,
2014). Other types of water mass
characteristic in FMA 715 are semi-
enclosed water such as Tomini Bay and
Berau Bay.

Variability of Sea Surface Temperature...

Generally, climate phenomena
including ENSO influence most SST
around Indonesia, but only a minor
information state about the ENSO effect
on semi-enclosed water. In this study,
the characteristics of semi-enclosed
water SST in FMA 715 are represented
by Parimo waters, which are located in
the western part of Tomini Bay, while
open ocean
represented by the area around Bitung
waters. The objective of this study is to

characteristics are

identify one of the ocenaographic
parameters (SST) and how climate
phenomena such as ENSO and

monsoonal processes are related to the
variability of SST in Parimo and Bitung.
The study also identifies the
relationship between climate phenomena
and fishery production within semi-
enclosed water.

2 DATA AND METHOD

The main data used in the study
were the monthly average SSTs derived
from Moderate Resolution
Spectroradiometer  (MODIS)
images from January 2009 to December
2018. SST satellite data with a spatial
resolution of 4 km were successfully

Imaging
satellite

downloaded from the  oceancolor
database
(https:/ /oceancolor.gsfc.nasa.gov/). A

map of the monthly mean climatological
SST was then created using QGIS
software to show the spatial distribution
of SST within FMA 715. To understand
the variability, the SST data were
extracted at two locations, one
representing the variability at the
western part inside Tomini bay (Parimo;
120.17°E and -0.76°S) and the other the
SST variability in the open ocean
(Bitung; 125.25°E and 1.38°N ) within
FMA 715 (figure 2-1). Another important
oceanic indicator is SST anomaly. In this
study, the anomaly in Parimo and

Bitung was calculated by subtracting the
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monthly variation to its monthly mean
data:

__ (2-1)
SSTA = S5T, — S5T

where SSTA is SST anomaly and
SST is SST monthly mean data
(2-2)
., SST,

n

SST =

Wind speed data were downloaded

from the Indonesian Agency of
Meteorology, Climatology and
Geophysics database center
(http:/ /dataonline.bmkg.go.id /data_ikli
m). This agency has many climate
observation stations scattered

throughout Indonesia, one of which is
located in Bitung City (125.18°E and
1.44°N). In situ data from local
observing stations were choosen for the
study, since they can describe more
realistic
modelling data available online. Daily
wind speed data from January 2009 to
December 2018 were downloaded from
that database centre, then processed
into a monthly average using a simple
The monthly

conditions compared to

mathematic equation.

average wind speed data are useful in
describing their variability related to the
monsoon.

The Oceanic Nifio Index (ONI) is the
standard ENSO
phenomenon using a combination of part
of the Nino 3 and Nino 4 regions, also
known as the Nifilo 3.4 region. The
occurance of El Nino is indicating by SST
anomaly with a value more than +0.5 for
five consecutive months. While the
occurance of La Nina is indicating by the
value of SST anomaly lower than -0.5.

measure of the

Historical El Nifio or La Nifia event data
represented on the Oceanic Nifio Index
(ONI) are available at the Climate
Prediction Center - National Weather
Service website
(https:/ /origin.cpc.ncep.noaa.gov/produ
cts/analysis_monitoring/ensostuff/ ONI_
v5.php). ONI data from January 2009 to
December 2018 are used in this study.

Fish production data recorded by
the Parimo Marine and Fisheries Office
provide information about dominant
small or large pelagic fish caught inside
the western side of Tomini Bay. This
data series is also a useful indicator for
describing fish production during El
Nino or La Nina events.
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Figure 2-1: Study Area at FMA 715
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Variability of Sea Surface Temperature...

SST data Climate data Fishery data
Extract
Monthly SST Variability 55T Anomaly Ocean Nino Wind Speed Yearly fish
Climatology ' catch
b e e i
Correlation index i i
(- Relationship ---!
Figure 2-2: Block diagram of this study
Pearson’s correlation (Walpole, within FMA 715 is shown in Figure 3-1.

1993) is used to test the relationship
between SST variability or SST anomaly
and the ENSO and
represented by wind speed.

A block diagram of the study is
shown in Figure 2-2.

monsoons,

3 RESULTS

Map of Monthly Climatology SST
Mean

Evidence of the close relationship
between SST and monsoonal systems

Slightly cooler temperatures are found in
some areas in FMA 715 during the
boreal winter months (December to
March). On the contrary, due to the
southeast monsoon, cooler temperatures
are found to the south of the equator
from June to August. It is also shown
that the variability of SST at Parimo, or
the western part within Tomini Bay, is
relatively stable, with only small SST
variations compared to

Bitung waters.

those

near

a. Monthly Climatology SST Mean from 2009 to 2018; Northwest Monsoon

74 AI

b. Monthly Climatology SST Mean from 2009 to 2018; Transition |
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c. Monthly Climatology SST Mean from 2009 to 201
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Figure 3-1: Monthly Climatology SST Mean from 2009 to 2018

SST variability

The mean SST value in Parimo
waters during the period 2009 — 2018 is
30.68°C (o0 = 0.51, n = 120), with a
maximum value of 32.22°C in April 2010
and a minimum of 28.73°C in February
2015. The variability in monthly average
SST shows that the maximum peak can
be present in any month. For example,
in 2009 the maximum peak was in
October; in 2010, 2015 and 2017 it was
in April; in 2011 in May; in 2012 in
December; in 2013 in July; in 2014 and
2018 in 2016 the
maximum SST peak occurred in June.
Unlike the peak, the
minimum SST peak mostly occurs in
January or February, except in 2012
when it was August. During the period
2009 - 2018, the mean SST value in
Bitung waters was 29.34°C (0 = 0.87, n =
119), with a maximum value of 31.01°C

in March; and

maximum

in December 2016, and a minimum

value of 26.47°C in August 2015. The
pattern of monthly variability in Bitung
waters shows that the minimum SST
peak is mostly found in July and August,

although in 2010 it occurred in
February. Similar to Parimo, the
maximum peak in Bitung waters can
also be found in several different

months: in 2009 and 2018 it occurred in
April; in 2010, 2014 and 2017 in
November; in 2011 in February; in 2012
in March; in 2013 and 2015 in June;
and in 2016 the maximum SST peak
occurred in December. Figure 3-2 also
shows that the SST in Parimo and
Bitung waters have completely different
characteristics. Most of the year, SST in
Parimo tends to be higher than in
Bitung. During the period 2009 - 2018,
July, August, September and October
2015 were recorded as having the coolest
SST in Bitung, with a minimum peak
occurring in August.
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Variability of Sea Surface Temperature...
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Figure 3-2: SST variability in Parimo and Bitung 2009 - 2018

The monthly climatological mean of
SST at Parimo and Bitung waters is
presented in Figure 3-3. This clearly
shows that the two regions have different
variability and surface temperatures. In
Parimo, the
January
increasing in March and reaching its
maximum in April (Transitional I). It
then slightly cools in August (southeast
monsoon),
again until November (Transitional II).
In Bitung, SST tends to decrease during
the northwest monsoon, especially in

lowest SST occurs in

(northwest monsoon),

before slightly increasing

January and February. It then starts to
increase during Transition I, reaching a
maximum Entering the
Southeast SST
decrease and drops to a minimum in
August. During Transition II, SST
increases again, until a maximum value
In general,
Bitung waters are cooler than those of
Parimo, climatological
variation of SST in Parimo is relatively
small, with the wvalue of 30.02°C -
31.11°C, compared to that of Bitung,
with a variation of 28.04°C - 30.01°C.

in May.

monsoon, starts to

is reached in November.

and also the
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Figure 3-3. Climatology of SST in Parimo and Bitung 2009 — 2018
(NWM: Northwest Monsoon; TR I: Transition I; SEM: Southeast Monsoon; TR II: Transition II)
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Figure3-4: SST anomaly in Parimo and Bitung 2009 - 2018

The SST anomaly in Parimo and
Bitung is shown in Figure 3-4. This is
calculated by subtracting the monthly
variation to its monthly mean data. The
highest positive anomaly in Parimo
occurred in February 2016 at 1.13°C,
with the lowest negative anomaly of -
1.51°C in February 2015. In Bitung, the
highest positive anomaly was in
September 2010 at 1.80°C, and the
lowest negative anomaly found in
October 2015 with a value of -1.87°C.

SST anomaly is one of the
important oceanic indicators, especially
for coastal environments and organisms.
Anomalous SST, either cool or warm, in
the ecosystem can result in bacteria,
algae or fish thriving or suffering. A
warm SST anomaly in a certain period
sends the signal that the coral reef may
be in danger of bleaching.

Wind Speed

Differences in atmospheric
pressure will generate wind, which is
the movement of air from higher to lower
The velocity of the air
motion defines the strength of the wind.
The mean value of wind speed at FMA
715is 1.22 m/s (o0 = 0.58, n = 120), with
the strongest wind speed in January
2014 with a value of 2.48 m/s, while the
weakest in July 2010. The monthly
climatology mean of wind speed from
2009 to 2018 clearly

connexion between the

pressure areas.

shows the
speed and
monsoonal systems (Figure 3-5).
wind speeds tend

Transition I and II periods, with higher

Low
to occur during
speeds occurring during the northwest
monsoon and the highest during the
southeast monsoon.
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Figure 3-5. Variability and climatology of wind speed at FMA 715 2009 - 2018
(NWM: Northwest Monsoon; TR I: Transition I; SEM: Southeast Monsoon; TR II: Transition II)
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Oceanic Nino Index

During the 2009 - 2018 period,
several El Nifio and La Nina events took
place (Figure 3-6). The strongest El Nifio
started in November 2014 and lasted
until May 2016, while the weakest and
shortest period was observed between
July 2009 and March 2010. From 2009
to 2018 several La Nina events also

occurred. The strongest La Nina started
in June 2010 and lasted until May 2011,
with other weaker and shorter periods
taking place between July 2011 and
March 2012, August and December
2016, and October 2017 and March
2018.
anomaly also occurred between April
2012 and October 2014.

A long normal situation of SST
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Figure 3-6. Oceanic Nifio Index 2009 - 2018
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Figure 3-7: Overall fish production in the western part of Tomini Bay
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Yearly fish production in the
western part of Tomini Bay

Fishery data is very limited in this
area, with no monthly production data
available. Only yearly fish catch data
based on fish species are available
(Figure 10). Overall, based on these data,
the highest fish production was recorded
in 2015, with a total of 24,602 tons,
while the lowest was recorded in 2017,
with a total of 14,979 tons. Fish
production for small pelagic fish in the
western part of Tomini bay was
dominated by Selar Kuning (Selaroides
leptolepis), with a total catch in 2018 of
2,846 tons. This is consistent with Amri
et al.’s (2006) findings.

large pelagic fish was dominated by

Production for

Cakalang (Katsuwonus pelamis), with a
total catch of around 3,273 tons in 2018.

During the strongest La Nifia event
in 2010, fish production tended to
increase compared to previous years,
with production showing a positive
increasing trend until 2013. It then
showed a slight decrease in 2014, which
was considered to be a normal year.

During the strong El Niflo event in 2015,

fish production increased and reached a
maximum peak, before significantly
falling in 2016 and reaching a minimum
level in 2017. The lowest fish production
during the 2009-2018 period was also
recorded in 2017. In 2018, when a La
Ninia event occurred at the beginning of
the year, fish production showed a sign
of improvement.

between SST
variability, ENSO and monsoons

A correlation test between the
monthly variation in SST or SST
anomaly in Parimo and Bitung, with ONI
conducted after only the months with El

Relationship

Nifnio or La Nina events were selected, as
scattergraphs
(Figures 3-8 and 3-9). The results show
that the correlation coefficient between
SST and ENSO in Parimo is r = 0.06 (n =
66), indicating that SST variation in

shown in the below

Parimo has a very weak correlation with
ENSO. On the contrary, SST variation in
Bitung has a strong but reverse
relationship with ENSO, at r = -0.53 (n =
66)
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Figure 3-8: Scattergraph of relationship between SST and ENSO
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Figure 3-9: Scattergraph of relationship between SST anomaly and ENSO

The SST anomaly in Parimo also
has a weak relationship with ENSO, at r
= 0.05 (n = 66), but in Bitung the SST
anomaly has a very strong, but reverse,
relationship with ENSO, at r = -0.74 (n =
66).

Windspeed was also tested using a
correlation test on the variation in SST
in Parimo and Bitung in order to
understand the relationship between
monsoon systems, represented by wind
speeds, and the variation in SST during
the 2009 - 2018 period. The test shows
that wind speed has a weak correlation,
at r = -0.29 (n = 120), in Parimo, and a
strong correlation, ay r = -0.60 (n = 119)
in Bitung.

4 DISCUSSION

SST variablitiy in Parimo

In general, the seasonal variability
of SST in Indonesian waters is very
varied and mostly affected by the
monsoonal systems (Martono, 2016).
Some areas, such as the Makassar
Strait, Sulawesi Sea and the Halmahera
Sea, experience only small variations,
with warm SST over the years, which is
similar to SST characteristics in Parimo.
The variability of SST in FMA 715,
especially around Tomini Bay, was
examined over the period 2002 to 2003
(Amri et al., 2006), showing a similar
pattern to the SST variability found in
this study, which used SST satellite data
from 2009 to 2018. The pattern of SST
variability tends to be high during the

northwest monsoon and low during the
southeast monsoon. In-situ
measurements from 2002 to 2003 also
showed that SST within Tomini Bay is
higher than that at the mouth of the bay.
Inside Tomini Bay, wind speed has a
small and inverse correlation with the
variability of SST (r = -0.29), indicating
the wind is not a dominant factor in SST
variations. Another factor that might
influence the SST variability inside
Tomini Bay is tidal currents. Qu et al.
(2005) state that in the Indonesian
region these are very strong. The
currents generate an intense ocean mix,
which influences SST in numerous
channels and basins in the archipelago.
As well as wind speed, the ENSO event
does not influence the variability in SST
(r = 0.06) inside Tomini Bay a situation
which is also found in other parts of
Indonesian waters. In Ambon Bay,
Corvianawatie et al. (2014) argued that
the monthly SST anomaly was not
correlated with ENSO, but was strongly
influenced by the local morphological
conditions of the bay, which has the
semi-enclosed basin characteristic.

SST variability in Bitung

The higher SST variation in Bitung
waters is closely related to the upwelling
indicator found in the northern (near
Bitung) and southern part of the mouth
of Tomini Bay (Amri et al., 2005). Some
other areas in Indonesia have similar
conditions, with a higher variation in
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SST caused by the upwelling process, for
example in the southern waters of Java,
the Timor Sea, Arafura Sea and Banda
Sea. Upwelling is a process caused by
the stress of surface wind, which brings
cooler and nutrient-rich water near to
the surface. The geographical position of
Bitung waters is more exposed than
those of Parimo, which mean they are
more influenced by the watermass from
the Pacific throughflow. The Sulawesi
Sea is the entrance for the cooler
watermass from the Pacific
(Gordon, 2005) to Indonesia waters,
including to the Maluku Sea and
Halmahera  Sea (Radjawane and
Hadipoetranto, 2014). The cooler SST
from the Pacific Ocean is suspected to be
a key factor that
climatological SST in Bitung to be always
lower than that in Parimo. Unlike within
Tomini Bay, the variability in SST in
Bitung waters is influenced by, and has

ocean

causes the

a strong but reverse relationship with
both wind speed (r = -0.60) and ENSO
events (r = -0.53). The SST anomaly in
Bitung also shows a strong inverse
relationship with ENSO events (r = -
0.74).

SST variability and monsoons in
general

By this study, the lowest SST
anomaly (-1.87°C) was found during the
strongest El Nifio event, while the
highest (1.80 °C) was found during a La
Ninna event. SST variability in Indonesia
is generally low compared to the tropical
eastern Pacific, due to the lack of strong
equatorial upwelling. The interannual
variability in the eastern part of
Indonesia, such as in Timor, Arafura and
the Banda Sea, is less than 2.0 °C (Qu et
al., 2005). SST anomalies in Indonesia
affected by the
monsoonal systems and global climate
change, such as the Indonesian Dipole
and El Nifio (Martono, 2016). Other

waters are also

research has also found that wind speed
is an important factor that influences
SST variability and anomalies in other
Indonesian waters, especially in the
Makassar Strait (Nababan et al., 2016),

and Jakarta Bay
2019). The Asia-
Australia monsoon which influences

the Java Sea
(Corvianawatie,

Indonesian waters is characterised by
seasonal changes in wind speed/stress
direction. The lowest wind speed/stress
takes place in April, which is clearly the
month of transition between the
northwest and southeast monsoons. A
characteristic of the southeast monsoon
is the intensified easterly winds, which
start in June and reach their peak in
July and August, after which they begin
to subside. October is a monsoon
transition month, when winds are low
within the internal Indonesian Sea. In
December, the wind changes direction
and reaches a maximum in January-

February (Susanto et al., 20006).

ENSO and fishery production

An impact of El Nino across
Indonesian waters is the increase in
ocean productivity due to anomalous
easterly wind stress, that generates
strong upwelling in some parts of
Indonesian waters (Susanto et al., 2000).
Upwelling is characterised by nutrient-
SST. This
anomalous wind is believed to be a key

rich water, but cooler
factor in causing the lowest SST and SST
anomaly in the 2009 to 2018 period.
Elsewhere, for example in the South
China Sea, Piton and Delcroix (2018)
state that the variability in SST is also
connected to upwelling due to wind
stress curl or Ekman pumping during
the El Nifio phase. Indonesian waters
respond differently to the ENSO event. In
some areas, such as Sumatra, Java and
the Banda Sea, productivity increases
due to the stronger upwelling during the
El Nifio event. Higher productivity during
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the El Nino phase is connected to
fisheries production; for example, in the
eastern Indian Ocean, the highest CPUE
(Catch Per Unit Effort) of swordfish was
found during an El Nifio event (Setyadji
and Amri, 2017); the highest tuna
landings from the Indian Ocean have
been recorded during El Nino years
(Kumar et al.,, 2014); and skipjack
catches in southeastern Java are also
influenced by ENSO, with production
increasing during El Nino events and
declining during La Nina events
(Handayani et al., 2019). In addition, the
climate change that has intensified
alongshore wind stress and accelerated
coastal upwelling in the Bali Strait has
likely increased sardine production (Gaol
et al.,, 2012). In the western part of
Tomini Bay, near Parimo waters, yearly
catch data indicate that fish production
has not been affected by ENSO events;
yearly production may increase or
decrease in any phase, during La Nina,
El Nifio or in normal conditions. Related
to data on the decrease in fish
production in 2017, Kadim et al. (2017)
state that environmental degradation
pollution might affect the
abundance of the fish population around
the western part of Tomini Bay. Another
theory is that fish caught but unreported

due to

to the authorities may have been the
reason for the decrease in fish

production in 2017.

5 CONCLUSION

SST characteristics and variability
in Parimo and Bitung waters are very
different, although they are both located
in the same FMA. SST in Parimo waters
is warmer, but with lower variability
compared to Bitung waters. Based on
the mean climatology of SST, the
minimum SST in Parimo occurs during
the northwest monsoon, while in Bitung
it is during the southeast monsoon. In
Parimo, wind speed and ENSO events

Variability of Sea Surface Temperature...

have a weak relationship with SST
variability. The opposite was found in
Bitung, where wind speed and ENSO
have a stronger relationship with SST
variability. In other parts of Indonesian
waters, El Nino and La Nina are
connected with fishery production;
production increases during the El Nino
and decreases during La Nina. Unlike in
other parts of
production in Parimo or the western part
within Tomini Bay is not affected by
ENSO events.

Indonesia, fishery
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Abstract. The detection and monitoring of the dynamics of urban micro-climates needs to be performed
effectively, efficiently, consistently and sustainably in an effort to improve urban resilience to such
phenomena. Thermal remote sensing posesses surface thermal energy detection capabilities which can
be converted into surface temperatures and utilised to analyse the urban micro-climate phenomenon
over large areas, short periods of time, and at low cost. This paper studies the surface urban cool island
(SUCI) effect, the reverse phenomenon of the surface urban heat island (SUHI) effect, in an effort to
provide cities with resistance to the urban microclimate phenomenon. The study also aims to detect
urban micro-climate phenomena, and to calculate the intensity and spatial distribution of SUCI. The
methods used include quantitative-descriptive analysis of remote sensing data, including LST
extraction, spectral transformation, multispectral classification for land cover mapping, and statistical
analysis. The results show that the urban micro-climate phenomenon in the form of SUHI in the middle
of the city of Salatiga is due to the high level of building density in the area experiencing the effect, which
mostly has a normal surface temperature based on the calculation of the threshold, while the relative
SUCI occurs at the edge of the city. SUCI intensity in Salatiga ranges between -6.71°C and 0°C and is

associated with vegetation.

Keywords: Thermal Remote Sensing, Land Surface Temperature, Urban Microclimate, Surface Urban Cool
Island

1 INTRODUCTION the wurban area is higher than the

The urbanization phenomenon has
a significant impact on increases in
surface temperature, meaning cities are
vulnerable to changes in microclimate
characteristics, which can lead to
environmental problems (Wang et al.,
2016; Huang & Wang, 2019). A
microclimate is a climatic condition in the
local atmospheric zone which exhibits
differences to the surrounding
environment (Chen et al., 1999;
Ismangil et al., 2016). The change in
microclimate is one of the types of
pressure faced by cities, as it is related to
the urban heat island (UHI), which is a

phenomenon in which the temperature of

http://dx.doi.org/10.30536/].ijreses.2020.v17.a3387

surrounding rural areas (Xian & Crane,
2006; Mostofi & Hasanlou, 2017). UHI
also has other negative impacts, such as
changing air quality, effect on human
health, and energy exchange (Lai &
Cheng, 2009; Road et al., 2010; Stone et
al., 2010; Tan et al., 2010; Skelhorn et al.,
2016; Ng & Ren, 2017; Fawzi, 2017). It
eventually also disrupts the comfort of life
in urban areas.

In recent years, the study of micro-
climate change has been much more
focused on the UHI
However, few studies have considered the
urban cool island (UCI) effect, which is the
opposite of UHI and is a phenomenon
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whereby the
countryside is higher than in the urban
area (Yang et al., 2016). Several previous
studies have suggested that UCI is
effective for the microclimate mitigation,
reducing rising air temperatures, and
improving the comfort of urban areas
(Cao et al.,, 2010; Kong, et al., 2014).
Therefore, UCI can also be used to plan
the provision of green open spaces and to
improve the effectiveness of monitoring
the dynamics of climate changes in an
effort to improve cities’ resilience to
microclimate change.

Few studies on UCI have been
conducted in Indonesia, especially in
relation to the city of Salatiga. This was
one of the cities in Central Java province
which in 2020 was a pilot nationally and
internationally for the integration of the
development of green open spaces. The
city managed to exceed the national target
for the provision of green open space by
24%, of which 16.11% was combined
green open space, with the remainder
being development
agricultural land. This condition makes
Salatiga an interesting location for
research on UCI, considering RTH has an

air temperature in the

sustainable

influence on the surface temperature of
cities.

Study of UCI is differentiated into
two types: UCI surface and UCI water.
The surface intensity of UCI, commonly
abbreviated as SUCI, can be gauged
directly from the land  surface
temperature (LST) value of data extraction
recorded by infrared thermal sensor
satellite remote sensing. LST is an energy
beam of ground level objects successfully
recorded by sensors (Li et al., 2013;
Alhawiti, 2016). On the other hand, UCI
water requires different data to LST,
namely the air temperature, usually
obtained from measurements in the field

or from station climatology.

Remote sensing applications for
SUCI/UCI research are almost the same
as those for SUHI/UHI research, mostly

employing cover/land use as one of its
variants. For example, Reisi et al. (2019)
examined the effect of LULC
(landuse/landcover) changes on LST in
Isfahan City, Iran, from 1985 to 2017,
using Landsat 5 and 7 ETM imagery.
However, the results in their study did not
further assess SUCI/UCI intensity. The
study of such intensity has been more
detailed in previous years. For instance,
Li and Dai (2011) measured UCI intensity
based on the boundary line changes of
several cities in Hunan, China in 1989,
2001 and 2006. Their results showed that
the difference in the city boundary line
affected UCI intensity up to a maximum
of > 2 °C. In addition, the negative
correlation between NDVI and UCI
intensity was also established by Li and
Dai (2011), even though the coefficient of
the correlation decreased from 0.845 to
0.606. The results of their study is shown
only in table form and are not visualized
spatially in the form of maps, so the
spatial distribution is unknown.

The association between UCI and
green open space was examined by Chen
et al. (2014) in Beijing, China, whose
research results showed the influence of
urban RTH spatial patterns on UCI, and
that these were stronger during winter.
The pattern size and combination of RTH
vegetation also influenced UCI. More
complex research was conducted by
Rasul et al. (2015), who examined the
influence of LST on SUCI in the dry
using spectral
transformations, which included wetness,

season several
brightness, the greenness index, NDBI
and NDVI. Their results show that the
brightness index was a very influential
factor in the LST, while the wetness index
was the second factor. In addition, the
LST with NDBI had a strong positive
correlation, whereas NDVI-based LST had
a negative correlation.

The purpose of this SUCI research
in the city of Salatiga using the remote
sensing approach is (1) to, establish the
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spatial distribution of SUCI intensity; and
(2) to calculate this intensity.

2 MATERIALS AND METHODOLOGY
2.1 Location and Data

The research site was located in
Salatiga City, Central Java province,
Indonesia, with coordinates of between
07°17' - 07° 17' 23" S and 110° 27'57" -
110°32'05" E. The city is completely
bordered by Semarang Regency, Central
Java province. It has a total area of 56.78
km?, of which 24% is green open space
(see Figure 2-1).

MAP OF STUDY AREA : SALATIGA CITY
CENTRAL JAVA PROVINCE, INDONESIA
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Figure 2-1: Location of Study Area

The imagery used in the research
was obtained from Landsat 8 OLI/TIRS
with a resolution of 30 m (pixel resampling
from Earth Engine Dataset) with a
recording date of 16 November 2019, and
Sentinel 2A MSI with a resolution of 10 m,
with a recording date of 19 November
2019. The selection of the dates was
based on the availability of data with
produce
objective analysis. The Landsat 8 OLI
Thermal Infrared Sensor (TIRS) was

minimum cloud cover to

Detection and Analysis Of...

employed for the Land Surface
Temperature (LST) estimation used for
Urban Cool (sucqy
analysis, and data with 1-7 multispectral
bands used for the creation of the
vegetation index transformation. Sentinel
2A MSI images were used for the

classification of land cover in the study

Surface Island

area.

Landsat 8 and Sentinel 2A were not
used for comparison analysis. Landsat 8
focused on thermal imagery analysis
covering LST to SUCI, while land cover
from Sentinel 2A was only used to observe
SUCI spatial distribution of certain land
cover classes. Sentinel 2A was selected for
land cover classification with the aim of
improving its accuracy.
2.2 Radiometric and Geometric

Correction

Landsat 8 OLI/TIRS Imagery and
Sentinel 2A MSI were atmospherically
corrected to surface reflectance (bottom-
of-atmosphere). The
corrected imagery from Landsat 8
OLI/TIRS was wused for spectral
transformation purposes, while Sentinel
2A MSI was used for the multispectral
classification of land cover. The image
products used were also geometrically

atmospheric

corrected, so it was only necessary to
make an overview check to ensure the
geometric position of both the images was
precise and relevant to be processed
based on the 1:25,000 scale Rupabumi
Indonesia map of Salatiga City. The
imagery used is available on the Google
Earth Engine (GEE) platform

2.3 Land Surface
Extraction

Temperature

Land Surface Temperature (LST)
extraction was performed on the Google
Earth Engine using the Single Channel
Algorithm (SCA) method, based on its
ease of accessibility, efficiency and
effectiveness in data acquisition.
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USGS Landsat 8 Collection 1 Tier 1 TOA Reflectance

osphere (TOA) reflectance.
ge metadata. See Chander et al

Sentinel-2 MSI: MultiSpectral Instrument, Level-2A

Figure 2-2: Image Metadata Collection in Google Earth Engine
Source: https://developers.google.com/earth-engine/datasets

The extraction was performed on
the Landsat 8 TIRS imagery using
thermal channel Band 10. According to
Loyd (2017), cited in Fawzi (2017), band
10 has a thermal accuracy of ~ £ 1 Kelvin
for simple LST estimation at the urban
scale or greater. The thermal imagery
acquired from GEE was already a
brightness temperature (Traq) as a result
of the calibration of at-sensor spectral
radiance (LA).

The brightness temperature of the
extraction used Kelvin units to facilitate
the analysis; the conversion of the units
to Celsius (°c) was made with the
following formula:

Tcelcius =T-— 27315 (2—1)

where:
Teeicius = temperature in Celsius (°C)
T = temperature in Kelvin (K)

The extraction of surface
temperature needs to be made through
the emissivity correction process to obtain
accurate values (Fawzi, 2017). One
method for the correction of emissivity is
use of the vegetation index NDVI (Salih et
al., 2018; Bahi et al., 2016; Fawzi, 2017).
The formula used to compose the NDVI in
Landsat 8 OLI is as follows:

(B5 — B4)

_ (2-2)
NDVI (B5 + B4)
where:
B5 = NIR Band
B4 = Red Band

An emissivity correction method
using NDVI requires the values of
vegetation and soil emisivity. Referring to
Fawzi (2017), the vegetation values in the
measurement results were in the range of
ev = 0.980 - 0.990, while for soil
emissivity in the range of € = 0.950 -
0.970. The calculation of the surface
emissivity value to be used in the LST
estimation refers to the following
formulas (Salih et al., 2018; Li & Norford
2016; Sobrino et al., 2008; Valor, 1996):

e=¢€,P + e (1—P,)+de (2-3)
where:
€ = land surface emissivity
&y = emissivity of vegetation
€s = emissivity of soil
Py = proportion of vegetation
de = surface roughness
B (NDVI - NDVIS)2 (2-4)
v~ \NDVI, — NDVI
where:
Py = proportion of vegetation
NDVIs = spectral value of soil in NDVI
NDVI, = spectral value of vegetation in

NDVI
The last phase of the LST extraction
process involves inclusion of all the
necessary variables in the following
equation (Salih et al., 2018):

T,
IST = —red (2-5)

(1+ () me)
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where:

LST = land surface temperature (°C)
Traa = brightness temperature (°C)
P = constant of 1.488 x 10-2

€ = surface emissivity

2.4 Detection of Area Indicated by
Surface Urban Heat and Cool
Island (SUHI/SUCI)

Initial detection and identification of
surface urban heat and cool island
(SUHI/SUCI) can be made visually by
observing the LST distribution patterns,
but for the purpose of mitigation and
planning of areas related to wurban
microclimate phenomena it is necessary
that heat and cool islands are
accommodated in quantitative form. Lima
and Lopes (2017) used the following
formula for early detection of areas
indicated as SUHI/SUCI:

AT, =T, - T, (2-6)

where:

ATy = LST difference in the area
indicated by SUHI (°C)

T, = LST difference in urban area (°C)
T: = LST difference in nonurban area
(°C)
AT,y =T - T, (2-7)
where:

ATy = LST difference in the area
indicated by SUCI (°C)

T, = LST difference in urban area (°C)
T, = LST difference in non-urban area
(*C)

Equation (6) was used to identify the
surface temperature of the area indicated
by the SUHI phenomenon, while equation
(7) was used to identify the surface
temperature in the area indicated by
SUCI. These equations are simple one to
temperature
difference in the early detection of the

ascertain the surface

Detection and Analysis Of...

SUHI/SUCI phenomena ; it needs a
formula to find the SUHI/SUCI intensity
to obtain the
threshold as the basis for the analysis.

Research conducted by Ma et al.
(2010) used a more specific formula
related to determining the surface
temperature threshold in the SUHI/SUCI
phenomena, as follows:

surface temperature

Tsuni > Mori + 0,50 (2-8)

where:

Tsuni = LST in the area indicated by SUHI
(°C)

Pori = average of LST in the original
thermal image (°C)

dori = standard deviation in the original

thermal image
Equation (8) was used to obtain a
surface temperature threshold on an

indicated area of SUHI.

0 < Thorm < Hori + 0,500 (2-9)
where:
Thorm = LST in normal condition (°C)
Bori = average of LST in the original
thermal image (°C
a oi = standard deviation in the original

thermal image

Equation (9) was used to obtain the
surface temperature threshold in regions
not indicated as SUHI. The area that is
included in this surface temperature
range has not been identified as SUCI
because it still has the potential to
become an area with normal surface
temperature, or a SUCI indication area.

The determination of the SUCI
surface temperature threshold requires
statistical surface temperatures in areas
with normal conditions to determine the
distribution of surface
values and central tendenciesEquations
that can be reduced to acquire threshold
values in the SUCI-indicated areas are as
follows:

temperature
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Tsuci < Hnorm + 0,50n0rm (2-10)
where:
Tsuci = LST in the area indicated by SUCI
(°C)
Pnorm = average of LST in the original
thermal image with normal

condition (°C)
Onorm = standard deviation in thermal
image with normal condition

Table 2-1:Average, StDev and Threshold
Values of SUHI, Normal and

SUCI
Average StDev
Toriginal (°C) 30.09 4.68
Tnormal (°C) 27.21 3.02
SUHI Threshold (°C) T >32.43
Normal Threshold (°C) 28.72 <T<32.43
SUCI Threshold (°C) T < 28.72

2.5 Measuring Surface Urban Cool
Island (SUCI) Intensity
The value of the
temperature threshold was obtained as
the basis for the spatial measurement of
SUCI intensity. This intensity was
obtained by using a modified equation
from Fawzi's (2017) study, as follows:

surface

SUClin = Tsuci = (Mnorm + 0,50n0rm)  (2-11)
where:

SUCIn, = SUCI Intensity (°C)

Tsuei = LST in the area indicated by
SUCI (°C)

Hnorm = average of LST in the original
thermal image in normal
conditions (°C)

Onorm = standard deviation in the

original thermal image in

normal conditions

2.6 Land Cover Classification and
Accuracy Assessment
Land cover classification was

performed  using  the supervised

classification method with the maximum
likelihood algorithm. The classification
was divided into three class: bare land,
built up areas and vegetation. This
algorithm was selected based on its good
performance in land cover classification
based on probability calculation or the
maximum probability of each sample
group (Danoedoro, 2012).

The accuracy assessment of the
land cover map was made using a
confusion matrix and kappa coefficient.
Sampling for the assessment was made
using the cross-validation method, which
was performed by different people so the
results were more objective. This was also
because of the small number of land cover
different
characteristics. The sampling method

classes with many
used in the accuracy assessment was
stratified random sampling, with a total
sample of 22,686 pixels divided into
15,886 model and 6,800
accuracy samples.

samples

3 RESULTS AND DISCUSSION
3.1 Spatial Distribution of LST and

Land Cover in Salatiga City

The results of the processing of the
Landsat 8 TIRS thermal imagery indicates
that the surface temperature is high
enough in the central area of Salatiga that
for it to be visually identified against the
LST distribution pattern. The distribution
of LST is quite high between 30°C - 37°C,
concentrated in the middle of the city,
which is influenced by the densely built-
up area. This increases the emissivity of
the surface, which is recorded by the
thermal infrared sensor as a higher
surface temperature than that in the
surrounding area. The built-up area
spatial pattern also affects the surface
temperature distribution, as shown in the
image in this figure.
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Figure 3-1: Land cover (a) and LST (b) on map of Salatiga City

The patterns of the LST values are
quite high in the central part of the city,
where the land cover is dominated by
built-up areas, while the edge of the city
tends to have a lower
temperature, with a dominance of
vegetation. This shows that there is a
difference in the thermal energy emitted
from the built-up area and the area with
vegetation, as seen in Figure 3-1.

surface

3.2 Detection of SUHI Area, Normal
Condition and SUCI

The detection process of the area
indicated by SUHI, the normal condition
and SUCI is based on the equations used
and the threshold value of the surface
temperature. The results of the
processing indicate that the potential
occurrence of SUHI is in areas with a
surface temperature of >32.43°C, which
are distributed in the center of the city,
while the surface temperatures in normal
conditions are in the range of 28.72°C -
32.43°C, and are spread around the
region with potential SUHI.

Indications of SUCI were detected
on the edge of the city, with a surface
temperature of <28.72°C. These
indications have a pattern that tends to
group on the city edge, with land cover in
the form of vegetation and some bare
land. SUCI intensity measurements were
taken to obtain specific information
related to SUCIL.

Based on the measurement results,
SUCI intensity was divided into five
classes : very high (-6.71°C - -5.37°C);
high (-5.36°C - -4.03°C); medium (-
4.02°C - -2.68°C); low (-2.67°C — -1.34°C;
and very low (-1.33°C — 0°C). The intensity
shows the SUCI effect that occurs in
related areas. It is very high, signifying
that the area has a greater SUCI effect
than the surrounding area, with a
difference in the value of the surface
temperature of between -6.71°C to -
5.37°C. The dominance of land cover in
areas of high intensity value in the form
of vegetation with varying levels of
greenish.
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Figure 3-2: SUCI Intensity Map of Salatiga City

Table 3-1: Accuracy Assessment of Land Cover Map

Ground Truth (Pixels)

Vegetation Built up Area Bareland Total row Accu[f':ti; (%)
S Vegetation 1932 100 256 2288 84.44
% Built up Area 224 1957 34 2215 88.35
% Bare land 140 117 2040 2297 88.81
% Total column 2296 2174 2330 6800
& Producer Accuracy (%) 84.15 90.02 87.55

Overall Accuracy (%) 87.19
3.3 Accuracy Assessment of the Land be made simultaneously when the

Cover Map

The land cover map accuracy test
was conducted using a confusion matrix
and kappa coefficient. The accuracy
assessment results show good accuracy
with the kappa coefficient, in the very
good agreement category. The accuracy
assessment results can be seen in Table
3-1.

3.4 Accuracy Assessment of Land

Surface Temperature (LST)

Some researchers suggest that the
accuracy test and validation of that
surface temperature should be conducted
a maximum of 3-4 hours after recording
(for addition, Sabins, 2007, cited in
Fawzi, 2017), even though the surface
temperature is very dynamic, even in
seconds. Ideally, an accuracy test should

satellite is recording the area, but this is
very difficult to achieve.

There is also the option to make
comparisons of two thermal infrared
sensors that record the same area, but
due to data source limitations, this is also
difficult to do.
temperature accuracy tests need to be
reviewed in relation to the extraction

Studies on surface

process. Accuracy testing of remote
sensing imagery is made only on the
results of both visual and digital
interpretation; for example, on the
interpretation of land cover/land use.
Land cover/land use is a hybrid variable
that needs to be tested, while the
biophysical variables that make up the
hybrid variable are sets of pixel values
that do not need to be tested (Danoedoro,

2012).
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Table 3-2: Calibration constant of Landsat 8 TIRS Band 10
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Temperature (K)

TIRS Band10 Change in Response (K)

Feb 11, 2013 — Mar 1, 2015

Mar 2, 2015 - Present

240 (extrapolated)
273
285
300

320 (extrapolated)

-0.11 2.73
0.08 1.05
0.14 0.60
0.20 0.12
0.27 -0.42

Source: https://www.usgs.gov/core-science-systems/nli/landsat/landsat-8-oli-and-tirs-calibration-

notices

Related to this issue, land surface
temperature is a biophysical variable
derived from
equations, so there is no need to test its
accuracy as long as the equations are
used correctly according to established
procedure. Another
biophysical variable is the pixel value in
the images of the NDVI vegetation index

inversions in physics

example of a

transformation results. This value does
not need to be tested because it is a
biophysical variable derived from an
equation,
interpretation material to compose the
hybrid variable. When accuracy tests are
made on land surface temperature (LST),
these are performed to test the thermal

and a variable used as

infrared sensor used in terms of its
accuracy in to the
temperature in the field, and not to test
the land surface temperature (LST) itself
(Danoedoro, 2012).

Based on these issues, the United

relation actual

States Geological Survey has routinely
calibrated the TIRS sensors attached to
Landsat 8, with the results shown in
Table 3-2.

Based on Table 3-2, the accuracy of
the TIRS sensor in Landsat 8 Band 10 is
an average of 0.466 K. This shows that
the analysis wusing land surface
temperature data derived using Landsat 8
TIRS Band 10 has an estimated value of
0.466 K warmer than the original

condition.

4 CONCLUSION

The phenomenon of SUHI in
Salatiga was detected in the centre of the
city, which was surrounded by areas with
normal surface temperature based on the
threshold SUCI was
distributed on the edge of the city, with an
intensity -6.71°C to 0°C,
associated with vegetation.

value, while

and was
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Abstract. Beralas Pasir is part of the Regional Marine Conservation Area (KKLD), which was established
by the Bintan Regency Government with Bintan Regent Decree No. 261 / VIII / 2007. Water tourism
activities undertaken by tourists on the island have had an impact on the condition of the coral reefs,
as have other factors, such as bauxite, granite and land sand mining activities around the island. This
research aims to determine changes in the coral reef habitat cover and the condition of the coral reefs
around Beralas Pasir Island with a remote sensing function, using SPOT 4 imagery acquired on June 1,
2011 and SPOT 7 imagery from April 5, 2020. Data collection of environmental parameters related to
the coral reefs was also made. The image processing used the Lyzenga algorithm to simplify the image
classification process. The percentage of coral live cover around the island ranges from 26% - 53%; this
has experienced a significant change, from 67,560 hectares in 2011 to 38,338 hectares in 2018, a total
decrease in the area of 29,222 hectares. Some of the natural factors found in the research which have
caused damage to the reefs were Drupella snails, the abundance of Caulerpa racemosa algae, and sea
urchins. The majority of the coral reef types consist of Non-Acropora: Coral Massive, Coral, Coral Foliose,

Coral Encrusting, Acropora: Acropora Tabulate, Acropora Encrusting, and Acropora Digitate.

Keywords: Monitoring, Coral Reefs, SPOT 4, SPOT 7, Beralas Pasir Island.

1 INTRODUCTION

The coast of Bintan Regency has a
coral reef area of 17,394.83 hectares
(DKP, 2007 as cited in Adriman et al.,
2013). There was 14 families and 78 type
of coral in bad to moderate condition
(Giyanto et al., 2017). Since 2006, the
coastal area of Bintan Regency has been
determined by the government to be one
of the locations for the Coral Reef
Rehabilitation and Management Program
(COREMAP) (Adriman et al.,, 2013).
Beralas Pasir Island is one of 3000 large
and small islands in Bintan Regency,
Riau Islands Province, and is a marine
tourism area known as the “private
islands”. The island is part of Gunung
Kijang District, which is one of the two

http://dx.doi.org/10.30536/].jjreses.2020.v17.a3428

sub-districts where COREMAP is being
implemented. In addition, Beralas Pasir
Island is a Regional Marine Conservation
Area (KKLD,) which was established by
the Bintan Regency Government with the
Bintan Regent Decree No. 261 / VIII /
2007. The island has an area of around 6
hectares (Lumbantoruan, 2017).
Environmental conditions on the
island are influenced by seasonal winds
and include currents, some of which are
quite complex as a result of the
interaction between various fixed and
seasonal currents, and other factors such
as the water topography and coastlines.
Moreover, tides also affect the movement
of various chemical pollutants, such as oil
pollution. The geographical position of
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Beralas Pasir Island, which is part of
Bintan, is at the confluence of the Indian
Ocean through the Malacca Strait and the
Pacific Ocean through the South China
Sea, causing the Riau Islands waters to
experience tidal
alternating
2017). The weather on Beralas Pasir
Island is influenced by the monsoons,
which change direction according to the
position of the sun to the earth, meaning
the climate on the island is wet tropical,
with the highest rainfall in September to
February (Lumbantoruan, 2017), and
with an average monthly temperature of
24.8 °C (Lumbantoruan, 2017). Land
elevation above sea level is around 10 m,
and the topography of the Beralas Pasir
Island is a sloping base with a sand
substrate (Lumbantoruan, 2017).

The island was previously
uninhabited, but in September 2015 PT.
Indo Bintan Trijaya opened it to the
public as a tourist destination. The
number of activities undertaken by

currents with an

pattern  (Lumbantoruan,

tourists in the sea waters of around the
island have an impact on the condition of
the coral reefs. Another factor which is a
reason for the study is the influence of
bauxite mining, which together with the
development of the resorts on the coast,
has an impact on changes in the coral reef
cover. CRITC Bintan (2009) as cited in
Adriman et al., 2013) reported a decrease
in live coral cover in the East Bintan
Marine Protected Area (KKLD), allegedly
the result of bauxite, granite and land
sand mining activities. Based on the
problems mentioned above, this research
was conducted to monitor changes in the
coral reef cover on Beralas Pasir Island
using remote sensing methods in 2011
with SPOT 4 images and comparing them
to ones from 2018 from SPOT 7, together
with the conducting of ground truths in
the field using a confusion matrix
accuracy test. [rawan et al. (2017) and

Azka et al. (2019) previously conducted
research on changes in coral reef areas
utilising remote sensing and the water
column correction method using the
Lyzenga algorithm, together with Landsat
imagery. Remote sensing is a method that
is often used in research both on land and
at sea as it can facilitate large scale
research, such as studies of one island or
several islands at the same time.

2 MATERIALS AND METHODOLOGY
2.1 Research Location and Time

The research was conducted from
March to May 2020, with steps including
the preparation stage, field survey and
field data collection on Beralas Pasir
Island, Riau Islands Province. The field
data processing was conducted at the
Hydro-Oceanography Laboratory, Hang
Tuah University, Surabaya and that of the
satellite imagery at the Remote Sensing
Utilization Center, LAPAN. The tools used
for the study were a secchidisc, roller
meter, thermometer, underwater camera,
paper, floating ball,
salinometer and a laptop for the image

underwater

data processing, as well as ErMapper 7.1,
ENVI 5.3, ArcGIS 0.3 and CPCe 4.1
software. The research materials can be
seen in Table 2-1.

Table 2-1: Research Materials

Type of Data Date of Acquisition
SPOT 4 June 6, 2011
SPOT 7 April 5, 2018

[ MAP OF RESEARCH LOCATIONS ON BERALAS PASIR ISLAND, RIAU ISLANDS |

Figure 2-1: Research Location
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2.2 Standardization of Data
2.2.1 Ground Truths

Field validity checks were performed
to establish the condition of coral cover
and the environmental conditions, in
accordance with the conditions in the
field. Determination of the data collection
points was made using the purposive
sampling method.

a. Retrieval of coral reef data

Retrieval of coral reef data with a
size of 9 m x 9 m was made from ten
points spread across locations around the
island. The 9 m x 9 m data size aimed to
be a sample point for the SPOT 7 image
pixels, representing a resolution of 6 m x
6 m for each pixel, with the remaining size
used for errors. There were 30 sampling
points for the reclass and accuracy tests,
ten comprising details of data on coral
reefs, ten on seagrass, and ten on sand.
The coral reef data were then processed
using CPCe 4.1 software.

b.  Environmental Parameters
Environmental parameter data were
collected to observe the limiting factors for
coral reef growth. Some of the parameters
used in the study were temperature,
brightness, salinity and current velocity.

2.2.2 Image processing
The image processing can be seen in
the flow chart shown in figure 2-2.

Monitoring Changes in Coral Reef...

2011 SPOT 4 2018 SPOT 7
Satellite imagery Satellite imagery

B tric R tric
calibration and calibration and

correction correction
I |
I Cropping l I Cropping l

I | Ground Ground
| Masking | | Masking |
i Truth Truth

|

tyEenzs
algorithm

| I
Unsupervised

e

I Reclass l | Reclass l
1 [
|

| Accuracy test | I Accuracy test I

Cl

Classifi
results results

Analysis of changes
in coral reef cover

¥
Results of the SPOT Results of the SPOT
4 coral reef cover 7 coral reef cover
map map

Figure 2-2: Flow Chart

1. Radiometric Calibration

Radiometric calibration is a satellite
image processing process that aims to
convert data in images that are generally
stored in the form of a digital number (DN)
into radiance (LTOA) or reflectance
(pTOA), which can be in the form of
brightness temperature for Thermal
Infrared (Jaelani, 2017).
2.  Atmospheric Correction

The method wused to eliminate
atmospheric effects is the histogram
adjustment method (Chavez et al., 1988).
3. Image Cropping

The satellite images obtained had a
wide coverage, so it was necessary to cut
the image to the required research area.
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4.  Masking

The separation stage between land
and water/ocean was performed to make
it easier to analyse the ocean as the main
object, by entering the formula if (I1 / 12)>
0.7 then 255 else 12.
5. Lyzenga’s Algorithm

The Lyzenga algorithm is a step
taken in water column correction which is
applied to satellite images to eliminate the
influence of water columns:

Y =Ln(TM1) + (Ki/Kj* Ln (TM2)) (2-1)
Where:
Y = image extracted from the bottom

of the water
TM1 = digital number on Band TM1
TM2 = digital number on Band TM2
Ki/Kj = attenuation coefficient value

6. Unsupervised Classification

Image classification in this research
was made using unsupervised
classification with the ISODATA (Iterative
Self-Organizing Data Analysis Technique)
method for images from 2011 and 2018.

Classification is a clustering algorithm
that allows the number of clusters to be
adjusted automatically based on the
iteration process performed (Rahmawan
et al., 2020).
7. Reclass

Reclass is the stage of improving the
unsupervised classification so that it
matches the actual situation with the
help of field data to match the image
results with the actual field conditions.
8.  Accuracy Test

A classification accuracy test was
performed to test the accuracy of the
usage map generated from the digital
classification process, with test samples
from the results of the ground truth. The
sample used as the training area and that
used for the accuracy test was not the
same sample; that for the accuracy test
was taken from a different place so that
its accuracy was more acceptable. The
method used to test the accuracy of image
classification was a configuration, or error
matrix 2005
Wulansari 2017). This matrix can be seen
in Table 2-2.

(Jensen, as cited in

Table 2-2: Error Matrix

Reference Data

PL PL
PLI PLII II1 PLIV PLV PLVI VII Total Row
PL1 A a b C D e f Z row 1
PLII g B h i J k 1 Z row 2
PL III m n C o P q r Y row 3
PL IV s t u D \Y w X T row 4
PLV y z a' b' E c d T row 5
PL VI e' f g' h' I F j L row 6
PL VII k' I m' n' o' P G Z row 7
Total Xrow Xrow ZXrow Xrow XTrow XTIOw X Iow T total
column 1 2 3 4 S 6 7 column /row
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Confusion matrix analysis (Banko,
1998) employs the following equation:

number of rows and columns

K = x100% (2-2)

sum of all data

9. Coral Reef Assessment

The condition of coral reefs is based
on the percentage cover of live coral (rock
coral) and other living components,
together with dead coral, as shown in the
Table 2-3.

Table 2-3: Category of Coral Reef Cover
Condition (English et al.,
1997 as cited in Raazy, 2018).

Coral Reef Cover Condition
(%%) Category
00 - 25 Bad
26 - 50 Moderate
51-75 Good
76 - 100 Best

10. Calculation of Coral Reef Area

The area and changes can be seen
from image data that have been
processed and converted to .shp, as
shown in the attribute table in ArcGIS
10.3 software. Calculation of the area of
and change in coral reefs is made in
hectares (ha).

2.2.3 Environmental Parameter Data
Analysis

1 Visibility

The visibility value is calculated by
taking the percentage value of the strap
length when the Secchi disc is still visible
or not visible at all, which is then
converted into a percent brightness
value. The following formula is used:

visibility (m) (2-3)
———F———x 1009
depth (m) X %

2 Current Velocity
The current velocity measured in

Monitoring Changes in Coral Reef...

the field can be calculated using the

formula:
Rated current velocity, v=s / t (2-4)

where
s = length of the current floating ball (m)
t = current time (seconds)

3 RESULTS AND DISCUSSION
3.1 Pre-processing results of SPOT 4
and SPOT 7 imagery of Beralas
Pasir Island
3.1.1 Radiometric Calibration
The results of the radiometric
calibration are image data initially in the
form of a digital number (DN), which is
then converted into radiance (LTOA). The
results of the radiometric calibration are
shown in Figure 3-1.

() (b)
Figure 3-1: (a) before radiometric
calibration; (b) after radiometric
calibration

3.1.2 Atmospheric Correction

The method used to eliminate the
effects of the atmosphere is the
histogram shift method (histogram
adjustment); the approach commonly
used is dark object substraction (DOS).
The digital number (DN) in an image if
there is no atmospheric influence, then
the minimum pixel value is zero and the
maximum value is one or less (Chavez et
al., 1988). If the minimum DN pixel in the
image histogram is not equal to zero, this
indicates a disturbance from
atmospheric impact. The results of the
atmospheric correction are shown in
Tables 3-1 and 3-2.
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Table 3-1: Digital numbers of SPOT 7 before

atmospheric correction

Band Min Max Mean  St.Dev

Band 0O 4095 225.15 172.98
];and 0O 4095 418.28 135.23
2Band 0 4095 539.42 98.55
gand 0 4095 254.57 424.09
4

Table 3-2: Digital numbers of SPOT 7 after
atmospheric correction

Band Min Max Mean  StDev
Band 0.0 0.0045 0.0006 0.0002
]13and 0.0 0.0039 0.0004 0.0002
2Band 0.0 0.0036 0.0002 0.0002
%and 0.0 0.0024 0.0003 0.0003
4

3.1.3 Image Cropping

After atmospheric correction, the
imagery is cropped cut according to the
location required to be observed. The
results of the cropping can be seen in
Figure 3-2.

() (b)
Figure 3-2: (a) SPOT 4 image before cropping;
(b) image after cropping

3.1.4 Masking

Separation is made of land from
ocean, in order for all land values to
become 255 so as not to disturb the value

of the marine waters during the next
process. The results of the masking are
shown in Figure 3-3.

() (b)
Figure 3-3: (a) Masking SPOT 4, (b)
Masking SPOT 7

3.2 Results of SPOT 4 and SPOT 7
Image Data Processing from
Beralas Pasir Island

3.2.1 Lyzenga’s Algorithm
The application of the Lyzenga

algorithm uses SPOT 4 green and red

channels, and SPOT 7 blue and red
channels. The value of the Ki/Kj

coefficient is obtained by creating a

training area of 30 regions in the image

which have homogeneous colours in the
coral reef area. The results of the
calculation of the creation of the area are
shown in Tables 3-3 and 3-4. The results
of the Lyzenga algorithm can be seen in
Figure 3-4.

Table 3-3: 2011 SPOT 4 Results of
calculation create region

a 0.96277804
Ki/Kj 0.925556078

Table 3-4: 2018 SPOT 7 Result of
calculation create region

a 0.32264807
Ki/Kj 0.64529615
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() (b)
Figure 3-4: Results of the application of
the Lyzenga algorithm: (a)
SPOT 4 image from 2011; (b)
SPOT 7 image from 2018

3.2.2 Image Classification

The results of the classification of
the images of the coral reefs around
Beralas Pasir Island using SPOT 4 and
the ISODATA classification method
resulted in ten classes. In the next class
processing step, the SPOT 4 2011 image
is not reclassified using field data, but
instead the reclassification process refers
to the shallow water object key when
conducting ground truth, with the help
of Google Earth to observe the condition
of Beralas Pasir Island in 2011. The
results of the classification can be seen
in Figure 3-5.

Figure 3-5: Unsupervised classification
results of SPOT 4

Monitoring Changes in Coral Reef...

Image 3-6: Unsupervised classification
results of SPOT 7

The results of the SPOT 7 image
classification using the ISODATA method
produced ten classes. Each class
represented the characteristics of
aquatic objects. Then for the SPOT 7
image after being classified into 10
classes, the next process was the
reclassification process to improve the
results so they match the ground truth
data. The results of the classification can
be seen in Figure 3-6.

3.2.3 Reclassification

Recolouring was performed to
match the results of the images with the
ground truth data that had been
obtained, which were divided into five
classes: coral reefs, seagrass, sand, land
and sea. Each class was assigned a
different colour to make it easier to
recognise each water object. The coral
ground truth location can be seen in
Figure 3-7. Table 3-5 shows the details of
the station for the reclassification
process, consisting of the coral reef,
seagrass and sand reclassification
points.
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Table 3-5: Station coordinate points for the 2018 SPOT 7 reclassification.

Station

Habitat Cover

Coordinate point

X

Y

Coral Reefs
Coral Reefs
Coral Reefs
Coral Reefs
Seagrass
Seagrass
Seagrass
Seagrass
Sand
Sand
Sand
Sand

117995.00 m N
118127.00 m N
116059.00 m N
115533.00 m N
116348.00 m N
116488.00 m N
116242.00 m N
115809.00 m N
115924.27 m N
115841.73 m N
115874.70 m N
116085.97 m N

463096.00 m E
464138.00 m E
463850.00 m E
464114.00 m E
463814.00 m E
463814.00 m E
464026.00 m E
464028.00 m E
46387543 mE
463985.96 m E
463903.59 m E
463880.55m E

Figure 3-7: Coral ground truth location points for reclassification of SPOT 7 Figure: (a) coral reef;

134

()

(b)

(b) seagrass; (c) sand (source: Google Earth)

()

(b)

()

Figure 3-8: (a) unsupervised SPOT 7 classification results; (b) unsupervised SPOT 4
classification results
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Figure 3-9: Reclassisication Results: (a) SPOT 4 in 2011 (b) SPOT 7 in 2018

Table 3-6: Confusion Matrix Accuracy Test.

Information on Ground Truth Results

Image Class Coral Seagrass Sand Total

Classification Coral 5 0 0 5

Results Seagrass 1 5 1 7
Sand 0 1 5 6
Total 6 6 6 18
Accuracy 83.3%

Figure 3-8 shows the results of the
classification process, after which a
reclassification process was conducted to
correct classes not in accordance with
the conditions in the field. Figure 3-9
shows the results of the reclassification
process, which comprise five classes:
coral reef, seagrass, ocean, land and
sand.

3.2.4 Accuracy Test
the of the
accuracy test shown in Table 3-6, the

Based on results
test value from the confusion matrix
method is 83.333%. In remote sensing,
the results of the accuracy tests are
divided into 3 classes, namely if K> 80%,
the accuracy value is very strong (strong
agreement); if K = 40% - 80% the value is
moderate (moderate agreement); and if K
<40% (poor

the value is not good

International Journal of Remote Sensing and Earth Science Vol. 17 No. 2 December 2020

agreement) (Jensen, 2005). The level of
research accuracy therefore falls into the
very strong category). Table 3-7 shows
the details of the stations for the
accuracy tests, the
accuracy test points of the coral reefs,
seagrass and sand.

consisting of

3.2.5 Calculation of the Coral Reef
Area

Based on the of the
processing of the 2011 and 2018 images,
which were tested for accuracy with
ground truth data, there are differences
in the areas of all types of Beralas Pasir
Island habitat cover, as shown in Table
3-8. Maps of the condition of the coral

results

reef areas around the island can be seen
in Figure 3-10 - 3-12.
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O N O W N W OO Ul W+~ O OO U W
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o

Coral

Coral
Coral
Coral
Coral
Coral
Seagrass
Seagrass
Seagrass
Seagrass
Seagrass
Seagrass
Sand
Sand
Sand
Sand
Sand
Sand

Table 3-7: Station coordinate points for the 2018 SPOT 7 accuracy test.

115720.00 m N
116139.00 m N
116217.00 m N
116415.00 m N
116488.00 m N
116571.00 m N
116150.00 m N
116397.00 m N
116569.00 m N
116334.09 m N
116021.00 m N
115909.00 m N
115990.21 m N
115876.73 m N
115846.35 m N
116034.62 m N
115905.24 m N
115968.39 m N

463872.00 m E
463805.00 m E
463783.00 m E
463726.00 m E
463702.00 m E
463675.00 m E
463872.00 m E
463820.00 m E
463782.00 m E
464000.95 m E
464103.00 m E
464071.00 m E
463885.14 m E
464016.33 m E
463925.67 m E
463894.05m E
463877.89 m E
463883.50 m E

Table 3-8: Difference in the findings on coral reefs cover in 2011 and 2018.

Sand
Seagrass
Coral

Total

27.48
85.52
67.56
180.56

25.62
189.93
38.33
253.90

-1.85
104.41
-29.22
73.34
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Figure 3-10: Map of the Condition of Coral Reef Areas around Beralas Pasir Island, 2011
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Figure 3-11: Map of the Condition of Coral Reef Areas around Beralas Pasir Island, 2018
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Figure 3-12: Map of the Condition of Coral Reef Areas around Beralas Pasir Island, 2011 and 2018

3.3 Results of the
Retrieval

3.3.1 Water Conditions around Beralas
Pasir Island

Field Data

The condition of marine waters is
also a component that affects the life,
condition and growth of coral reefs. Some
of the environmental parameter data
taken for coral reefs in this study include

salinity, visibility, temperature and
current velocity, as shown in Table 3-8.
Beralas Pasir Island is unique in its ocean
currents. To the south of the island, the
currents have different directions. Those
to the west are in a southwesterly
direction, while to the east they are

northerly.

Table 3-9: Water Parameter Data around Beralas Pasir Island.

Station Salinity Depth Visibility Temp. Cur.Vel

(%o0) (m) (m/%) (°C) (m/s)
1 35 6.8 6.8 (100%) 30.8 0.12
2 35 4 4 (100%) 30.4 0.53
3 35 2.5 2.5 (100%) 30.3 0.53
4 35 1.2 1.2 (100%) 30.9 0.12
5 35 1.4 1.4 (100%) 30.9 0.12
6 35 2 2 (100%) 30.7 0.12
7 35 4 4 (100%) 31.8 0.12
8 35 4.2 4.2 (100%) 30.9 0.12
9 35 1.5 1.5 (100%) 30.6 0.53
10 35 6.5 6.5 (100%) 30.5 0.53

3.3.2 Coral Reef Condition around
Beralas Pasir Island

Coral reef assessment was made by

entering photos of coral reef condition

documented under water into the CPCe

4.1 software. The results of the
assessment from the software could then
be opened in Microsoft Excel. Coral reef

cover can be seen in Figure 3-13.
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Figure 3-13: Coral reef cover around
Beralas Pasir Island

1. Station 1

Station 1 was located to the
northwest of the island, at a depth of 6.8
metres, with a sloping topographical
condition of the sea floor. The percentage
of habitat cover is shown in Figure 3-14.

mHC mDC mDCA m5C mF5 mOT mR =5 mRK

Figure 3-14: Percentage of coral reef cover at
station 1

Its "medium" category indicates that
its condition of coral reef is neither good
nor bad. According to information from
the manager of the Sand Island tourist
area, the location of Station 1 is often
used as a place for fishing, and many
boats pass to taking tourists around the
island to see the scenery. The percentage
of the diversity of coral reef species at the
station can be seen in Table 3-10.

Monitoring Changes in Coral Reef...

Table 3-10: Percentage of diversity of coral

reef siecies at station 1.

Acropora
Acropora Digitate (ACD) 0.41
Acropora Tabulate (ACT) 2.86
Non-Acropora

Coral Encrusting (CE) 1.22
Coral Foliose (CF) 21.63
Coral Massive (CM) 2.45
Coral Mushroom (CMR) 2.86
Coral Submassive (CS) 4.49

It can be seen that the type of coral
reef that is most abundant at station 1 is
non-Acropora coral foliose (sheet), at
21.63%, while the least abundant is
Acropora digitate (fingers), at 0.41%. An
image of coral foliose is shown in Figure
3-15.

ikl L.
. 'l LS.

Figure 3-15: Most abundant coral species
at station 1: non-Acropora coral
foliose (Source: private
collection, P. Beralas Pasir)

2. Station 2

Station 2 was to the northeast of the
island, at a depth of 4 metres, with the
topography of the seabed sloping from the
coastline 200 metres into the open sea.

Based on the results of the ground truth

data collection, the percentage of coral

reef cover at station 2 is 52%, which is in
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the "good" category. Based on a statement
by the manager of the Beralas Pasir
Island tourist area, the location of station
2 is rarely used for snorkeling, diving,
canoeing or other water tourism by
tourists. The percentage of habitat cover
at station 2 is shown in Figure 3-16.

BHC mDC mDCA mSC mFS mR mS mRK

Figure 3-16: Percentage of coral reef cover at
station 2

Based on literature regarding the
sea conditions around Beralas Pasir
Island, station 2 is in a location with quite
strong currents and high waves, with a
current circulation coming from the
Natuna Sea. The percentage of diversity
at station 2 is shown in Table 3-11.

Table 3-11: Percentage of diversity of coral
reef species at station 2

Acropora
Acropora Branching (ACB) 5.06
Acropora Digitate (ACD) 1.27

Acropora Encrusting (ACE) 2.95

Acropora Tabulate (ACT) 10.55
Non-Acropoora
Coral Branching (CB) 0.84
Coral Encrusting (CE) 1.69
Coral Foliose (CF) 4.22
Coral Massive (CM) 16.88
Coral Submassive (CS) 8.86

It can be seen that the type of coral
reef that is most abundant at station 2 is
non-Acropora coral massive (solid), at
16.88%, and the least abundant Acropora
digitate (fingers), at 1.27%. An image of
coral massive is shown in Figure 3-17.

Figure 3-17: Most abundant coral species
at station 2: non-Acropora coral
massive (Source: private
collection, P. Beralas Pasir)

3. Station 3

Station 3 was located to the south of
the island, at a depth of 2.5 metres, with
the topography of the seabed sloping from
the coastline 150 metres into the open
sea. The percentage habitat cover at the
station is shown in Image 3-18.

BHC mDC mDCA wFS mOT mR mS mRK

Figure 3-18: Percentage of coral reef cover at
station 3

Based on the results of the ground
truth data collection, the percentage of
live coral cover at station 3 is 53%, which
is in the "good" category.

Based on a statement by the manager
of the Beralas Pasir Island tourist area,
the location of station 3 is rarely used as
a location for snorkeling or diving by
tourists because it is in a location that
has fairly strong currents, coming from
the east of the island, circulating to the
south, and originating in the Natuna Sea.
The percentage of diversity at the station
is shown in Table 3-12.
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Table 3-12: Percentage of coral reef species

diversii at station 3.

Acropora
Acropora Encrusting (ACE) 2.47

Acropora Tabulate (ACT) 10.29
Non-Acropora
Coral Encrusting (CE) 2.88
Coral Foliose (CF) 7.82
Coral Massive (CM) 17.28
Coral Mushroom (CMR) 0.41
Coral Submassive (CS) 11.52

It can be seen that the type of coral
reef that is most abundant at station 3 is
non-Acropora coral massive (solid), with a
percentage of 17.28%, with the least
abundant being non-Acropora coral
mushroom (mushroom), at 0.41%. An
image of coral massive is shown in Figure

3-19.

eS8 T ARSI
Figure 3-19: Most abundant coral species at
station 3: non-Acropora coral
massive (Source: private
collection, P. Beralas Pasir)

4. Station 4

Station 4 was located to the west of
Beralas Pasir Island, at a depth of 1.2
metres, with the topography of the sea
floor sloping from the coastline 120
metres into the open sea. The percentage
habitat cover at the station is shown in
Figure 3-20.

Monitoring Changes in Coral Reef...

BHC mDC mDCA mFS mOT mS mRK

Figure 3-20: Percentage of coral reef
cover at station 4

Based on the results of the field data
collection, the percentage of live coral reef
cover at station 4 is 47%, which is in the
"medium" category.

The manager of the Beralas Pasir
Island tourist area stated that the
location of the station was the main spot
for snorkeling and diving by tourists as it
had weak currents, it was not too deep,
and its location is not too far from the
island. In addition, the various types of
coral made the station the main tourist
location of the island. The percentage of
diversity at station 4 is shown in Table 3-
13.

Table 3-13: Percentage of coral reefs species

diversiti at station 4.

Acropora
Acropora Encrusting (ACE) 1.24
Acropora Tabulate (ACT) 6.61
Non-Acropora
Coral Encrusting (CE) 0.41
Coral Foliose (CF) 1.65
Coral Massive (CM) 23.97
Coral Submassive (CS) 12.81

It can be seen that the type of coral
reef that is most abundant at station 4 is
non-Acropora coral massive (solid), with a
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percentage of 23.97%, while the least
abundant type is non-Acropora coral
encrusting (creeping), at 0.41%. An image
of coral massive is shown in Figure 3-21.

Figure 3-21: Most abundant coral species
at station 4: non-Acropora
coral massive (Source:
private collection, P. Beralas
Pasir)

5. Station 5

Station 5 was located to the west of
Beralas Pasir Island; this station had a
depth of 1.4 metres, with a wide
topography of the seabed from the
coastline, up to 130 metres into the open
sea. The percentage habitat cover at
station S is shown in Figure 3-22.

mHC mDC mDCA =SC mSP mFS mOT mR mS mRK

Figure 3-22: Percentage of coral reef

cover at station 5

From the results of the ground truth
data collection, the percentage of live
coral reef cover at the station is 33%,
which is in the "medium" category, so it
can be said that the condition is quite
good. The manager of the Sand Island
tourist area said that the location of
station 5 was often used for snorkeling,
diving, playing kanau or other water

tourism by tourists, as it has calm
currents, the water is not too deep, it is
located near to Beralas Pasir Island and
various types of coral can be found there.
The percentage of diversity at station 5 is
shown in Table 3-14.

Table 3-14: Percentage of coral reef species

diversiti at station 5.

Acropora
Acropora Digitate (ACD) 3.17
Acropora Submassive (ACS) 5.56

Acropora Tabulate (ACT) 10.71
Non-Acropora
Coral Encrusting (CE) 4.76
Coral Foliose (CF) 0.79
Coral Massive (CM) 7.14
Coral Mushroom (CMR) 0.4
Coral Submassive (CS) 0.79

It can be seen that the type of coral
reef that is most abundant at station 5 is
Acropora tabulate (table) coral, with a
percentage of 10.71%, while the least
abundant type is non-Acropora coral
mushroom (mushroom), with a
percentage of 0.40%. An image of
Acropora tabulate is shown in Figure 3-

23.

Figure 3-23: Most abundant coral species
at station 5: Acropora tabulate
(Source: private collection, P.
Beralas Pasir)

6. Station 6

Station 6 was located to the west of
Beralas Pasir Island, with a sea floor
depth of 1.4 metres from the coastline to
170 metres into the open sea. From the

results of the ground truth data
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collection, the percentage of live coral
cover here was 32%, in the "medium"
category. The percentage of habitat cover
is shown in Figure 3-24.

mHC mDC mwDCA wFS mOT mR mS mRK mTWS

Figure 3-24: Percentage of coral reef cover
at station 6

The manager of the Beralas Pasir
Island tourist area stated that the
location of station 6 was a spot often used
for snorkeling, diving, playing kanau or
other water tourism by tourists, because
the water is calm and not too deep and its
location is not too far from Beralas Pasir
island and various types of coral near the
station. Natural factors that could cause
damage to coral at station 6 or even kill it
included drupella snails, which are coral
reef-eating animals (Figure 3-25). The
percentage of diversity at station 6 is
shown in Table 3-15.

-

Figure 3-25: Coral-eating Drupella snails
(source: private collection,
Beralas Pasir Island)

Monitoring Changes in Coral Reef...

Table 3-15: Percentage of coral reef species
diversity at station 6.

Species (%)
Acropora
Acropora Digitate (ACD) 4.51
Acropora Encrusting (ACE) 0.82
Acropora Tabulate (ACT) 2.46
Non-Acropora
Coral Branching (CB) 0.82
Coral Foliose (CF) 4.51
Coral Massive (CM) 13.9
Coral Mushroom (CMR) 0.82
Coral Submassive (CS) 7.79

The type of coral reef that is most
abundant at station 6 is non-Acropora
coral massive (solid), with a percentage of
13.93%, while the least abundant type is
non-Acropora coral
(mushroom), at 0.82% and Acropora
encrusting (creeping), also at 0.82%. An
image of coral massive is shown in Figure
3-26.

mushroom

station 6:
massive (Source: private collection,
Beralas Pasir Island)

non-Acropora coral

7. Station 7

Station 7 was located to the west of
the island, with a depth of 4 meters, and
a seabed topography sloping from the
coastline 230 metres into the open sea.
Based on the results of the ground truth
data collection, the percentage of live
coral reef cover is 35%, which is in the
category, therefore, the
condition is quite good. The percentage
habitat cover is shown in Figure 3-27.

"moderate"
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Figure 3-27: Percentage of coral reef

cover at station 7

According to the manager of the

Beralas Pasir Island tourist area, the

location of station 7 is a location that is

also often used for snorkeling, diving,

playing kanau or other water tourism by

tourists. The percentage of diversity at the
station is shown in Table 3-16.

Table 3-16: Percentage of coral reef

siecies diversiti at station 7.

Acropora
Acropora Branching (ACB) 0.42
Acropora Digitate (ACD) 0.42

Acropora Encrusting (ACE) 2.08
Acropora Submassive (ACS) 0.83

Acropora Tabulate (ACT) 3.75
Non-Acropora
Coral Encrusting (CE) 2.08
Coral Foliose (CF) 5.00
Coral Massive (CM) 16.6
Coral Mushroom (CMR) 0,42
Coral Submassive (CS) 3.33

The type of coral reef that is most
abundant at station 7 is non-Acropora
coral massive (solid), with a percentage of
16.67%, with the least abundant species,
with a percentage of 0.42%, being non-
Acropora coral mushroom (mushrooms),

Acropora branching (branching) and
Acropora digitate (fingers). An image of

coral massive is shown in Figure 3-28.

Figure 3-28: Most abundant coral spc{e
at station 7: non-Acropora
coral massive (Source:
private collection, Beralas
Pasir Island)

8. Station 8

Station 8 was located to the west of
Beralas Pasir Island, at a depth of 4.2
metres, with the topography of the seabed
sloping from the coastline 250 meters into
the open sea. Based on the results of the
ground truth data collection, the
percentage of live coral reef cover was
50%, which is in the "good" category.
Percentage habitat cover at the station is
shown in Figure 3-29, and the percentage
of diversity in Table 3-17.

mHC mDC mDCA wFS m(OT mR mS mRK

Figure 3-29: Percentage of coral reef cover at
station 8
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Table 3-17: Percentage of coral reef species
diversity at station 8.

Species (%)
Acropora
Acropora Digitate (ACD) 1.26
Acropora Encrusting (ACE) 1.26
Acropora Tabulate (ACT) 5.44

Non-Acropora

Coral Branching (CB) 16.74
Coral Massive (CM) 18.83
Coral Mushroom (CMR) 1.67

The type of coral reef that is most
abundant at station 8 is non-Acropora
coral massive (solid), with a percentage of
18.83%, and the least abundant species,
with a percentage of 0.42%, are Acropora
encrusting (creeping) and Acropora
digitate (fingers). An image of coral
massive is shown in Figure 3-30.

! e L
Figure 3-30: Most abundant coral
species at station 8: non-
Acropora coral massive

(Source: private
collection, Beralas Pasir
Island)

9. Station 9

Station 9 was located to the west of
Beralas Pasir Island, at a depth of 1.5
metres, with the topography of the seabed
sloping from the coastline 250 metres into
the open sea. From the ground truth data
collection, the percentage of live coral reef

Monitoring Changes in Coral Reef...

cover was 26%, in the "moderate"
category, so it can be said that the
condition is damaged. The percentage
habitat cover at station 9 is shown in
Figure 3-31.

mHC mDC mDCA m5P mFS mOT mR mRK

Figure 3-31: Percentage of coral reef cover
at station 9

According to the manager of the
Beralas Pasir Island tourist area, the
location of station 9 is also often used for
playing kanau or other water tourism by
tourists because the water is calm and
not too deep. The percentage of diversity
at the station is shown in Table 3-18.

Table 3-18 Percentage of coral reef species
diversity at station 9.

Species (%)
Acropora
Acropora Digitate (ACD) 0.83

Acropora Encrusting (ACE) 1.25
Non-Acropora

Coral Foliose (CF) 8.75
Coral Massive (CM) 7.50
Coral Mushroom (CMR) 4.17
Coral Submassive (CS) 3.75

The type of coral reef that is most
abundant at station 9 is non-Acropora
coral foliose (sheet), at 8.75%, while the
least abundant species, with a percentage
of 0.42%. An image of coral foliose is
shown in Figure 3-32.
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Figure 3-32: Most abundant coral
species at station 9:
non-Acropora coral
foliose (Source: private
collection, Beralas Pasir
Island)

10. Station 10

Station 10 was located to the south
of the island, with a depth of 6.5 metres
and a sea floor topography sloping from
the coastline 350 meters into the open
sea. Based on the field data collection, the
percentage of live coral reef cover at the
station is 50% which is in the "good"
category. The percentage of habitat cover
is shown in Figure 3-33.

EHC mDC mDCA mF5s mOT mRK

Figure 3-33: Percentage of coral reef cover
at station 10

The manager of the Beralas Pasir
Island tourist area said the location of
station 10 was rarely used for snorkeling
or diving by tourists because it had fairly
strong currents originating from the east
of the island in the Natuna Sea and
circulating to the south. The percentage
of diversity at station 9 is shown in Table
3-16. Several natural factors have caused
damage to the coral reefs in this location,
namely the drupella snail, which is a

coral-eating snail, and the algae Caulerpa
racemose, which lives on coral reefs and
can interfere with their growth (Figure 3-
34). The percentage of diversity at station
10 is shown in Table 3-19.
TR o . B
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Figure 3-34: (a) coral-eating drupella snail;
(b) algae Caulerpa racemosa
living on the coral (Source:
private collection, Beralas Pasir
Island)

Table 3-19: Percentage of coral reef species

diversiti at station 10.

Acropora
Acropora Branching (ACB) 4.13
Acropora Digitate (ACD) 0.41
Acropora Encrusting (ACE) 2.07
Acropora Tabulate (ACT) 15.29
Non-Acropora

Coral Foliose (CF) 2.89
Coral Massive (CM) 4.55
Coral Submassive (CS) 20.66

It can be seen that the type of coral
reef that is mostly present at station 10 is
non-Acropora coral submassive (dense-
bumps), with a percentage of 20.66%,
with the least abundant species, with a
percentage of 0.42%. An image of coral
submassive is shown in Figure 3-35.

Figure 3-35: Most abundant coral species
at station 10: non-Acropora
coral submassive (Source:
private collection, Beralas
Pasir Island)
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3.4 Discussion
1. Changes in the Coral Reef Area
between 2011 and 2018
Based on the results of the
monitoring research on changes in the
area of coral reefs around Beralas Pasir
Island using SPOT 4 and SPOT 7 imagery,
it can be seen that they experienced a
decrease. In 2011, using SPOT 4 images,
it was established that the total area of
coral reefs was 67,560 hectares, whereas
in 2018, using SPOT 7 imagery, the total
area of coral reefs was 38,338 hectares, a
decline of 29,222 hectares.

2. Condition of Coral Reef Habitat

Cover

Based on the results of the research
on the condition of coral reef cover around
conducted by
Andriman et al. (2013), the percentage of
live coral cover in 2010 was 62.38%, while
Sidik et al., (2013) found that in 2013 the
percentage of cover was 29-57%, while in
2020 this figure ranged from 26-53%,
generally being in the medium category.
In this study, the highest percentage of

Beralas Pasir Island

coral cover was at station 3, with a
percentage of 53%, and the lowest at
station 9, with a percentage of 26%.
Based on all the research that has been
conducted on Beralas Pasir Island, it can
be seen that there has been a decrease in
the habitat of living coral. According to
our study, one of the factors that has
caused this has been the disturbance of
natural factors, namely drupella snails,
an abundance of Caulerpa racemose
algae, sea urchins, and the proliferation
of seaweed types Padina sp. and
Halimeda sp.

4 CONCLUSION

The conclusion from this is that
there was a change in the area of coral
reef cover between 2011 and 2018, with a
fall of 29,222 hectares. The percentage of
live coral cover across the stations ranged
from 26-53% and was is generally in the

Monitoring Changes in Coral Reef...

medium category. The accuracy rate of
the image classification results in the
study is 83%, which is in the strong
agreement category (strong).
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Abstract. Remote sensing data for analyzing and evaluating trophic state ecosystem problems seen in
Batur Lake is an approach that is suitable for water parameters that cannot be observed terrestrially.
As the multitemporal spatial data used in this study were extensive, it was necessary to consider the
effectiveness and efficiency of the processing and analysis, therefore R Studio was used as a data
processing tool. The research aims to (1) map the trophic state of Batur Lake multitemporally using
PlanetScope Imagery ; (2) assess the accuracy of the trophic state model and apply it to another temporal
data as a Spatial Big Data; and (3) understand the trophic state impact on the water quality of Batur
Lake based on physical factors and the lake’s chemical concentration (sulfur concentration). The
research shows that the trophic state of Batur Lake is in good condition, with an ultraoligotrophic state
as the majority class, based on the mean Trophic State Index (TSI) value of 9.49. The standard errors
of each trophic state parameter were 0.010 for total phosphor, 0.609 for chlorophyll-a, and 0.225 for
Secchi Disk Transparency (SDT). The multitemporal model demonstrates that the correlation between

the increase of trophic state and mass fish death cases in Batur Lake is existent.

Keywords: Freshwater Lakes, Ultraoligotrophic, TSI Carlson, Sulfur Bursts, Remote Sensing

1 INTRODUCTION experiencing problems due to disruption

Water is the most important source
of life for all organisms on earth and is

found in exceptionally large quantities. 70%

of the earth's surface is covered by water,
of which 97.2% is in the form of
oceans/seawater, with 2.15% formed by
glaciers and ice, 0.61% by groundwater,
0.009% by freshwater lakes, and the
remaining 0.031% by inland seas, soil
moisture, the atmosphere and rivers
(Nace, 1967). Water is a resource that can
be utilized by humans in various sectors,
including tourism, agriculture, industry,
the environment, and households.
Approximately 80% of surface water was
used in a home daily basis (NGWA, 2020).

One supply of freshwater is from
lakes. At present, many lakes are

http://dx.doi.org/10.30536/j.ijreses.2020.v17.a3381

to the catchment area, which causes the
degradation of the lake such as siltation
(sedimentation), lake narrowing, growth
in the intensity of water hyacinth,
decreased water volume, increased lake
water temperature, and a decrease in
water quality. One of the lakes in
Indonesia currently experiencing such
ecosystem problems is Lake Batur,
located in Kintamani, Bangli Regency,
Bali Province. At The 1st Conference of
National Lakes Indonesia (KNDI I) in 2009,
it was declared that Lake Batur was one
of the 15 National Priority Lakes (MoE,
2011), meaning the government needed to
develop a policy to save it.

Because of the large area of the lake,
the use of remote sensing data to analyze
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and evaluate its ecosystem problems is a
suitable research method that can take
into account parameters around the lake
that cannot be seen terrestrially. In
addition, the method can also accelerate
the research process because the
required samples are determined
according to their level of accuracy. In the
studies by Z.Y. Avdan, Kaplan, Goncu,
and U. Avdan (2019); Trisakti, Suwargana,
(2015);
Faristyawan, Purwanto, Wikanti, Suhada,
Prayogo, and Sitorus (2020); and Arief

(20195); it can be seen that remote sensing

and Parsa Marpaung,

images can also be used to extract several
water quality parameters, for example,
conductivity  (EC), total
(TDS),
transparency, water turbidity, Dissolved

electrical
dissolved solids water
Oxygen (DO) concentration, suspended
particular matter (SPM) and chlorophyll-
a. The expected benefits of this research
are in establishing how to map the trophic
state of Lake Batur multitemporally by
extracting information from PlanetScope
Remote Sensing imagery, ascertaining the
trophic state effect on Lake Batur water
quality conditions, and finding the
accuracy level of trophic state modeling
using R Studio as a processor for Spatial
Big Data. In addition, the study is
expected to be used as a reference for
similar research in the future.
PlanetScope is  high-resolution
imagery with a 3 meter spatial resolution
produced by Planet Labs Inc. The study
used PlanetScope Ortho Scene Lake
Batur regional images, covering a total of
ten recording dates from 2020 to 2017.
Mapping was made using the Carlson
Trophic State Index (TSI) method,
consisting of three trophic state
parameters, namely total phosphorus,
chlorophyll-a, and Secchi Disk
Transparency (SDT). The model was

obtained from the results of the
regression between the field data with
pixel values of input band (single band
images, band ratios, or Principle
Component Analysis (PCA) bands) that
have the highest correlation value. The
models were performed to the image of the
fieldworks time to gain the standard
errors of each trophic state and then
applied to nine other images using the R
Studio application.

The mass fish mortality was the
result of a complex process of organic
matter accumulation both in the bottom
and the water column. In the early stages,
due to the accumulation of organic matter
on the bottom of the waters, there is a
formation of the large anaerobic layer
(Garno et al., 1999), followed by the
formation of toxic compounds such as
H>S and NHs. Under certain conditions,
there will be "turn over" which encourages
the rise of a water column that does not
contain oxygen (anaerobic) and threatens
many fish in net cages (Lukman et al.,
2013). This case of mass fish mortality
could also be affected by the trophic state
of the lake.

2 MATERIALS AND METHODOLOGY
2.1 Location and Data

Lake Batur is located in Kintamani
District, Bangli Regency, Bali Province
(Figure 2-1). It is in the old caldera of
Mount Batur, an active volcano that is
subject to the volcanic activity of the
Pacific Ring of Fire. Lake Batur is located
at Latitude 8°13'-8°18'S and Longitude
115022'-115°26'E, with an elevation of
1,080m above sea level (Radiarta &
Sagala, 2012). The area of Lake Batur is
15.9km?, with a maximum depth of 88m
(World Lakes, 2005).
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Figure 2-1: Research Location Map (ArcGIS
Basemap)

The data used for the research were:

a. Landuse vector data acquired in
March 2018 on Bangli Regency and
Karangasem Regency, Bali Province from
InaGeoportal opensource,

b. PlanetScope Lake Batur area 2020
image;

c. PlanetScope imagery from 2017-2020
(recording dates 13 February 2020, 29
January 2020, 2 September 2019, 25
February 2019, 8 July 2019, 14
November 2018, 2 April 2018, 15 July
2017, 17 April 2017 and 13 March 2017);
d. River flow vector data acquired in
March 2018 on Bangli Regency and
Karangasem Regency, Bali Province from
InaGeoportal opensource;

e. Lake Batur boundary vector data
acquired from visual interpretation of
PlanetScope imagery on January 2020;
f. Field sample data, field checklist, and
laboratory test results of total phosphor
and chlorophyll-a, acquired on 26
February 2020.

2.2 Data standardization

River and land wuse data were
obtained from InaGeoportal opensource
on Bangli Regency and Karangasem
Regency, Bali Province. The river vector
data used were in the form of line data,
while land use vector data were in the
form of polygon data. Lake Batur

Multitemporal Analysis...

boundary vector data were obtained by
visual interpretation of the PlanetScope
2019 image of the NIR spectral band,
assisted by true color composite from the
on-screen digitization results using the
ArcGIS software.

The Planet Scope imagery that was
used as a reference in determining the
sample standardized by
mosaicking process, masking, and
sunglint correction (an image correction
process to reduce the error in image
spectral values caused by wavy water

points,

surfaces as a result of tide or water
current effects (Hedley et al., 20035)). In
addition, processing with spectral band
maths was conducted to obtain an index
value that represented the level of each
parameter determining the trophic state.
The image mosaic process was performed
to combine several scenes covering the
study area. The process employed ENVI
5.1 software to produce image scenes that
covered the entire Lake Batur area.
Transformation of PlanetScope imagery to
produce images with index values that
represent the level of each parameter
include SDT (Secchi Disk Transparency),
chlorophyll-a
phosphorus, refers to the regression
results obtained by Musfiroh (2019),
assuming that the resulting accuracy was
in accordance with standards for being

content, and total

able to produce sample map.

2.3 Methods

The sample point was based on the
results of the transformation of TSI with
PlanetScope imagery in February 2020.
The transect sampling method was used
to determine the sample point at intervals
of 1 km and covered the whole class of TSI
transformation. Field activities were
conducted to collect water samples of
total phosphorus and chlorophyll-a for
laboratory testing, as well as the
measurement of in situ data such as SDT
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and a dataset obtained with a water
quality checker (WQC) tool.

The correlation test is a statistical
technique used to test the presence or
absence of a relationship, and the
direction of the relationship, between two
or more variables (Sami’an, 2008). The
extent of the relationship between these
variables is expressed as a correlation
coefficient, with a value between -1, O,
and +1. A strong relationship is expressed
by -1 and +1, whereas if each of the
variables has no relationship at all, then
the correlation coefficient is 0. The
correlation sought in this study was the
relationship between the independent
variable, in the form of image pixel values,
and the dependent variables, in the form
of total phosphorus
chlorophyll-a concentration, and SDT
value. A correlation test for each
parameter was performed using the
bootstrap method in the IBM SPSS 24
application. This process used 14 sample

concentration,

models with four single PlanetScope
spectral bands, 12 band ratios, and 16
Principal Component bands to be tested.
The input spectral bands were considered
significant and passed the correlation test
if the lower and upper bootstrap values
had values not equal to O. If the bootstrap
had a negative lower and a positive upper
value, or otherwise, there was a possible
relationship between the two variables
with a determinant coefficient of O, or no
relationship at all, it could be determined
that the input spectral band did not pass
the correlation test.

Regression analysis aims to find the
factors that might influence trophic state
distribution. This study was conducted to
produce a regression equation for each
parameter, which was then used to model
the estimated trophic state level of Lake
Batur. The analysis was performed by

regressing every single input spectral
band with the value of each independent
variable (total phosphorus, chlorophyll-a,
and SDT) value. The best regression of the
input spectral band was then used to
model the value of Carlson's TSI
parameters.

The TSI value was calculated using
an algorithm developed by Carlson (1977),
which uses three parameters as its
variables, namely the total wvalues of
phosphorus, chlorophyll-a, and water
clarity. These were obtained from the
results of the remote sensing data
extraction recorded at the same time as
the field activities in February 2020. The
calculation results were then divided into
seven classes according to the Ilake
trophic state classification categories
based on Carlson’s Trophic State Index
shown in Table 2-1.

Table 2-1: Lake Trophic State

Classification
TSI Value Trophic State
>30 Ultraligotrophic
30-40 Oligotrophic
40-50 Mesotrophic
50-60 Mild Eutrophic
60-70 Moderate
Eutrophic
70-80 Heavy
Eutrophic
>80 Hypereutrophic

Source: Laksitaningrum et al. (2017)

Accuracy tests were conducted
based on RMSE (Root Mean Square Error)
to assess the difference between the field
data used for the regression and those
that were not. The lower the RMSE value,
the lower the deviation or shift in the
value of each parameter. The RMSE value
was obtained from the standard error
estimation algorithm as follows:

s o |E=v)? (2-1)
et = |TN=Z
Oest = Standard error of estimation

152 International Journal of Remote Sensing and Earth Sciences Vol. 17 No. 2 December 2020



Y = Field measurement results
Y’ = Estimated results
N = Sample count

The multitemporal data modeling
aimed to obtain Lake Batur trophic state
information multitemporally using big
data from nine recording dates of
PlanetScope images, with modeling used
for the field regression imagery. The R
scripts used before PCA were used for
image cropping image
masking, and band ratio calculations. R
Studio processing after PCA was
performed to model the image of the PCA

processing,

results in order to obtain information on
the distribution of
parameters used for the Carlson TSI
transformation. In this process, a CTSI
classification plot image was obtained
from the three parameters and the final
result of Carlson TSI image processing.
The multitemporal analysis was
made by taking into account the TSI value
graph obtained from each sample point in
the complete image of the trophic state
modeling results using R Studio within a
3 year period of the PlanetScope image
being acquired. The resulting graph was
then analyzed by considering the
incidence of sulfur bursts (dead fish
masses) and drought cases that had
occurred in Lake Batur based on

trophic  state

information from media news.

3 RESULTS AND DISCUSSION

The Planet Scope imagery used
consisted of a total of ten acquisition
dates, 13 February and 29 January 2020;
2 September, 25 February, and 8 July
2019; 14 November and 2 April 2018; and
15 July, 17 April, and 13 March on 2017.
The PlanetScope imagery acquired on 29
January 2020 was used for the TSI
transformed pre-field image, and imagery
acquired 13 February 2020 was used for
mapping the trophic state was from 13
February 2020. The chosen imagery was

Multitemporal Analysis...

considered based on the availability of
qualifying PlanetScope images with
minimal cloud cover and area coverage
completeness.

The distribution of the sample
points using the transect sample method
had interval distances between each
sample of 1 km (Figure 3-1). Field testing
including water sampling and collection
of in-situ data was performed on
February 26, 2020. A total of 20 samples
were obtained, with a composition of 15
model
samples. Water sampling was divided into
two types, namely the total phosphorus
sample and the chlorophyll-a sample. The
sampling was conducted simultaneously
at each predetermined sample point.

samples and five validation

Point Sample Distribution Map of
Trophic State in Batur Lake. Bali

,

Sample Points for Lake Batur
Trophic State (Data Processing,
2020)

Other in-situ water parameters
obtained in the field activities besides
SDT data were temperature, pH, salinity,
TDS, and conductivity. The temperature
of the water sample increased during
sunny weather and around 12.00 when
the sun was directly above, but decreased
when it was rainy. Water pH tended to
have a constant high value of around 8.5
and up to 8.8. Salinity, TDS, and
conductivity value had an alteration
quantity due to the precipitation during
the fieldwork. Salinity content was very
low at 1.1 to 1.3 ppt, with electrical
conductivity ranging from 1776 to 1883
uS/cm and TDS from1.16 to 1.34 ppt.
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Statistical analysis was performed
so that the value and accuracy of the
modeling could be accounted for. The
analysis included a bootstrap test,
correlation test, and regression test.
Otherwise, Principal Component Analysis
(PCA) process and band ratios statistical
analysis is also applied to the images for
analyzing the spectral pixel bands value
in conjunction with each single
PlanetScope Imagery band.

A description of the correlation for
each parameter with pixel values that
passed the bootstrap test can be seen in
Tables 3-1 to 3-3. The PC number refers
to the order of the PCA processing result.

Table 3-1: Correlation Test of Total Phosphorus

Bootstrap Value

Band Correlation
Lower Upper
PC3 0.530 0.047 0.857
PC7 -0.302 -0.623 -0.110
PC11 -0.311 -0.600 -0.149
PC14 -0.356 -0.672 -0.212

Source: Data Processing, 2020

Table 3-2: Correlation Test of Chlorophyll-a

Bootstrap Value

Band Correlation
Lower Upper

PC14 0.843 0.129 0.966

Source: Data Processing, 2020

Table 3-3: Correlation Test of Secchi Disk

Transparency
Band Correlation BoofstraphValue
Lower Upper
PC11 0.579 0.431 0.945
PC15 -0.342 0.896 -0.154

Source: Data Processing, 2020

Regression analysis was performed
to determine the factors that might
influence the distribution of the trophic
state parameters. In this study, it was
conducted to produce a regression model
or equation for each parameter, which
was then used to model the estimated
trophic state class of Lake Batur. The
analysis was made by regressing the
input band (single band, band ratio, or PC
band) with the value of each dependent
variable (total phosphorus, chlorophyll-a,
and SDT values).

Total phosphorus regression
analysis was applied to the band that had
the best (highest) correlation value,
namely PC3. The
determination (R2) was obtained from the
scatter plot between the pixel value and
the 14 total phosphorus values in the field.
The R2was equal to 0.281. This value was
low, being strongly influenced by the
overall phosphorus data, with the
majority of the values being 0.01 mg/l.
The formula obtained with the help of
Microsoft Excel to make the model was y
= 0.0004x + 0.018, where y is the total
image of phosphorus transformed and x
is the PC3 band. The minimum value of
the image pixels was -0.193, and the

coefficient

maximum was 1.06, with an average
value of 0.018. Noise or interference
contained in the pixels, such as
background images, pixels damaged by
transformation, error correction, or noise
that did originate from the initial
PlanetScope imagery from both sensors
and atmospheric effects, greatly affected
the results of the transformation.

Chlorophyll-a regression analysis
was applied to the spectral band that had
the highest correlation value, namely
PC14. A model that could represent the
chlorophyll-a  parameter with  the
independent variable was this band. The
coefficient of determination resulting from
the regression was 0.710. The combined
coefficients that produced the model-
making formula were y = 2143.145x +
0.767, where y is the image of the
transformed chlorophyll-a and x the PC14
band. The minimum value of the image
pixels was -31.67, with a maximum value
of 135.90, and an average of 0.767.

SDT regression analysis was also
applied to the spectral band that had the
highest correlation value, namely PC11.
The result of this regression analysis led
to two models that could represent the
SDT parameter, with the suitable
variables being the PC11 and PC7 bands.
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The first model of this regression had a
coefficient of determination of 0.335,
while that of the second was 0.703. The
model used for mapping the distribution
of SDT was that which had the highest
coefficient value, namely the second. The
combined coefficients that produced the
formula for constructing the second
model were y = 105.568x; + 459.664x> +
1.419, where y was the transformed
image of Secchi Disk, x; was the PC7 band,
and xp; was the PC11 band. The minimum
image pixel value was -248.79, the
maximum 26.59, with an average value of
1.42.

Lake Batur trophic state mapping
was performed to obtain information
about the distribution of trophic state
classes with the Carlson TSI index. The
results of the total phosphorus
distribution obtained from the previous
modeling were converted using equation
TSI-TP= 14.42 x Ln [TP] + 4.15, where [TP]
is the input spectral band resulting from
the distribution of all the phosphorus
parameters. The total trophic state in the
overall Lake Batur area (Figure 3-2)
shows that the lake was in the
ultraoligotrophic class, which is
characterized by a dark green shading
shown in Figure 3-2 that almost covers
the whole lake area. As for the locations
shown in white, this indicates that in
these areas the TSI value could not be
visualized because it was not classified in
the seven classes. The low TSI class of
total phosphorus was proportional to the
total value of phosphorus in Lake Batur,
which was also relatively low, in the range
of 0.01 mg/l to 0.082 mg/l. The
maximum TSI value for total phosphorus
was only 5.

Multitemporal Analysis...

‘ LAKE BATUR TOTAL PHOSPHORUS CTSIMAP ‘

Source:
BUI PlanetScope Inagery of Batur Lake
| Acquired on February 2020
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Figure 3-2: Map of Lake Batur Total

Phosphorus CTSI (Data
Processing, 2020)

The Lake Batur chlorophyll-a TSI
class was dominated by the
ultraoligotrophic and oligotrophic classes.
The results of the chlorophyll-a
distribution obtained from the previous
modeling were converted using the
equation TSI-Chl-a = 30.6 + 9.81 x Ln
[Chl-a], where [Chl-a] is the input spectral
band (resulting from the distribution of
the chlorophyll-a
chlorophyll-a trophic state class as shown
in Figure 3-3, at the edge of Lake Batur
and in the middle of the lake, had a lower
class compared to the edge of the lake. In

parameter). The

the area where floating net cages were
built, most of the water was in the
oligotrophic CTSI class with a TSI value of
30-40, shown in green in Figure 3-3. The
ultraoligotrophic class which had a TSI
value of less than 30 was spread in the
central and southern parts of the lake.
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‘ LAKE BATUR CHLOROPHYLL-A CTSI MAP ‘

Source:
PlanetScope Imagery of Batar Lake
.| Acquired on February 2020
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Figure 3-3: Map of Lake Batur Chlorophyll-a
CTSI (Data Processing, 2020)

The results of the SDT parameter
distribution obtained from the previous
model were converted using equation TSI-
SD = 60 - 14.41x Ln [Secchi], where
[Secchi] is the input band (layer input of
the SDT parameter distribution results).
The TSI of the SDT Lake Batur class
(Figure 3-4) was dominated by mild
eutrophic, moderate eutrophic, and
mesotrophic classes. In the area where
the floating net cages were built, the
distribution of the trophic state was low,
namely the mesotrophic class symbolized
by light green pixels around the edge of
the lake near the floating net cages in
Songan A Village. As for classes that had
high TSI values, such as moderate
eutrophic and heavy eutrophic, these
were scattered around the floating cages
in the southwestern part of the lake. The
varied distribution of SDT eutrophication
classes spread throughout the lake shows
that the presence of the floating net cages
did not greatly affect the quality of the
lake waters in terms of its SDT trophic
state.

‘ LAKE BATUR SECCHI DISK TRANSPARENCY CTSI MAP ‘

Source:
PlanetScope Inagery of Batur Lake
| Acquired on February 2020
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Figure 3-4: Map of Lake Batur Secchi Disk
Transparency CTSI (Data
Processing, 2020)

The results of the distribution of the
trophic state class estimates with the
Carlson TSI index were obtained by
calculating the average of the three CTSI
maps previously produced. Each layer
was converted by using the Carlson TSI
equation, TSI = [(TSI - TP) + (TSI - Chl a) +
(TSI - SD)] / 3. The trophic state class
with the Lake Batur TSI Carlson index
was dominated by the ultraoligotrophic
class, as shown in Figure 3-5. However,
overall the condition of Lake Batur could
be categorized as not experiencing
eutrophication, with an ultraoligotrophic
class area covering an area of 12.07 km?2
and an average TSI value of 9.49 (Figure
3-5). Even though this Carlson TSI class
shows that lake water fertility was
relatively low, if it were left continuously
subject to human activity and high
floating net cage production without any
attempt to improve the quality of the
water, this could lead to algae blooming,
as occurred in Lake Maninjau (Yulianto,
2017).
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‘ CTSI MAP OF LAKE BATUR RECLASSIFICATION RESULTS ‘

Source:
PlanetScope Imagery of Batar Lake
.| Acquired on February 2020
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Figure 3-5: CTSI Map of Lake Batur
Reclassification Results (Data
Processing, 2020)

Accuracy assessment was
conducted to assess the difference
between the field data used for regression
and the transformed images used for
estimating the distribution of the trophic
state parameters. The method used for
this was based on RMSE (Root Mean
Square Error).

The accuracy assessment for the
parameters of total phosphorus was made
by testing the image of the transformation
of PC3 for modeling total phosphorus
using three validation samples. The
resulting standard error was 0.010, while
the estimated value of the image (RMSE)
had an error probability of 0.010 mg/I.
The accuracy of this modeling had a
76.97% and a
minimum of -65.79%. This accuracy

maximum value of

value showed a very large error, which
exceeded the negative linear level of
percent.

The accuracy test for the
chlorophyll-a parameter was conducted
by testing the image of the transformation
of PC14 for modeling chlorophyll-a using

Multitemporal Analysis...

three validation samples. The resulting
standard error was 0.609, while the
estimated value of the image (RMSE) had
an error probability of 0.609 mg/m3. The
accuracy of this modeling had a
maximum value of 47.74% and a
minimum of -30.19%. This accuracy
value also displayed a large error, as seen
from the minimum value which exceeds a
negative linear level and a maximum
value that is still below 50%, but better
than the accuracy of the total phosphorus
parameter content.

Accuracy assessment for the SDT
parameters was made by examining the
image of the transformation results of
PC7 and PC11 for modeling SDT using
four validation samples. The resulting
standard error was 0.224, while the
estimated value of the image (RMSE) had
an error probability of 0.609 mg/m3. The
accuracy of this modeling had a
maximum value of 83.34% and a
minimum of 82.42%. This accuracy value
shows a small error and very good
accuracy, with the accuracy value
exceeding 70%.

The multitemporal data modeling
aimed to obtain Lake Batur trophic state
information multitemporally using big
data from nine PlanetScope Imagery
acquisition dates and modeling used for
the imagery of 13 February 2020. The
model show the level trophic state of 1 to
7, where 1 was ultraoligotrophic, 2 was
oligotrophic, 3 was mesotrophic, 4 was
mild eutrophic, 5 was moderate eutrophic,
6 was heavy eutrophic, and 7 was
hypereutrophic.
obtained of the
distribution of the trophic state of the

The wvalue

total phosphorus in Figure 3-6 was
dominated by ultraoligotrophic classes,
but with different distributions. This can
be seen from the values shown in the
legend, which only rise to class 1, with
other areas wunclassified. This trophic
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state class was in the same class on all

dates, but with different distributions.

Maret.13.2017 April.17.2017 Juli.15.2017

1.0010 1.0010 1.0
E 1.0000 E 1.0000 E 1.0

0.9990 0.9990 0.9

April.2.2018 November.14.2018 Juli.8.2019
1.0010 1.0010 1.0
E‘\Dﬂﬂﬂ Eﬂlﬂﬂﬂ E‘WD
0.9990 0.9990 0.9
September.2.2019

1.0010 1.0010 1.0
E 1.0000 E 1.0000 E 1.0
09830 0.8990 08

Februari.25.2019 Januari.29.2020

54000 9080000  S0B4000 9080000 8084000 9090000

& T T T T T T
318000 324000 330000 318000 324000 330000 318000 324000 330000

Figure 3-6: Plot Map Distribution of Total
Phosphorus Trophic State (Data
Processing, 2020)

The distribution values of the
chlorophyll-a trophic state classes are
dominated by ultraoligotrophic and
oligotrophic classes. In Figure 3-7, it can
be seen that the trophic state of the
chlorophyll-a class was quite low in the
trophic state class; ie., in the
ultraoligotrophic to mild eutrophic
classes. This can be seen from the
chlorophyll-a value, which tended to be
low in the Lake Batur area. However, it is
shown that in some parts of the lake there
are signs of mild eutrophication. Figure 3-
7 shows that the oligotrophic state
displayed a spreading distribution over
the whole lake during the wet season
(Dec-Feb). On the other hand, in the dry
season (May-Aug) the trophic state
declined.
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Figure 3-7: Plot Map Distribution of Chlorophyll-
a Trophic State (Data Processing,
2020)

The distribution value of the TSI
Carlson of SDT is dominated by mild
eutrophic classes. In Figure 3-8, it can be

seen that the SDT trophic state class was
at various levels, namely from the
ultraoligotrophic class to the
hypereutrophic class. However, in some
locations there were some parts of the
lake showed signs of severe
eutrophication, and some were still in the
mesotrophic class. The highest classes
were generally located in the north, which
could be due to the mining of sand in
Songan A Village (Nada et al., 2017). The
distribution of SDT trophic state classes
on each recording date shows a high
distribution, especially in July 2017,
November 2018, July 2019, and January
2020. On the other hand, the lowest
classes were in March 2017 and
September 2019. Figure 3-8 shows that
the ultraoligotrophic, oligotrophic, and to
a low extent the mesotrophic states
displayed a spreading distribution over a
whole lake during the wet season (Dec-
Feb). On the other hand, in the dry season
(May-Aug) the trophic state increased into
eutrophication.
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Figure 3-8: Plot Map Distribution of SDT
Trophic State (Data Processing,
2020)
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From Figure 3-9, it can be seen that
Lake Batur was at various trophic state
class levels, namely from  the
ultraoligotrophic class to the mild
eutrophic class, but that in November
2018 and September 2019 it was in the
lowest trophic state class, the oligotrophic.
The distribution of Lake Batur trophic
state classes on each recording date
shows an increase in distribution in April

2017, July 2019, and January 2020,
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whereas a decline occurred in November
2018 and September 2019. There was no
difference between each season in the
trophic state distribution of Batur Lake.
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Figure 3-9: Plot Map Distribution Lake Batur
Trophic State (Data Processing,

2020)
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The CTSI graph in Figure 3-10 was
produced from the data representation of
the average TSI value of each mapped
parameter, as well as the total TSI final
results. There were fluctuations in the
average trophic state index on each date
within the three years from 1 March 2017
to 1 December 2019. The graph was then
linked to events in Lake Batur, namely
fish mortality and drought. Fish deaths
occurred on 13 July 2019, 13 March 2018,
13 July 2017, and 7 February 2017, and
took place almost every year, encouraged
by the volcanic activity of Mount Batur,
with sulfur bursts at the bottom of the
lake. The use and management of land
around the lake could also be a factor
having a big impact on the problems of
sedimentation and the mass death of fish,
especially the high intensity of the use of
organic fertilizers, resulting in very high
sedimentation rates caused by runoff
during the rainy season. Mass fish
mortality is shown by dark blue vertical
lines and the drought which occurred on
19 August 2019 is shown by a green
vertical line.

Multitemporal Analysis...

CTSI-Batur Lake's Event Graph

Value

CTs

01/05/2017

Figure 3-10: Graph of fluctuation in CTSI value
affected by Lake Batur’s Event
(Data Processing, 2020)

The increase of the trophic state
index was followed by a decline that
occurred on dates of mass fish deaths.
The fluctuation’s line near the date of the
mass fish mortality tends to show the
peak of the trend. This can be seen that
the peak approaches almost every line of
the conjunction between the occurrence
of sulfur bursts (mass fish deaths) and
the CTSI values. This is comparable with
the possibility of volcanic eruptions,
which also increase the trophic state, or it
could also be affected by poor handling of
the floating net cages. The Beggiatoa
bacteria which are generally located in
fresh water and the mud layer of the lake
when sulfide concentrations increase can
oxidize the sulfur contained in the lake’s
bedrock in the form of sulfides, with the
help of the nitrates stored in its vacuoles
(Dodds & Whiles, 1958).

The increase in the TSI class also
occurred during the lake drought event,
when the peak of the chart trend was on
the date of the drought. This may have
occurred due to the presence of mixed
sediments, which could increase the
turbidity of the lake water when overflow
occurred after the drought. The plants
that were planted when the land width
increased on the border of the lake could
affect the levels of phosphorus from
fertilizers and chlorophyll-a from the
plants.

4 CONCLUSION
Batur Lake trophic state classes
were mapped with PlanetScope images in
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2020,
ultraoligotrophic trophic states, with an
average TSI value of 9.49. TSI SDT
achieved the highest accuracy, of 83.36%,
while the highest accuracy of the

February resulting in

parameters of total phosphorus and
chlorophyll-a were -65.79% and 76.97%
respectively. The increase in the trophic
state of Batur Lake was triggered by
sulphur bursts at the bottom of the lake
as well as by bacteria that can oxidise
sulfur using nitrate nutrients, facts based
on the graph (Figure 3-10) of the
relationship between mass dead fish
(sulfur bursts) and drought, and the CTSI
values in Lake Batur.
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Abstract. Information on land cover change is very important for various purposes, including the
monitoring of changes for environmental sustainability. The objective of this study is to create a
monitoring model of land cover change for the indication of devegetation and revegetation using data
from Sentinel-2 from 2017 to 2018 of the Brantas watershed. This is one of the priority watersheds in
Indonesia, so it is necessary to observe changes in its environment, including land cover change. Such
change can be detected using remote sensing data. The method used is a hybrid between Normalized
Difference Vegetation Index (NDVI) and Normalized Burn Ratio (NBR) which aims to detect land changes
with a focus on devegetation and revegetation by determining the threshold value for vegetation index
(ANDVI) and open land index (ANBR). The study found that the best thresholds to detect revegetation
were A NDVI > 0.0309 and A NBR < 0.0176 and to detect devegetation A NDVI < - 0.0206 and A NBR

> 0.0314. It is concluded that Sentinel-2 data can be used to monitor land changes indicating

devegetation and revegetation with established NDVI and NBR threshold conditions.

Keywords: Model, Monitoring. Land Cover, Sentinel-2, devegetation, revegetation

1 INTRODUCTION

Geobiophysics is one of the
determining the
phenomenon of land surface change. It

parameters for

has been applied by several researchers
using  the index and
open/burned land

data. The

describes the level of greenness of plants,

vegetation
index from optical
satellite vegetation index
using a mathematical combination of the
red band and NIR (Near-Infrared) band
(Lillesand & Kiefe, 1997). According to
(1997),

Normalized Difference Vegetation Index

Ryan the calculation of the
(NDVI) is based on the principle that green
plants grow very effectively by absorbing
radiation in the red spectrum region of
Photosynthetic Active Radiation (PAR),
and strongly reflect sunlight from the
infrared region close to the range value
indices -1 to 1. The vegetation index has
been used in numerous studies on a global

http://dx.doi.org/10.30536/].ijreses.2020.v17.a3385

scale of vegetation and to map drought,
devegetation and deforestation (Horning ,
Juli. Robinson, Eleanor Sterling,
Turner, and Spector, 2010; Kartika et
al., 2018). Determination of the extraction
of forest
parameters can be made using the NDVI
model with a threshold wvalue with
SATELIT LAPAN -3 data (Arifin, S.,
Kartika, T., & Carolita, 1., 2019).

In general, NDVI with a combination

identification geobiophysical

of red and infrared specimens is an index
that is widely used to identify signs of
burning land (Chuvieco, E., Martin, M.P.,
& Palacios, A ., 2002., 2002). In addition,
there have been many developments in the
method of identifying burnt land/forests
through the single band method (Near IR,
Mid IR, Spectral thermal temperature
Brightness) and the ratio band vegetation
index. Research on the detection of burnt
land has been widely conducted globally
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using low to medium resolution remote
sensing satellite data, such as that from
MODIS ( Martin M.P., & Diaz-Delgado R.,
2002; Roy, D.P, Boschettm, L., & Triffm,
S.N., 2002; Chuvieco et al., 2005); from
NOAA-AVHRR (Barbosa, P.M., Pereira,
J.M.C., & Grégoire, J. M., 1998); Nielsen,
T.T., Mbow, C., & Kane R., 2002);; Nielsen
et al., 2002); and from SPOT VEGETATION
(Silva, J.M.N, Cadima, J.F.C.L., Pereira,
J.M.C. M. Grégoire., 2004). This study
aims to map mangrove density in
Arakan village and to determine the best
NDVI results from the band combination
used (Philiani, I, Saputra, L, Harvianto, L.,
& Muzaki, A.A., 2016). However, it should
be noted that low and medium resolution
data cannot detect burnt areas of less than
25 ha well (Miettinen, 2007). NDVI, the
Normalized Burn Ratio (NBR), Soil-
adjusted Vegetation Index (SAVI), Modified
Soil-Adjusted Vegetation Index (MSAVI),
and multivariate component
Component Tasseled Cap-
greenness, Tasseled Cap-wetness)
(Escuin, 2007) will be compared by the
calculation of field data wusing the
Composite Burn Index (CBI) method. The
results show that the NBR index using the
Infrared (NIR)
Infrared (SWIR) spectral has a high
correlation with the field data (CBI),
forest

(Principle
Analysis,

Near and Shortwave

especially in vegetation, in
comparison to other indices. NIR and
SWIR radiation spectral are exceptionally
good at separating burnt and unburned
land. Decreases in the tree canopy and
water content after changes due to fire can
be represented well by the SWIR spectrum,
which has increased reflection (Key &
Benson 1999; Escuin et al., 2007).NBR
can be used to identify burned areas using
SPOT-4 (Parwati et al., 2012). According to
the index theory, NBR would be optimal in
quantifying  fire Although
previous studies have reported a high

severity.

correlation between fire severity as

measured in the field and satellite-derived

NBR, our results provide no evidence for
this (Roy et al., 2006). The formula is
similar to a NDVI, except that it uses NIR
and SWIR portions of the electromagnetic
spectrum (Key & Benson, 1999). The TIRS
band has a 100-metre spatial resolution
but can be resampled to 30 metres for it to
be used to identify burned scar areas.
SWIR bands (TM bands 5 and 7 in Landsat
S and 7 systems) as an NBR composite can
be used to detect and map burnt areas.
The Thermal (TIRS)
algorithm which was used to detect fires
and SWIR, which was used to detect water
stress in
vegetation, will be seen in green, and both
will become darker when burning takes
place. This method modifies the dNBR
(pre-NBR-post-NBR) composite
(Indratmoko & Rizqgihandar, 2019).

Based on several examples of studies
on the wutilization of NDVI and NBR
geobiophysical information extracts, it is

Infrared Sensor

vegetation and burned

necessary to use this geobiophysical
combination as a requirement for the
devegetation and revegetation of land.

The objective of this study is to
create a monitoring model of land cover
change for the indication of devegetation
and revegetation using Sentinel-2 data
from 2017 to 2018. The definition of
devegetation used is when there is a
decrease in the appearance of the green
level in the image (Aldrian & Sucahyono,
2013), while revegetation is shown by an
increase in the appearance of the green
level in the image at a certain location
compared to the previous time.

2 MATERIALS AND METHODOLOGY

The Sentinel-2 satellite uses remote
sensing technology that is easily obtained
for analysis of spatial information. The
satellite is a medium resolution type and
has a temporal resolution of 5 days.
Sentinel-2 is faster than Landsat, which
has temporal resolution of 16 days. The
data can be used to monitor land and
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Sentinel-2 Multi-
spectral Instrument (MSI) has 13 spectral
bands: four bands (Bands 2, 3, 4 and 8)
with a resolution of 10m; six (Bands 5, 6,

coastal cover. The

7, 8a, 11 and 12) with a spatial resolution
of 20m; and three (Bands 1, 9 and 10)
with a spatial resolution of 60m. Sentinel-
2 is complements Landsat-7 and 8 and
can also be used for other themes, such as
spatial agro/environmental
monitoring, water resources, forests and

planning,

vegetation, carbon resources, and global

agricultural products (The
Spance Agency, 2015)

The research

European

location was the
Brantas watershed in East Java Province
(Figure 2-1). The data used in the study
were Sentinel-2A multi-temporal data for
2017 and 2018 (Figure 2-2).

2.3 Sentinel Characteristics

Sentinel-2 is a European wide-
swath, high-resolution,
imaging mission. The full

multi-spectral
mission
specification of the twin satellites, flying in
the same orbit but phased at 180°, is

Monitoring Model...

designed to give a high revisit frequency of
S days at the Equator and with orbital
swath width is 290 km.

2.3.1 Sentinel-2 MSI

The Sentinel-2
Instrument (MSI) measures the earth’s
reflected radiance in 13 spectral bands
consisting of three levels of spatial
resolution: four bands at 10 meters , six
bands at 20 meters and three bands at 60
meters.

Multi-spectral

Sentinel-2 is supporting
Copernicus land monitoring studies with
an imaging mission to monitor vegetation,
soil and water cover, as well as to observe
inland waterways and coastal areas. The
data is designed to be modified and
adapted by users interested in areas such
as spatial planning and the monitoring of

the agro-environment, water, forests and

land carbon and natural
resources, and global crops.

The spatial resolution of Sentinel-2
depends on the spectral band, as shown in
Table 2.1.

vegetation,

Figure 2-1: Research location: the Brantas Watershed in East Java

Figure 2-2: Sentinel-2 Data 2017-2018
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Table 2-1. Spatial Resolution of Sentinel-2

Sentinel-2 Bands

Central Wavelength (u)

Resolution (m)

Band 1: Coastal Aerosol
Band 2: Blue

Band 3: Green

Band 4: Red

Band 5: Vegetation Red Edge
Band 6: Vegetation Red Edge
Band 7: Vegetation Red Edge
Band 8: NIR

Band 8A: Vegetation Red Edge
Band 9: Water Vapour

Band 10: SWIR-Cirrus

Band 11: SWIR

Band 12: SWIR

0.443 60
0.490 10
0.560 10
0.665 10
0.705 20
0.740 20
0.783 20
0.842 10
0.865 20
0.945 60
1.375 60
1.610 20
2.190 20

2.3.3 Normalized Difference Vegetation
Index (NDVI)

The NDVI quantifies vegetation by
measuring the difference between near-
(which  vegetation
reflects) and red light (which vegetation
absorbs). As shown below, NDVI uses the
NIR and red channels in its formula:

infrared strongly

NIR — Red
- (2-1)

NDVI NIR + Red
Healthy vegetation (chlorophyll)

reflects more near-infrared (NIR) and
light compared to
wavelengths, but absorbs more red and

green other
blue light. Therefore, we see vegetation as
green. If it were possible to see near-
infrared, this would also show strong
The
Sentinel-2 both have the necessary NIR
and red bands. The result of this formula

vegetation. satellite sensors of

generates a value between -1 and +1.
A NDVI = NDVI 11 -NDVl:z (2-2)

where NDVI;; is NDVI at the initial time

and NDVI,, is NDVI at the final time.

2.3.4 Normalized Burn Ratio (NBR)
The NBR is used to identify burned
areas. The formula is similar to a NDVI,
except that it uses near-infrared (NIR) and
shortwave-infrared (SWIR) portions of the

166

electromagnetic spectrum (Key & Benson,

1999).
NIR — SWI

T oW (2-3)
NIR + SWIR

NBR =

ANBR = NBR 11 -NBR:2 (2-4)
where NBR;; is NBR at the initial time and
NBR;, is NBR at the final time.

The NIR and SWIR parts of the
electromagnetic spectrum are a powerful
combination of bands for the index to use,
given that vegetation is reflected strongly
in the NIR region of the electromagnetic
spectrum and weakly in the SWIR (see
Figure 2-3).

Plants are reflected very strongly on
the NIR spectrum, but weak on the SWIR
spectrum, the combination of the NIR and
SWIR spectra is excellent for identifying
areas of burned land (wood / bark burnt)
and soil / earth US Forest Service

The NBR
developed for use with Landsat TM and
ETM+ bands 4 and 7, but it will work with
any multi-spectral sensor with an NIR
band between 760-900 nm and a SWIR
band between 2080-2350 nm. Therefore,
this index can be used with both Landsat-
8, MODIS and other multi (and hyper)
spectral sensors.

index was originally
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Figure 2-3: Exploiting Spectral Response Curves of Burned Areas with Healthy Vegetation

Source: US Forest Service, 2017

Based on the USGS, NBR succeeded
to level 2 derived from Landsat from
Landsat 4-5 (TM)), Landsat 7 (ETM +),
and Landsat 8 (OLI) / (TIRS), so that it
became a Level-2 Surface Reflectance
product.

It is calculated as a ratio between
the NIR and SWIR values in a traditional
fashion (NIR - SWIR) / (NIR + SWIR). In
Landsat 4-7, NBR = (Band 4 — Band 7) /
(Band 4 + Band 7). In Landsat 8, NBR =
(Band 5 - Band 7) / (Band 5 + Band 7).

NBR is delivered as a single band
product, specified as shown in the Table
2-2.

Table 2-2: Landsat Surface Reflectance-
derived Normalized Burn Ratio
(NBR) Specifications

Attrribute Valug

Source : USGS Earth Resources Observation and
Science (EROS) Center Science Processing
Architecture (ESPA) On Demand
Interface (ESPA).

2.3.5 Determination of the Threshold
In previous example, the threshold
of NDVI and NBR single data was

ascertained visually by comparison
between 2017 and 2018 using the trial
and error

In previous studies that correlated
between LAPAN, KLHK and WRI, the
NDVI and NBR single data threshold was
visually confirmed by comparison
between 2017 and 2018 using trial and
error. method. However, this research
was conducted by observing changes in
the vegetation index (NDVI) and in the
open land index (NBR). Differences
between NDVI and NBR between 2017
and 2018 were minimal as a threshold to
identify indications of changes in land
cover. This was determined by sampling
the difference between the NDVI and NBR
points.

To detect
devegetation, the threshold requirements

revegetation and

of each index were used. Revegetation can
be expressed using equation S and
devegetation by equation 6.

If (NDVI > n and NBR < m), thenclass 1  (2-5)
If (NDVI < nand NBR > m), then class 2  (2-6)

where n is the NDVI threshold, m is the
NBR threshold. The revegetation area
(class 1) is based on the result of equation
2-5, and the revegetation area (class 2) is
based on the result of equation 2-6.
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Figure 2-4: Flow diagram of the research development.

3 RESULTS AND DISCUSSION

The results from equations 1 and 3
are shown in Figures 3.1 and 3.2. Figure
3.1(a) shows the annual mean NDVI
images for 2017, while 3.1(b) shows those
for 2018 for the Brantas watershed. Figure
3.2(a) shows the annual mean NBR images
for 2017 and 3.2(b) those for 2018.
Visually, the NDVI and NBR imagery from
2017 and 2018 shows no changes in land
cover. However, a digital assessment
shows there is a change in land cover,
indicated by a change in the NDVI and
NBR values from 2017 to 2018. If the NDVI
in 2018 is lower than that of 2017 and the
NBR in 2018 is higher than that of 2017,
then

devegetated; the sample data are shown in

land cover is indicated to be
Figure 3.3. Conversely, if the value of NDVI
in 2018 is higher than that of 2017 and if
the NBR in 2018 is lower than that of
2017, then this
revegetation, as shown in Figure 3-4.
Figure 3-1 shows images of NDVI in

indicates land cover

http://dx.doi.org/10.30536/].ijreses.2020.v17.a3385

2017 and 2018, with an index value of -
1 to 1. This value is depicted by the
gradation of colour from light to dark,
namely yellow, green and dark green,
which shows the level of green of the
vegetation.

Figure 3-2 shows NBR images from
2017 and 2018, with the NBR index
value from -1 to 1, which shows the level
of land openness. The light green colour
indicates a greater level of land openness
than that shown in dark green. Figure 3-
3(a) shows an image of the results of the
2017 and 2018 NDVI change analysis.
The level of vegetation change is divided
into three classes based on the ANDVI
value interval, as shown in Table 3.2.
Figure 3-3(b) shows an image of the
results of the analysis of NBR changes in
2017 and 2018. The level of vegetation
change is also divided into three classes
based on the ANBR value interval, as
shown in Table 3.3.
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Figure 3-1: NDVI 2017-2018
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<

NBR 2018

(a) Change in vegetation in 2017-2018 (b) Change in open land in 2017-2018
Figure 3-3: Change in vegetation and open land 2017-2018.

Table 3-2. NDVI 2017-2018 Changes

No ANDVI (2017-2018) NDVI Change Colour

1 >-1 No Change ]_‘
-1to 0 Small Change i

3 Oto1l Large Change B

Table 3-3. NBR 2017-2018 Changes

No ANBR (2017-2018) NBR Change Colour

1 >-1 No Change ]_‘
-1to O Small Change i

3 Oto 1 Large Change |.
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Revegetation and devegetation areas
were determined by application of the
threshold of A NDVI and A NDVI,
obtained from several sample points
which  were
changes, as shown in figures 3-3, 3-4 and
3-5 Example Revegetation and
devegetation. The results of the sample
points obtained by the threshold for
identifying indications of revegetation and
devegetation are shown in Figure 3-6.

The threshold obtained to determine
the existence of revegetation was ANDVI=
0.0309 and ANBR= -0.0176, while
ANDVI= -0.0206 and ANBR= 0.0314 was

visually  experiencing

Sample Point Graph For Revegetation
Thresholds

0,1000
0,0500
-0,0500

-0,1000

———NDVI (2017-2018)  ====NBR (2017-2018)

the threshold for devegetation. Based on
calculations, the spatial
revegetation and
devegetation obtained is shown in Figure
3-6.

Spatial revegetation locations can
be determined using the equation 5
algorithm, namely if A NDVI > 0.0309
and A NBR < 0.0176; and the spatial
location of devegetation can also be
determined wusing the equation 35
algorithm, namely if ANDVI < - 0.0206
and A NBR > 0.0314.

these
information of

Sample Point Graph For
Devegetation Thresholds

0,3000
0,2000

0,1000

34 91011121314151617181!

-0,1000

———NDVI (2017-2018) === NBR (2017-2018)

Figure 3-4: Graph of sample points for threshold determination

Devegetation, Malang,Pujon,Ngabab

-7.8214617,112.428627

http://dx.doi.org/10.30536/].ijreses.2020.v17.a3385
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Figure 3-6: Revegetation and devegetation spatial information

In the study area, not all land-
cover experienced revegetation or
devegetation changes, as it includes
cultivation and natural land. For
example, rice fields are not considered
to be devegated or revegetated due to
the growth of the rice plant phase, or
changes in teak forests can be due to
changes between the rainy season and
dry season, so such change in land
cannot be said to be devegetation or
revegetation.

4 CONCLUSION

Sentinel-2 MSI data with multi-
temporal mosaic data can be used for
monitoring changes in land cover
dynamics, especially for tree cover loss.
The results showed that revegetation can
be determined by if A NDVI > 0.0309 and
A NBR < 0.0176, and devegetation if A
NDVI < - 0.0206 and A NBR > 0.0314.
Based on the NDVI and NBR threshold
requirements set in this study, it is shown
that devegetation is more widespread

International Journal of Remote Sensing and Earth Sciences Vol. 17 No. 2 December 2020 171



Samsul Arifin et al

than revegetation. Devegetation generally
occurs in the barren highlands and
revegetation in the low and high
lands/mountains, which often experience
rain. The weakness of using the Sentinel
satellite is that the method cannot detect
land that is narrow or steep.
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Abstract. The spatial and temporal capabilities of remote sensing data are very effective for monitoring
the value of total suspended solids (TSS) in water using optical sensors. In this study, TSS observations
were conducted in the west season, transition season 1, east season, and transition season 2 in 2018
and 2019. Landsat 8 image data were used, extracted into TSS values using a semi-analytic model
developed in the Mahakam Delta, East Kalimantan, Indonesia. The TSS data obtained were then
analysed for distribution patterns in each season. The sample points were randomly scattered
throughout the study area. The TSS distribution pattern in the west season showed a high concentration
spread over the coastal area to the off sea, while the pattern in the east season only showed a high
concentration in the coastal areas. Transitional seasons 1 and 2 showed different patterns of TSS
distribution in 2018 and 2019, with more varied values. The distribution of TSS is strongly influenced
by the season. Observation of each cluster resulted in the conclusion that human activity and the rainfall

rate can affect the concentration of TSS.

Keywords: Rainfall Rate, Total Suspended Solids, Seasonal Total Suspended Solids, Surabaya

1 INTRODUCTION
Technological

distinguishing the spectral pattern of

advances have objects being recorded; for example, land

completely changed human life and work.
The digital world is increasingly helping
people to do many things that were
previously done manually in a more
practical and effective way. Such
advances have also taken place in earth
observation satellite technology, which is
used as a vehicle for remote sensing. The
use of such technology can make work
efficient both in terms of time and energy,
allowing observation of large areas of
study. Optical remote sensing systems
are often used in monitoring natural
resources and waters qulity. Satellite
recording  technology @ can  record
electromagnetic waves outside the range

of visible waves, which is very useful in

http://dx.doi.org/10.30536/].ijreses.2020.v17.a3385

and water can be distinguished easily
because they have spectral differences.
The spectral pattern of water in visible
waves can provide extensive effective
information on matter in the air (Le, Li,
Zha, Sun, Huang, & Zhang, 2011),
meaning that water quality observation
methods, such as total suspended solids
(TSS), can be performed using digital
images. Improved sensor spectra and
various algorithms are continuously
being developed, and TSS detection
parameters can be determined more
accurately and quickly. The wuse of
Landsat-based sensors has been widely
used in determining TSS parameters; for
example, Arief et al. (2016) employed
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Landsat-8 imagery to make TSS model
estimation wusing a two-dimensional
algorithm, with use of the green and red
bands. In addition, Yanti et al. (2016)
compared single Landsat-8 bands to map
TSS distribution in Gajahmungkur
Reservoir, Wonogiri City, Central Java,
Indonesia, finding that the red band was
the best to estimate TSS. Wang et al.
(2017) and Jiyah et al. (2017) used
QRLTSS model for TSS mapping, which
used the red band and had a good ability
to detect TSS with high dynamics. Using
Landsat 5 TM, Landsat 7 ETM and
Landsat 8, Parwati and Purwanto (2017)
built a model based on one previously
developed by Budhiman (2004), which
also used the red band. Their results
showed that TSS would increase if there
was a change in land cover. Trisakti et al.
(2015) also employed Landsat 8 to
ascertain water clarity in Kerinci and
Tondano Lakes, showing that Kerinci
Lake (2m) had lower water clarity than
Tondano Lake (2-3m).

TSS is the result of the reactions of
heterogeneous materials, which then
serve as the initial constituent material
for sediment and inhibit the formation of
organic substances in water (Tarigan &
Edward, 2003). High TSS concentrations
in water can cause other impacts, such as
those found by Helfinalis et al. (2012),
high TSS
reduce the

who demonstrated that
concentrations can
photosynthetic activity of marine biota,
both micro and macro, which will result
in decreased oxygen levels produced by
plants, meaning fish will die due to a lack
of oxygen. However, the level of TSS
cannot determine what is happening in
the water (Ainy et al., 2011; Domining et
al., 2019). Waters that contain high TSS
also tend to experience high
sedimentation. TSS concentration
measurements can be used as a

determining indicator of water quality.

The coast of Surabaya is a busy
area. The various activities that are
conducted there show the importance of
these waters. This entails the monitoring
of water quality, namely the TSS content.
Monitoring TSS concentrations can show
the level of pollution in Surabaya waters
(Hariyanto & Krisananda, 2019;
Hariyanto et al., 2014). Information on
TSS concentration can be used as a
parameter of water quality, so that action
can be taken to prevent or deal with any
water pollution that occurs. Pollution
handling activities are conducted when
the TSS content being monitored is at a
dangerous level; namely, when the
concentration is very high. Reducing TSS
concentration can be achieved by avoided
deforestation, especially of mangroves in
the area around the water. Such
concentration has been shown to
decrease when there was an increase in
the area of mangrove plants around the
water (Parwati & Purwanto, 2017).

The territory of Indonesia is located
in the tropics and is crossed by the
equator. The pseudo motion of the sun
crossing the equator cause the country
experiences two seasons, namely the west
season and the east season (Hutabarat,
2006). The west, or rainy season, occurs
in December, January and February,
while the east, or dry season occurs in
June, July and August. The period
between the west and east seasons, in
March, April and May, is referred to as
transitional season 1. While between the
East Season to the West Season, in
September, October and November, is
referred to as transitional season 2
(Fadika et al., 2014).

In the west or rainy season, the TSS
concentration (turbidity) will increase in
the central area of the waters due to the
high intensity of rain, which results in the
process of material being moved from
small rivers around the waters or from the
coast to the middle of the water (deep
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water) (Risuana et al., 2017). Meanwhile,
in the east or dry season, the TSS
concentration will be low in the middle
part of the water, but high in the coastal
area. Baseline sediment resuspension is a
major factor affecting TSS concentrations
during the east season (Quang et al.,
2017).

The aim of this study is to determine
the distribution pattern of TSS content in
each observation season in order to
establish the related TSS value range that
was also matched with rainfall rate data.

2 MATERIALS AND METHODOLOGY
2.1 Location and Data

The research location was the
Surabaya coastal region, East Java
Province, Geographically,
Surabaya is located to the south of the
equator, at -7°9'N to -7°21'N and
stretches from 112°36' E to 112°57'E. The
area of Surabaya City is 52,087 Ha,

Indonesia.

112°400"E 112°50'0"E

Cluster 1

7°100"S

Cluster 2

Cluster 3

7°200"s

112°400"E 112°50'0"E

Interseasonal Variability In...

63.45% or 33,048 Ha of which is land,
with the remaining 36.55% or 19,039 Ha
being sea. The focus of this research is on
the waters of the City of Surabaya, with
the study area divided into three
observation clusters, namely cluster 1
(waters of Lamong Bay Port), cluster 2
(waters around Suramadu Bridge) and
cluster 3 (Wonorejo Mangrove area), as
shown in Figure 2-1.

2.2 Data standardisation

Landsat 8 satellite spectral data, to
be precise channels 1 to 7 in path/row
118/65, from the United States
Geological Survey (USGS), were used in
the  process of
concentration in water. The QGIS 3.14
and ArcGIS 10.4 open-source
applications from the Environmental
Systems Research Institute (ESRI) were
employed to process the satellite image
data. The layout of the MPT processing
results used ArcGIS 10.4 tools.

extracting  MPT

113°00"E
Surabaya-East Java
Indonesia

Java Suraba

Legend

¢ Sample Points
Bathimetry 1:50.000
Cluster

I study Area

113°0°0"E

Figure 2-1. Study Area
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2.3 Methods
The Landsat 8 satellite data used in
the study comprised eight images

representing each season: west season
2017, west season 2019 and transitional
season 1, east season, and transitional
season 2 in 2018 and 2019. It used data
from 2017, 2018 and 2019 without any
consideration of possible ENSO events
during the season.

Table 2-1. Acquisition of Landsat Image Data

No. Type of Data Acquisition
Date

1 West Season 30 December
2017

2 Transitional Season 1 7 May 2018

3 East Season 11 August
2018

4 Transitional Season 2 28
September
2018

5 West Season 18 January
2019

6 Transitional Season 1 26 May 2019

7 East Season
Transitional Season 2

26 July 2019
18 November
2019

(0]

The working stages in the research
can be seen in the flow chart in Figure 2-
2. The TSS
process followed the stages described

information extraction

below.

1. The data collection required for the
study was that of Landsat 8 imagery
representing each season. At this
stage, the number and distribution of
the research sample points was also
determined.

2. Performance of a cloud masking
process. This was done manually
using the QA channel on Landsat 8,
which contains information about the
quality of Landsat 8 images (USGS,
2013). The range of values in the QA
channel detected as cloud will be
eliminated, so the clouds in the scene
image will disappear.

3.

7.

Image  pre-processing, including
radiometric correction, sun angle
correction, and atmospheric

correction using the DOS1 (Dark
Object Substraction) method. This
process was performed using the pre-
processing tools in QGIS 3.14 to
produce surface reflectance data, the
bottom of atmosphere reflectance.

process of
separating land and sea by running

Performance of the

the normalized difference water index
(NDWI) algorithm (McFeeters, 1996)
with the equation:

NDWI = (A-B)/(A+B) (2-1)

A : reflectance Green band
B : reflectance NIR band

Calculation of the TSS content using a
semi-analytic model. This model was
used as Afgatiani et al. (2020) showed
that it produced lower error than the
empirical model. The semi- analytic
(2004) was
employed, which has previously been
used in the Porong River area
(Budianto &  Hariyanto, 2017;
Indeswari et al, 2018) and has a high
regression value, with the following

model of Budiman

formula:
MPT (mg/L) = X * (exp (Y * Z)) (2-2)

X :8.1529
Y :23.704
Z : reflectance Red band

Extraction of the TSS value with a
predetermined sample point on all the
MPT
processing. The sample point MPT

images resulting from the
data were used in the process of
evaluating the MPT value in each
cluster.

The rainfall rate used was based on
data from the JAXA Global Rainfall
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Watch (GSMaP). It was calculated
according to each season.

8. Secondary data for validation were
obtained from other papers and
reports, as there are no in situ data.

9. Analysis of the TSS distribution data
for each season, and analysis of the
TSS sample data in each cluster by
adding the rainfall rate and secondary

data.
Landzat 8§
image

Clogud masking

¥

Pre-processing

*
NDWI
calculation

¥

T35 modelling

TSE distribution
patern

cample point
distribution

Secondary TTS graphs for Rainfall rate
data sach chuster
+

Analyeiz

Figure 2-2. Flow diagram of data processing and
analysis

3 RESULTS AND DISCUSSION

The TSS distribution shows
dynamic fluctuations from season to
season; that of 2018 can be seen in
Figure 3-1. The distribution in the 2018
west season, which has a TSS
concentration of 60.5 - 692.6 mg/L,
indicates a high T'SS concentration in the
coastal (shallow) to middle (deep) waters.
Transitional season 1 2018, with a TSS
concentration of 29.6 - 97.2 mg/L,
shows that the level had decreased in the
coastal and mid-water areas. East

Interseasonal Variability In...

season 2018 had a TSS concentration of
459 - 1449 mg/L, with high
concentrations spread along the coastal
area, while levels in the middle of the TSS
waters experienced a decline. Transition
Season 2 2018 had TSS concentrations
of 35.6 - 281.6 mg/L, with high
concentrations scattered in the middle of
the water, while in the coastal areas the
TSS concentration fell.

The distribution of TSS in the 2019
west season, with a concentration of 24.9
- 807 mg/L, indicates high TSS
concentrations in the coastal to middle
waters. The levels in transitional season
1 2019, with TSS concentrations of 23.8
- 115.4 mg/L, show that TSS with a high
concentration decreases in both the
coastal and middle water areas. The
2019 east season, with TSS
concentrations of 34.2 - 122.9 mg/L,
experienced a decrease in TSS
concentrations in all the study areas,
with no visible distribution of TSS at high
concentrations. TSS concentrations in
the coastal areas are higher than those
in the middle of the water. Transition
Season 2 2019 had TSS concentrations
of 30.3 - 163 mg/L, with high
concentrations scattered in the middle of
the water, while in coastal areas the TSS
concentration fell.

The distribution of TSS in the 2018
and 2019 west seasons shows high
concentrations spread over the coastal
area to the middle area. On the other
hand, the distribution of TSS in
transitional season 1 2018 and
transitional season 1 2019 shows a
decrease in concentration from the west
season, both in the coastal and in mid-
water areas. Regarding T'SS distribution
in east seasons 2018 and 2019, TSS
distribution in the coastal areas shows a
higher TSS concentration than in the
middle water area, while the distribution
of TSS in transitional seasons 2 of 2018
and 2019 shows an increase in the TSS
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value from the east Season in the mid-
water areas, but a decrease in coastal
areas.

The distribution pattern of TSS in
transitional seasons 1 and 2 does not
show particular patterns, as is the case
for the west and east seasons. TSS in
each season in Surabaya displays the
same pattern as in previous studies by
Risuana et al. (2017) and Quang et al.
(2017), with  west
concentrations high from the coastal
area to the middle of the water. On the
other hand, in the east season, TSS
concentrations will be high in the coastal

season TSS

areas but will decrease in the middle of
the water. Moko and Wiweka (2012)
showed that the TSS concentration range
in the east season was 24 — 402 mg/L.
However, the resulting values from the
image processing in the east season in
both 2018 and 2019 were lower (34.2 -
144.9 mg/L) than in situ. Guntur et al.
(2017) showed in situ data in transition
season 1 of 9.9 - 131.7 mg/L. These
values are almost similar to the TSS
estimation results from the images of the
2018 and 2019 transition seasons, of
23.8 - 115.4 mg/L. Ma’arif and Hidayah

(2020) found in situ data in the west
season of 250 — 470 mg/L.

By observing the variation in the
TSS distribution in each season, it is
clear that the distribution of TSS is
strongly supported by the changing
seasons, especially in the west and east
seasons. In these seasons, the surface
currents move in the direction of the
monsoon wind. Surface currents in the
west and east seasons are greatly
influenced by the wind that blows over
the season. In transition seasons 1 and
2, surface currents in the water are not
dominated by the influence of the wind.
This is because the wind speed above the
sea level is too low. It is suspected that
the surface currents that occur are
caused by tidal influences (Fadika et al.,
2014). Surface currents in water also
affect the distribution and value of TSS;
according to Fathiyah et al. (2017),
strong surface currents affect the
direction of TSS distribution, which will
follow the direction of the sea surface
currents. Krisna et al. (2012) also found
that the direction of TSS distribution will
be in the same direction as that of the
wind in the area. Wind direction is also
influenced by the seasons.
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Evaluation of the TSS values in each
cluster was made by using six sample
points. The selection of these took into
account spatial distribution and avoided
outlier values, as can be seen in Tables 3-
1 to 3-3, which show the TSS values at
each sample point. Figures 3-3 to 3-5
show the fluctuation of each sample in
each season.

Cluster 1 was located in the Lamong
Bay Port area, where the TSS values
varied considerably from season to
season, can be seen in Figure 3-3.
Starting from the west season in 2018,
the TSS value was relatively high, in the
range of 100-200 mg/L, while in
transition season 1 2018, the value
dropped drastically. It increased again in
east season 2018 and transitional season
2 2018. In west season 2019, the TSS
value fell again, before successively
increasing in transitional season 1 2019,
east season 2019 and transitional season
2 2019. The average TSS value in cluster
1 was above 50 mg/L, which means that
its concentration was quite high.

This high TSS value was due to the
relatively high activity at Lamong Bay
Port; moreover, the port is also near the
other big port of Tanjung Perak. This
directly increases the activity in cluster 1
waters. High activity in the waters causes
considerable material to be carried into
the waters, resulting in a high TSS value
(Handoyo et al., 2017).

Cluster 2 in the Suramadu Bridge
area also shows a variation in TSS values
from season to season, as can be seen in
Figure 3-4. Evaluation of the TSS values
of the selected six cluster 2 sample points
is shown in Table 3-2. The selection of
sample points in each cluster must be
free from clouds in each season so that
the TSS value selected represents the
actual situation.

Starting from the west season 2018,
the TSS value was quite high, in the range
of 100-200 mg/L, while in transition
season 1 2018, it dropped drastically. The
west season has the highest TSS value.
This period is the peak of the rainy season
at Indonesia, especially in the southern
equator regions, such as Sumatra, Java,
Bali and Nusa Tenggara. The amount of
rainfall in the season is generally above
250 mm/month (Mulyana, 2002). This
means there will be increasingly more
water containing residue running off the
land, resulting in an increment in TSS.
The transition season is a time when
there is a change from the west to the east
seasons. In this season, the TSS values
are irregular due to the changing wind
direction (Siregar et al., 2017).

In east season 2018 and
transitional season 2 2018, the TSS
values increased again, then decreased in
2019 west and intermediate 1 season,
before once again rising in 2019 east
season and decreasing in transitional
season 2 2019.

In the 2018 west season, 2018 east
season, and transitional season 2 2018,
the TSS value was in the range of 100-200
mg/L, with a high
Meanwhile, for other seasons the TSS
value was below 100 mg/L. In transition
season 2 2019, four sample points had no

concentration.

TSS data because the areas were covered
by cloud. Overall, the TSS value in cluster
2 was below that of cluster 1, which was
because the activity in the waters around
Surabaya Bridge was not as dense as that
of Lamong Bay Port (cluster 1).
Environmental factors such as wind
speed, wind direction and tides have a
relatively minor effect on increasing TSS
concentrations compared to human
activities in water areas (Noel et al., 1995).
However, this paper does not include

wind data.
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Figure 3-5. Graph of TSS values in cluster 3 (Wonorejo Mangrove area).
Table 3-1. TSS values (mg/L) of sample points, cluster 1
West Trans East Trans West Trans East Trans
Season Seasonl Season Season 2 Season Seasonl Season Season 2
2018 2018 2018 2018 2019 2019 2019 2019
97 .4 37.4 60.1 53.0 37.2 45.4 74.4 40.8
175.0 46.6 115.7 98.0 63.1 66.1 72.1 151.2
105.0 65.2 99.2 99.0 72.9 68.9 99.8 102.5
195.0 52.4 100.7 140.2 67.7 95.5 77.5 149.0
195.5 79.6 106.6 133.2 87.8 79.5 105.9 119.5
95.9 62.8 103.9 192.5 34.0 58.2 72.4 52.7

Table 3-2. TSS values (mg/L) of sample points, cluster 2

West Trans East Trans West Trans East Trans
Season Seasonl Season Season2 Season Seasonl Season Season 2
2018 2018 2018 2018 2019 2019 2019 2019

97.4 37.4 60.1 53.0 37.2 45.4 74.4 40.8
175.0 46.6 115.7 98.0 63.1 66.1 72.1 151.2
105.0 65.2 99.2 99.0 72.9 68.9 99.8 102.5
195.0 52.4 100.7 140.2 67.7 95.5 77.5 149.0
195.5 79.6 106.6 133.2 87.8 79.5 105.9 119.5
95.9 62.8 103.9 192.5 34.0 58.2 72.4 52.7

Table 3-3. TSS values (mg/L) of sample points, cluster 3

West Trans East Trans West Trans East Trans
Season Seasonl Season Season2 Season Seasonl Season Season 2
2018 2018 2018 2018 2019 2019 2019 2019

154.4 76.6 56.1 109.1 88.6 47.7 54.5 94.9
114.2 59.3 80.9 100.7 137.5 41.0 49.2 88.3
86.1 54.2 60.6 116.6 35.4 60.5 63.3 57.5
87.1 50.1 100.4 122.6 72.7 39.9 54.0 59.5
87.4 63.9 57.1 111.6 51.2 61.8 47.2 120.6
154.5 60.3 58.3 150.8 60.3 39.0 40.5 117.6
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Cluster 3 was located in the
Wonorejo Mangrove area, which shows
that the TSS value varies from season to
season, as seen in Figure 3-5. Evaluation
of the TSS values for the selected six
sample points in cluster 2 are shown in
Table 3-3. The TSS values decreased
between the 2018 west season and
transition season 1 2018. In east season
2018 and transition season 2 2018, the
TSS values then increased respectively. In
west season 2019 and transitional season
1 2019, the values fell, before increasing
again in east and transitional season 2
2019.

The monsoon season will affect
rainfall. The rainfall data are shown in
Figure 3-6, with the highest TSS values
occurring in transition season 2 2018,
with a concentration higher than 100
mg/L. On the other hand, in other
seasons the value is below 100 mg/L.
However, rainfall in this season tends to
be high at the end of the period. Even
though west and transition seasons 1
experience high rainfall with relatively
high intensity, TSS levels are no higher
than in transition season 2. Rainfall can
affect TSS concentration; however, there
is no correlation between first-flush loads
of TSS and rainfall characteristics (He et
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al., 2010). Therefore, it is likely that the
end of transition season 2 will be a
seasonal first flush event. Seasonal first
flush is the release of a bigger mass off
contaminants or higher concentration,
compared with storms later in the season
(Strenstrom & Kayhanian, 2005). Rainfall
can be a medium for the transport of
pollutants from the surface (Shehane et
al., 2005). TSS variation is influenced by
seasons, and any season can affect
rainfall.

Based on the TSS value sample
points in cluster 3, it can be said that
cluster 3 has a lower level when compared
to cluster 1 and cluster 2. The waters of
cluster 3 have activities that are not as
busy as cluster 1 or cluster 2. The cluster
3 area is used by fishermen- small
fishermen from the surrounding area, not
the center of large activity. Hasyim et al.
(2009) explained that this area is
dominated by
Decapterus spp.,
Trichiurus spp. and Sardinella lingiceps
during all seasons. Therefore, the TSS
value is not too high when compared to
the other two clusters. Human activities
in and near coastal waters have great
potential to increase TSS concentration
(turbidity) in water (Nurjaya et al., 2019).

Euthynmus spp.,
Ratsrellinger  spp.,
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Figure 3-6. Rainfall Rate in Each Season: a. Rainfall Rate West Season 2018; b. Rainfall Rate
Transitional Season 1 2018; c. Rainfall Rate East Season 2018; d. Rainfall Rate Transitional
Season 2 2018; e. Rainfall Rate West Season 2019; f. Rainfall Rate Transitional Season 1
2019; g. Rainfall Rate East Season 2019; h. Rainfall Rate Transitional 2 Season 2019

4 CONCLUSION

TSS distribution is highly
influenced by the seasons. In the west
season, TSS values with  high
concentrations will be scattered in the
middle of the waters (deep waters), while
in the east season they will only be seen
in coastal areas. During transition
seasons 1 and 2, the distribution of TSS
is not influenced by seasons, only by
tides, so that the distribution is more
varied. Overall, TSS values in the west
season will be higher than in the east
season because of the higher rainfall.

As for the TSS values in the
observation clusters, cluster 1 (Lamong
Bay Port) shows different TSS distribution
compared to the other locations. One of
the factors that
distribution of TSS is seasonality.
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Abstract. The Himawari-8 satellite can be used to derive precipitation data for rainfall estimation. This
study aims to test several methods for such estimation employing the Himawari-8 satellite. The methods
are compared in three regions with different topographies, namely Bukittinggi, Pontianak and Ambon.
The rainfall estimation methods that are tested are auto estimator, IMSRA, non-linear relation and non-
linear inversion approaches. Based on the determination of the statistical verification (RMSE, standard
deviation and correlation coefficient) of the amount of rainfall, the best method in Bukittinggi and
Pontianak was shown to be IMSRA, while for the Ambon region was the non-linear relations. The best

methods from each research area were mapped using the Google Maps Application Programming

Interface (API).

Keywords: Rainfall Estimation, Himawari-8 Satellite, Google Maps API

1 INTRODUCTION

Remote sensing is the science of
obtaining information about the Earth's
surface without having direct contact
with it. This is done by sensing and
recording the reflected
processing, analysing and applying the
information (NRC, 2003). Nowadays,
remote sensing for the observation of the
atmosphere is very important. This is
because not all areas on the earth's

energy and

surface can be covered by in situ
observations (Alfuadi, 2016). In addition,
remote sensing has contributed greatly to
various other fields and led to the
development of various sensors (Lillesand
et al.,, 2015). Remote sensing sensors
themselves are divided into two types,
namely remote sensing with active
instruments sensors as found in weather
radar and passive instrument sensors
found in weather satellites (Stull, 2015).
Weather satellites can be used to
identify cloud patterns and structures
related to dynamic weather conditions.
The development of weather satellite

http://dx.doi.org/10.30536/j.ijreses.2020.v17.a3441

systems has contributed greatly to their
use in weather forecasts (Tan, 2014). In
fact, observations using weather satellites
can provide hourly weather information
over a fairly wide area coverage. Such
environmental and weather satellite data
can be obtained real time, but their use
remains very limited in the wider
community (Suwarsono et al., 2009).
However, the most recent weather
satellite and its data can be used by the
wider community, namely the Japanese
Himawari-8 satellite, which is a new
generation of meteorological satellites
with  sophisticated optical sensors
(Bessho et al.,, 2016). In addition,
precipitation data can be derived from the
Himawari-8 satellite data which can be
useful in mitigating hydrometeorological
disasters (Alfuadi, 2016).
Several studies using the Himawari-
8 satellite have also been conducted to
estimate rainfall in various areas. For
example, Rani, et al. (2016) used the auto
in Pangkalpinang
Station; the INSAT
189
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Multispectral Rainfall Algorithm (IMSRA)
method was employed by Alfuadi (2016)
in Palangkaraya; and the non-linear
relation method with non-linear inversion
were used by Alfuadi and Wandala (2016)
in Muara Teweh and Palangkaraya.
However, some of these studies only
focus on one region topography. In fact,
the latitude, slope and altitude in some
areas will affect weather activities, such
as cloud formation and rain, due to the
uneven solar irradiation on the earth's
surface (Sucahyono and Ribudiyanto,
2009). Therefore, it is necessary to
conduct research into and test the
methods used for different topography
and weather systems. This study
proposes to test the methods that are
generally used in various topographies in
(highlands,
islands). Apart from testing the methods,
the research will display
estimation results into Google Maps

Indonesia lowlands and

rainfall

Application Programming Interface (API)
platform.

The Google Maps API platform
allows users to integrate Google Maps into
their respective websites by adding their
own data points (Davis, 2006). The
advantage of the API is that it is possible
to modify maps according to user needs
and integrate them with the data to be
used (Akanbi and Agunbiade, 2013).
Therefore, this study will utilise the
Google Maps API to add data points in the
form of rainfall estimation results (light,
moderate, heavy and very heavy rain) into
a map which interesting and easy to
understand by users

2 MATERIALS AND METHODOLOGY
2.1 Location and Data

The locations of this research were
in Bukittinggi (GAW Bukit Kototabang),
Pontianak

(Supadio Meteorological

Station) and Ambon (Pattimura
Meteorological Station) (as shown in red

on the map in Figure 2-1).

'MAP OF THE RESEARCH AREA

Copyright : Nadine Ayasha

Figure 2-1: Map of the research area

The data used were from Himawari-
8 channel IR-1, obtained from
ftp://202.90.199.115. IR-1 was used
because IR-1 data can be converted into
precipitation data (Alfuadi, 2016). The
verification of the rainfall estimation was
made using rainfall data from the AWS
center BMKG. Rainfall date cases were
employed in the research are shown in
Table 2-1:

Table 2-1: Rainfall date cases (Source -
BMKG, 2017 and 2018)

Bukittinggi
15 April 2017 Heavy rainfall (60.8
mm/day)
25 June 2017 Moderate rainfall
(36.9 mm/day)
28 June 2017 Moderate rainfall
(46.5 mm/day)
Pontianak
Heavy rainfall (70.8
mm/day)
Very Heavy rainfall
(187.4 mm/day)
Heavy rainfall (76.4
mm/day)
Ambon
Very heavy rainfall
(100.2 mm/day)
29 June 2018 Very heavy rainfall
(111 mm/day)
30 June 2018 Heavy rainfall (75
mm/day)

10 Sept 2017
11 Nov 2017

13 Oct 2018

28 May 2018

The tools used in the research were
Python 3.7 to extract the value of the
cloud top temperature (T) from the IR-1
data. These data are in netCDF (.nc)
format, so Python 3.7 extracted the
temperature in this format. JavaScript
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was also used to prepare the sripct or the
mapping of rainfall estimation, and the
Google Maps API platform was used for
mapping the best method of rainfall
estimation result.

2.2 Methods
Two methods were employed,

rainfall estimation equation and
statistical verification of the rainfall

estimation method

2.2.1 Rainfall Estimation Method
a. Auto Estimator

Based on Vicente et al (1998), the
equation for auto estimator is :

R = 1.1183.10" exp(-3.6382 .102.T1%) (5_1)

where R is the rainfall estimation
(mm/hour) and T is the cloud top
temperature in Kelvin.

b. IMSRA
The equation used in the research of
Gairola et al. (2011) was :

R=8.613098 x exp (~(T-197.97)/15.7061) (2-2)
where R is the rainfall estimation
(mm/hour) and T is the cloud top
temperature in Kelvin.

c. Non-Linear Relation
The equation used in the research of
Suwarsono et al. (2019) was :

R =2.1025 T -10-256 (2-3)

Where R is rainfall estimation (mm/hour)
and T is the cloud top temperature in
Kelvin.

d. Non-Linear Inversion
Based on Octari et al (2015), the
equation for non-linear inversion is :

R =1.380462 .1077 ¢3789.518 /T (2-4)

Where R is rainfall estimation (mm/hour)

A Comparison of Rainfall...

and T is the cloud top temperature in
Kelvin.

2.2.2 Statistical Verification Method
After obtaining the results of the
rainfall estimation described above, we
verified the using RMSE,
correlation coefficient and

results
standard
deviation and incorporated them into a
Taylor diagram. We also calculated the
bias of the rainfall estimation.

a. RMSE
Based on Wang and Lu (2018), the
RMSE equation is :

RMSE = /zﬁ=1<xi—yi)2 (2-5)
N

where N is the amount of data, x;is the
rainfall estimation (mm) and y;is the real
observation of rainfall (mm).

b. Correlation Coefficient
In line with Saefuddin et al (2009),
the correlation coefficient equation is :

Fao = Z(xi-xX)(yi-y) (2-6)
W Eai-x)36i-y)?

where x; is the rainfall estimation (mm)
and y; is the real observation of rainfall
(mm).

c. Bias

Bias is used to establish whether
the value of the data is underestimated or
overestimated. The equation of bias based
on Santos et al (2011) is :

Bias = %Z?zl(xi — yi) (2-7)

where x; is the rainfall estimation (mm)
and y; is the real observation of rainfall
(mm).

d. Standard Deviation
Based on Supranto (2008), the
equation of standard deviation is:
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o= /le(xi—u)Z (2-8)
N

where (xi-u)? is the deviation from
the observation to the true mean.

3 RESULTS AND DISCUSSION
3.1 Rainfall Estimation Results
Beside the statistical verification
results, the determination of the best
method was also based on the Taylor
diagram results (the red point closest to
the observation point being the best
method).

a. GAW Bukit
Bukittinggi
Based on the statistical verification

results (Table 3-1) and the Taylor diagram

(Figure 3-1), out of three dates, two (25

and 28 June 2017) indicate that IMSRA is

the best method. It has the best rainfall
estimation when rain intensity is less
than 5-6 mm/hour (Alfuadi, 2016), which

Kototabang
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5.0 4 f-founf.

Standard Deviation
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non unear feLatlong |

o

IS

AUTO ETIMATDR, |

Standard Deviation

240,
NON LINEAR INVER

was the case on 25 and 28 June 2017.
Furthermore, based on the rainfall bias
graph (Figure 3-2), on 15 April 2017 there
was an increased in rainfall bias
(overestimation) in the auto estimator and
non-linear relation methods. This is
because of a time lag between the
detected cloud top temperature and the
real rainfall. On 25 June 2017, there was
a drastic reduction (underestimation) at
12.00 UTC. This was due to 22.9 mm/hr
of heavy rainfall resulting from cloud top
temperature -6.435°C. In other words,
rain comes from cloud with warm cloud
top temperature.

On the other hand, on 28 June
2017, the non-linear relation method
tended to overestimate and there was a
reduction at 13.00UTC, which was due to
a time lag (on 12.00 UTC, the cloud top
temperature was -52.59C, but the rain not
falling directly to the earth. The heavy
rain fell to the earth on 13.00 UTC when
the cloud top temperature had increased).

Coef
elation Fic
Cpr" ‘5201 0 01g5 fe.o,t,

Figure 3-1: A. Taylor diagram on 15 April 2017; B. Taylor diagram on 25 June 2017;
C. Taylor diagram on 28 June 2017
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Table 3-1: Rainfall Estimation Results for GAW Bukit Kototabang, Bukittinggi

Dates Methods LA tHS Correlation SO
(mm/day) (mm/day)
Auto Estimator 6.36 0.72 9.03
15 April IMSRA 4.54 0.69 1.32
2017 Non-Linear Relation 6.88 0.68 9.35
Non-Linear Inversion 3.83 0.70 3.18
Auto Estimator 4.98 -0.19 0.40
25 June IMSRA 4.95 -0.24 0.25
2017 Non-Linear Relation 6.08 -0.23 2.64
Non-Linear Inversion 5.01 -0.23 0.43
Auto Estimator 4.24 0.11 2.97
28 June IMSRA 3.37 0.15 0.79
2017 Non-Linear Relation 6.99 0.16 6.71
Non-Linear Inversion 3.53 0.14 1.58
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Figure 3-2: Rainfall Bias Graph for GAW Bukit Kototabang Bukittinggi (A. 15 April 2017;
B. 25 June 2017; C. 28 June 2017)

b. Supadio Meteorological Station
Pontianak

The statistical verification results
(Table 3-2) and the Taylor diagrams
(Figure 3-3) shows that IMSRA was the
best method the Supadio
Meteorological Station. On 10 September
2017, 11 November 2017 and 13 October
2018, the method produced the best
results because the dominant hourly

rainfall (from AWS) had an intensity of

for

International Journal of Remote Sensing and Earth Science Vol. 17 No. 2 December 2020

less than 5-6 mm / hour (Alfuadi, 2016).
This was the same case as Bukittinggi,
where the dominant hourly rainfall was
also less than 5-6 mm / hour, so
Bukittinggi and Pontianak have the same
best method.

Moreover, reasons why

rainfall estimation
one of the
Bukittinggi and Pontianak have the same
best

because both regions arein the equatorial

rainfall estimation method is

rainfall category.
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Generally, rainfall bias on 10
September 2017 showed that there was
time lag between the detected cloud top
temperature and the actual rainfall in
Pontianak, which as shown in Figure 3-4
A. This was because the low temperature
of the cloud tops, which in the mature

tion Coeff; ..
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phase does not immediately produce
heavy rainfall that falls to the Earth's
surface. In addition, the influence of rapid
cloud and wind movement affected the
accuracy of rainfall in Pontianak and thus
influencing the rainfall bias.
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Figure 3-3: A. Taylor Diagram on 10 September 2017; B. Taylor Diagram on 11 November
2017; C. Taylor Diagram on 13 October 2018

Table 3-2 : Rainfall Estimation Results for Supadio Meteorological Station Pontianak

Dates Methods . Correlation S
(mm/day) (mm/day)
Auto Estimator 25.61 -0.12 23.31
10 Sept IMSRA 8.68 -0.13 2.09
2017 Non-Linear Relation 16.87 -0.12 13.82
Non-Linear Inversion 10.84 -0.12 6.17
Auto Estimator 34.06 -0.02 24.25
11 Nov IMSRA 23.36 0.04 1.92
2017 Non-Linear Relation 25.70 0.07 12.56
Non-Linear Inversion 24.09 0.006 6.04
Auto Estimator 9.97 0.05 2.83
13 Okt IMSRA 9.64 0.14 0.62
2017 Non-Linear Relation 10.12 0.16 4.94
Non-Linear Inversion 9.65 0.11 1.30
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Figure 3-4: Rainfall Bias Graph for Supadio Meteorological Station Pontianak (A. 10
September 2017; B. 11 November 2017; C. 13 October 2018)

Furthermore, on 11 November
2017, there was a decrease in the bias
value (Figure 3-4 B) at 08.00 UTC due to
actual rainfall (from AWS) reaching 108.6
mm/hour, but the cloud top temperature
was only -37.5710C. In addition, there is
an increase in the bias value at 10.00
UTC due to the low temperature of the top
cloud of -75.2899C, although the actual
rainfall (from AWS) is O mm/hour. This
was contrary to the principles that the
lower the cloud top temperature, the
higher it’s potential to produce a rainfall.
Rain events on this date indicate that low
cloud top temperatures do not always
produce heavy rains, and vice versa
(Nurasniyati et al., 2018)

The rainfall bias graph of 13 October
2018 (Figure 3-4 C) shows that there was
a significant decrease in the bias value at
06.00 UTC. This was because the cloud
top temperature at 06.00 UTC was only -
35.470 C, but produces heavy rainfall up
to 49.6 mm/hour (from AWS). This
further reinforces the notion that the

cloud top temperature only played a
minor role in the rainfall process on this
date. The rainfall process is not only
influenced by the cloud top temperatures,
but can also be
composition of the
circulation and

influenced by the
conditions and
atmosphere, local
atmospheric dynamics (Avia & Haryanto,
2013) as well as by local convection

currents (Marpaung, 2010) in Pontianak.

c. Pattimura Meteorological Station

Ambon

The statistical verification results
(Table 3-3) and Taylor diagrams (Figure 3-
S) show that the non-linear relation
method was the best for Pattimura
Meteorological Station Ambon.

The  best
estimation method for the Ambon region
is therefore different to that of the
Pontianak and Bukittinggi areas. This
could be a result of the topographical
conditions of Ambon, which affect the

dominant rainfall

process of rainfall formation. In addition,
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Ambon has a local type of rainfall pattern
characterised by the extent of the
influence of local conditions, such as the
presence of mountains, oceans, other
water landscapes, and the occurrence of
intensive local warming (Tukidi, 2010).
The condition of Ambon, which has a local
type of rainfall pattern and is heavily
influenced by
(Tjasyono and Harijono, 2013) will affect
the distribution of rain. The distribution

local characteristics

of rain will affect the characteristics of

rainfall in an area, .meaning the
estimation results will be affected

There was very intense rainfall
reaching 100.2 mm / day on 28 May
2018. Rainfall bias graph at Figure 3-6 A
shows that at 13.00, 14.00 and 16.00

UTC, the rainfall bias had decreased quite
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dramatically (underestimated). This was
because the rainfall fell to the earth's
surface came from cloud tops with the
temperatures of -36.279, -42.25 and -
35.679 C. The hours of 13.00, 14.00 and
16.00 UTC are the time when peak
rainfall occurs, with an intensity of 23,
17.4 and 16.4 mm/hour (from AWS). This
shows that the cloud top temperature
only makes a small contribution to the
process of very heavy rain. This process
can be influenced by local factors such as
wind, humidity and water
(Nurasniyati et al., 2018). There is a gap
in the rainfall bias data at 22.00 UTC,

because the Himawari-8 satellite could

vapour

not detect the cloud top temperature, so
it could be converted into rainfall by the
four methods.
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Figure 3-5: A. Taylor Diagram on 28 May 2018; B Taylor Diagram on 29 June 2018; C. Taylor
Diagram on 30 June 2018

Table 3.3 Rainfall Estimation Result at Pattimura Metetorological Station Ambon

Dates Methods BLils) Correlation LI
(mm/day) (mm/day)
Auto Estimator 5.81 0.39 1.23
28 May IMSRA 5.93 0.55 0.50
2018 Non-Linear Relation 5.13 0.58 4.67
Non-Linear Inversion 5.77 0.52 0.91
Auto Estimator 8.33 0.31 490
29 June IMSRA 7.99 0.50 0.98
2018 Non-Linear Relation 7.73 0.54 7.70
Non-Linear Inversion 8.33 0.31 4,90
Auto Estimator 6.52 0.30 0.04
30 June IMSRA 6.50 0.43 0.07
2018 Non-Linear Relation 6.13 0.47 1.00
Non-Linear Inversion 6.48 0.43 0.12
196 International Journal of Remote Sensing and Earth Science Vol. 17 No. 2 December 2020



RAINFALL BIAS GRAFH

28 MAY 2018

>

15

10 e

g

=
=]

) E:Las I[mm.( hetirs)
s

-25
0 2 4 &
Time (UTC)

g 10 12 14 16 1B 20 22 24
AUTC ESTIMATOR
IMSEA
e RELAST NON LINEAR
———THYERS] NON LINEAR

-10

Bias (mm/ hours)

-15
-20

-25
o 2 4 &

Time [UTC)

Bias (mm,/hors)

A Comparison of Rainfall...

RAINFALL BIAS GRAPH
29 JUNE 2018

o 2 4 &
Time [UTC)

& 10 12 14 15 1B 20 22 24
AUTO ESTIMATOR
IMSRA

s FELAS NON LINEAR

—— [VE RS HON LINE AR

RAINFALL BIAS GRAPH
C 30 JUNE 2018

B

B 10 12 14 15 18 20 22 24

AUTO ESTIMATOR
IMSRA
—— RELAS] NON LINEAR
—— FVERSINON LINEAR

Figure 3-6: Rainfall Bias Graph in Pattimura Meteorological Station Ambon
(A. 28 May 2018; B. 29 June 2018; C. 30 June 2018)

Furthermore, based on Figure 3-6
B, the time lag influenced the rainfall
bias. There was an increase in this bias
(overestimation) at 01.00 UTC, especially
for the auto estimator and non-linear
relation method. The different results in
the bias were caused by the estimated
rainfall results due to the low cloud top
temperature (-61.539980C), whereas the
actual rainfall (based on AWS data) was
only 2 mm/hour. In other words, this
shows that a low cloud top temperature
does not always produce heavy rain at
that time. Likewise, at 04.00 UTC, there
was a decrease in the rainfall bias
(underestimation), because the rain fell
heavily when the cloud top temperature
gradually rose to -51.70801° C from -
61.539980C. There are a data gaps in the
rainfall bias data at 00.00, 06.00 and
23.00 UTC, because the Himawari-8
satellite could not detect the temperature

of the cloud tops, so it cannot be
converted into rainfall by the four
methods.
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The rainfall bias graph on Figure 3-
6 C shows that there was a decrease in
the rainfall bias (underestimation). This
was caused by heavy rainfall (22 and 23.4
mm/hour) at 01.00 and 04.00 UTC,
although the detected top
temperatures were only -8.64404 and -
12.219970 C. The cloud observations at
Pattimura Meteorological Station showed
Cumulus (Cu) clouds at 01.00 and 04.00
UTC. In other words,
generated Cu
Cumulunimbos (Cb) ones with low cloud
top temperatures.

cloud

heavy rain is

from clouds, not

3.2 Visual Comparison Map of the

Rainfall Estimation

In the rainfall estimation map, the
blue colour shows light intensity rain,
green shows moderate rain intensity,
purple colour shows heavy intensity rain
and red very heavy/
Mapping using Google Maps API only

extreme rain.

takes one date and a certain hour of rain
events as an example.

197



Nadine Ayasha

a. GAW Bukit Kototabang Bukittingi

Light Rain Moderate Rain [ Heavy Rain -\'m Heavy Rain

drertprnenity g detooment pasones ot

W .

Figure 3-7: Mapping of Rainfall Estimation
Results on 28 June 2017 at 12.00
UTC using Google Maps API

As the IMSRA method is the best
method in Bukittinggi based on the
results and discussion in section 3.1, the
rainfall estimation result from the IMSRA
method were mapped using Google Maps
API for 28 June 2017. Based on the
rainfall estimation results in Figure 3-7, it
can be seen that the IMSRA method
produced an estimate of light rainfall in
GAW Bukit Kototabang at 12.00 UTC. In
addition, the rainfall estimation from the
IMSRA method produced the lowest
amount of rainfall in comparison to the
other three methods, but this was closer
to the actual rainfall levels.

b. Supadio Meteorological Station
Pontianak

fon Lott | Topge Hufan Sedung | Tegple Mjan Ringen

Light Rain Moderate Rain [ Heary Rain  [Jvery Beavy Ra

Figure 3-8 : Mapping of Rainfall Estimation
Results on 10 September 2017
at 10.00 UTC using Google Maps
API

As the IMSRA method is the best
method in Pontianak based on the results
and discussion in section 3, the rainfall

estimation results from the IMSRA
method were mapped using Google Maps
API for 10 September 2017. Based on the
the rainfall estimation results in Figure 3-
8, it can be seen that the IMSRA method
produced an estimate of moderate rainfall
at the Supadio Meteorological Station at
10.00 UTC.

c. Pattimura Meteorological Station
Ambon

Figure 3-9 : Mapping of Rainfall Estimation
Results on 29 June 2018 at
05.30 UTC using Google Maps
API

As the non-linear relation method is
the best method for Ambon based on
results and discussion on section 3.1, the
rainfall estimation results from non-
linear relation method were mapped
using Google Maps API for 29 June 2018.
Based on Figure 3-9, it can be seen that
the non-linear relation method produced
as heavy rainfall estimation for Pattimura
Ambon Station. Rainfall estimation using
this method produced a high level of
rainfall compared to the other three
methods. This was influenced by the
ability of the algorithm in the four
methods to estimate rainfall.

4 CONCLUSION
Based on the results and discussion
above, we can conclude that :

a. The best method for estimating
rainfall in Bukittinggi is the IMSRA
method, with an RMSE of 3.37 to
4.95 mm/day, a correlation
coefficient of -0.24 to 0.15 and a
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standard deviation of 0.25 to 0.79
mm/day.

b. The best method for estimating
rainfall in Pontianak is the IMSRA
method, with an RMSE of 8.68 to
23.36 mm/day, a correlation
coefficient of -0.13 to 0.14 and a
standard deviation of 0.62 to 2.09
mm/day.

c. The best method for estimating
rainfall in Ambon is the non-linear
relation method, with an RMSE of
5.13 to 7.73 mm/day, a correlation
coefficient of 0.47 to 0.58 and a
standard deviation of 1.0 to 7.7
mm/day.

d. The conclusion from the visual
comparison map of the rainfall
estimation shows that it can clearly
describe the types of cloud and the
results of the estimated rainfall.

e. The physiographical conditions of
Indonesian territory, such as its
latitude, altitude, wind patterns
(trade  and
distribution of land and waters, and
mountains have an effect on
variations and types of rainfall in the
country (equatorial, monsoon and

monsoon  winds),

local types), including rainfall
estimation.

f. In further research, it will be
necessary to process satellite data
and considerable rainfall data (1-5
years), because this study
investigates whether different
topographies affect the results of

rainfall estimation in each region.
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Abstract. The Sunda Strait tsunami occurred on the coast of west Banten and South Lampung at 22nd
December 2018, resulting in 437 deaths, with 10 victims missing. The disaster had various impacts on
the environment and ecosystem, with this area suffering the greatest effects from the disaster. The
utilisation of remote sensing technology enables the monitoring of coastal areas in an effective and low-
cost manner. Shoreline extraction using the Google Earth Engine, which is an open-source platform
that facilitates the processing of a large number of data quickly. This study used Landsat-8 Surface
Reflectance Tier 1 data that was geometrically and radiometrically corrected, with processing using the
Modification of Normalized Difference Water Index (MNDWI) algorithm. The results show that 30.1% of
the coastline in Pandeglang Regency occurred suffered abrasion, 20.2% suffered accretion, while 40.7%
saw no change. The maximum abrasion of 130.2 meters occurred in the village of Tanjung Jaya.
Moreover, the maximum shoreline accretion was 43.3 meters in the village of Panimbang Jaya. The

average shoreline change in Pandeglang Regency was 3.9 meters.

Keywords: Landsat-8, Google Earth Engine, Abrasion, Tanjung Jaya, MNDWI

1 INTRODUCTION directly opposite Pandeglang Regency.
The tsunami disaster occurred on Therefore, there is a need for efforts to
the coast of the Sunda Strait, including minimise the impact on and inventory
the coasts of Pandeglang, Serang and changes to coastal areas in the
South Lampung Regency. The tsunami management and protection of coastal
occurred on December 22th, 2018 at ecosystems for sustainable development.
21:27 local time (UTC + 7), the result of Remote sensing techniques are currently
an underwater landslide after the being developed in various fields,
eruption of Mount Anak Krakatau. At the enabling efficient and low-cost
same time, there was a high tide due to monitoring, including that of coastal
the influence of the full moon. According zones. These are one of the most dynamic
to BNPB (2019), the impact of the environments on the earth’s surface
tsunami resulted in the deaths of 437 because of natural and anthropogenic
people, with 10 missing and 31,943 effects (Goncalves, Duro, Sousa &
injured Figueiredo, 2015). The increasing
Pandeglang Regency is located on volcanic activity of Anak Krakatau in
the west coast of Banten in subduction 2018 raised concerns about a major
zone. The zone originates from the disaster in the area around the Sunda
meeting of the Indo-Australian plate and Strait, with the potential to spread in
the Eurasian Plate. Besides earthquakes, all directions. Therefore, the shoreline
there are active volcanoes that can cause faced a potential major impact from the
damage, either man-made or natural. volcanic activity in the area.
Mount Anak Krakatau is an active The increase and decrease in the
vulcano in the Sunda Strait, located coastal area each year can be calculated
201
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and monitored. In most coastal areas,
natural changes occur more rapidly than
in other environments, apart from areas
subject to earthquakes, floods and
volcanoes. There are two kinds of
change : changes

and backward changes

shoreline forward
(accretion)
(abrasion). The former is characterized by
indications of deposition and/or merger.
However, the coastline is said to be
retreating if there is a process of abrasion
and/or submergence (Sudarsono, 2011).

A shoreline is defined as a line of
contact between land and a body of water.
Although is easy to define, it is difficult to
capture because of the natural variability
of water levels (Bartlett, 2004). A
shoreline which can be detected by
remote sensing is tide-coordinated
shoreline, which is an extraction from a
specific tide water level. Water indices are
mathematical models which enhance
water signals for a given pixel in images
obtained from visible/middle infrared
scanning sensors (El-Asmar et al., 2010).
Shoreline change can be determined by
comparing two or more shorelines at
different times. A significant change can
result in changes to landscapes, which
could have environmental and social
impacts.

Google Earth Engine (GEE) is a
cloud computing platform designed to
store and process huge data sets (at
petabyte-scale) for analysis and ultimate
decision making (Mutanga, 2019). The
platform allows users to create and run
special algorithms and fast computations
and is equipped with many open-source
datasets that are linked to cloud
computing engines, one of which is
Landsat-8 medium resolution satellite
imagery.

The mission of Landsat-8 has the
primary objective of record an area of the
earth's surface globally every 16 days. It

was launched in 2013. The satellite is
equipped with an OLI sensor with eight
different bands with a spectral resolution
of 30 meters, one band with a spectral
resolution of 15 meters, and a TIRS
sensor with two bands of 100 meter
resolution.

2 MATERIALS AND METHODOLOGY
2.1 Location and Data
This research on shoreline changes
Cigeulis and
Pandeglang

was conducted in
Panimbang
Regency, Banten Province, which were
the areas affected by the Sunda Strait
tsunami. The research area is directly
adjacent to the Sunda strait and within +
52 kilometers of the centre of the tsunami

source, Mount Anak Krakatau.
Research Location Map

% ® Tangerang
Jakarts
okdie Saliy

Bogor

districts,

Figure 2-1: Research location map

The data used in the study were
administrative boundary data  of
Pandeglang Regency, obtained from
https://tanahair.indonesia.go.id/.

Landsat 8 Surface Reflectance Tier
1 satellite image data from the database
of the Google Earth Engine were used so
that geometric and radiometric
corrections were no longer needed. The
satellite imagery used were from 16 July
2019 and 13 July 2018. The required data
were tide prediction data, bathymetric
data, and Digital Elevation Model (DEM)
data, obtained from

http:/ /tides.big.go.id/.
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2.2 Method

The method used in the research
consisted of the preparation stage, the
data processing stage, and the analysis
stage.

Landsat-8 Satellite Administrative
images before and boundary of
after tsunami Pandeglang district

MNDWI Computt.ng |

1

Shoreline extraction with
a threshold value of 0

l

Change calculation using
DEAS

l

| Analysis |

Figure 2-2: Research flow diagram

The first stage of the research was
preparation, consisting of a literature
review and data collection. The satellite
image data used was Landsat-8 Surface
Reflectance Tier 1 satellite imagery. These
satellite image data are available from
April 2013. The characteristic spectrals of
Landsat-8 imagery are given in Table 2-1.

Table 2-1: Characteristic spectrals of
Landsat-8 images

Spectral Characteristics

Landsat 8 Length(pm)
Band 1
Coastral/ 0.435-0.451
Aerosol
Band 2 Blue 0.452 - 0.512
Band 3 Green 0.533 - 0.590
Band 4 Red 0.636 — 0.673
OIL Band 5 NIR 0.851 - 0.879
Band 6 SWIR-1 1.566 —1.651
Band 7 SWIR-2 2.107 —2.294
Band 8
Panchromatic 0.503 - 0.676
Band 9 Cirrus 1.363 - 1.384
TIRS Band 10 TIRS-1 10.60-11.19
Band 11 TIRS-2 11.50-12.51

Shoreline changes. ..

The data processing stage was
performed using the Google Earth Engine,
and included the importing of data on the
boundaries of the research area and the
Landsat-8 Surface Reflectance Tier 1
image. The
geometrically and
corrected (surface reflectance) and was
cropped according to the research area of
interest (AOI) for further analysis.

satellite image was

radiometrically

Landsat-8 Imagery of the Study Area

Figure 2-3: Landsat-8 imagery of the study area

Determination of the shoreline was
Modification  of

Water
algorithm, which is more

made using the

Normalized Difference Index
(MNDVI)
sensitive to water features mixed with
vegetation than Normalized Difference
Water Index (NDWI) algoritm due to its
positive values (Singh et al., 2014). The
algorithm uses Landsat TM and ETM*
images, as shown in equation (1) (Xu,
2006).
Green—MIR

MNDWI = Green+MIR (2_1)

where: Green: Green band
MIR: Medium infrared band
However, because the satellite
imagery used was Landsat-8 Surface
Reflectance satellite images which were
processed from the Landsat-8 OLI/TIRS
sensors, equation (2) was used (Ko et al.,
2015):
Green—SWIR

MNDWI = Green+SWIR (2-2)

where: Green: Green band
SWIR1: Shortwave infrared 1 band
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The bands used in this algorithm
were band 3 (green), which has a
wavelength of 0.533-0.590 pm, and band
6 (SWIR1), which has a wavelength of
1.566-1.651 pm. Both of bands have a
spatial resolution of 30 meters. Using the
MDWI algorithm, accurate classification
of land and water can be made. MNDWTI is
a modification of NDWI using the Green
band and the middle infrared (MIR) band.
The MNDWTI algorithm provides accurate
extraction of open water features, as the
built-up land, soil and vegetation are all
negative values and thus are notably
suppressed or even removed. Water
classification using the MNDWTI algorithm
shown a high brightness value with a
range between O and 1, with the value of
non-water very low, within a range of
and 0. Therefore, the
algorithm could recognise the water
bodies, the rocky coast and the shoreline.

Calculation of shoreline change can
be made wusing the DSAS (Digital
Shoreline Analysis System). This is a
freely available software application that
works within the ArcGIS software and

between -1

computes rate-of-change statistics for a
time series of shoreline vectors (Thieler et
al., 2009), which is particularly useful for
the evaluation of coastal retreat or
accretion rates. A series of transects were
cast at right angles from a defined
baseline, and the points intersecting all
the target lines were used for the
calculation of distances and rates of
shoreline changes (Gomez et al., 2014).
The results of the
extraction obtained from the Google Earth

shoreline

Engine were exported and processed
using DSAS. In this processing, a transect
line that was perpendicular to the
coastline was used at intervals of 50
DSAS, the method of
calculating the distance change analysis

meters. In

for each coastline uses the Net Shoreline
(NSM) method,  which
measures the distance of the change in

Movement

the shoreline between the oldest and the
newest shoreline (Thieler et al., 2009).
The NSMs were calculated as the distance
of the shoreline divided by the time
elapsed between the baseline and the
most recent shoreline. The results of this
processing obtained the amount of
change in the shoreline of each transect
line.

The analysis stage was conducted
by comparing the differences in the
pattern and position of the coastline
before and after the tsunami and based
on processing data, predictive tide data,
digital elevation model (DEM) data, and
bathymetric data. The processed data was
corrected for mean sea level (MSL).
Correction was made from the difference
between the water level and the MSL,
divided by the tangent of the coastal slope
angle. The coastal slope was obtained
from the DEM and bathymetric data. The
following was the correction formula for
MSL (Prastyo, 2019).

B

ARecord sea-level
a position

MSL

Figure 2-4: Tide correction

B

tana

r= (2-3)
where: r: tide correction
B: difference in the record sea level
position and MSL
a: angle of the beach slope

3 RESULTS AND DISCUSSION

The research on shoreline changes
resulting from the Sunda Strait tsunami
using the Google Earth Engine was
conducted in the coastal areas of Cigeulis
and Panimbang districts, Pandeglang
Regency, Banten Province. This area
experienced the highest tsunami, a runup
type of up to 14 meters.
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In the study, shoreline extraction
was conducted in 2018 and 2019 and
compared so that the horizontal position
differences from the coastline were
ascertained. The coastline was identified
from the Landsat-8 satellite imagery,
analysed using the Google Earth Engine
with the MNDWI algorithm, resulting in
the different appearance of the extraction
results, as shown in Figure 3-2.

Figure 3-2: a) Satellite imagery from 2018; b)
coastline extraction results from
2018; c) satellite imagery from
2019; d) shoreline extraction
results from 2019.

In the shoreline extraction, there
were differences between the extraction
results of the 2018 and 2019 images.
These were quite varied in each region.
The following were figure. 3-3 shows the
results of the 2018 and 2019 coastline
overlay from the calculations using the

Shoreline changes. ..

MNDWI algorithm in Tanjung Jaya
village.

. r;

Figure 3-3: Shoreline extraction overlay,
2018 and 2019

Shoreline changes were observed
from the coastline overlay from 2018 and
2019. The changes that occurred at the
research location due to the Sunda Strait
tsunami varied not only in abrasion but
also accretion. Tsunami waves hitting
land can damage the coast and cause
deformation to it, so abrasion can occur.
However, tsunamis can also carry and
drag land material,
sedimentation in coastal areas and
accretion. Shoreline changes occur more
easily on a gentle slope, where the water
level tends to move horizontally. In the
study area, the slope of coastal tended to
gently, with a slope of below 30°.

The water level at the time the image
was taken was 0.095 m in the 2018 image
and 0.077 m for the 2019 image. The
result of tide correction made showed that

causing

did not have a significant impact
compared to the spatial resolution of the
image, which was 30 meters. This caused
the tide corrections to be excluded from
the study. The difference in shoreline
position before and after the tidal
correction could be ignored because
visually the difference was only 0.018 m,
which is not significant.Changes to the
shoreline identifiedby DSAS found that
the study area had experienced abrasion,
accretion and constant on the shoreline.
DSAS processing used the NSM method
with 909 transect lines. The shoreline
changes are illustrated in Figure 3-5.
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Changes to the shoreline identified
by DSAS found that the study area had
experienced abrasion, accretion and
constant on the DSAS
processing used the NSM method with
909 transect lines. The shoreline changes

shoreline.

are illustrated in Figure 3-5.

In Pandeglang Regency, there was a
change in the coastline of 30.1% from
abrasion and 20.2% from accretion, while
the remaining area did not have any
change. A maximum abrasion of 130.2

206

meters occurred in the village of Tanjung
Jaya, while a maximum accretion of 43.3
meters was experienced in the village of
Panimbang Jaya.

In Banyuasih village, the average
change in the shoreline was -1.2 meters,
while Tanjung Jaya village experienced an
average change of -5.3 meters, Citeureup
village of -8.0 meters, Mekarsari village of
-9.4 meters, and Panimbang Jaya of 8.0
meters.
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The shoreline changes were
dominated by less significant changes,
with 564 transect lines on values ranging
from-15 to 15 meters. This was followed
by classes -45 to-15 with 190 transect
lines and classes 15 to 45 meters with
In Pandeglang
Regency, the change in the coastline due

130 transect lines.

to the Sunda Strait tsunami was an
average of 3.9 meters of abrasion

From these results, it is clear that
there is the need for effective land cover
management to take steps to minimise
damage to coastal areas. In areas that
occurred abrasion, it is necessary to plant
mangrove trees as a measure for coastal
conservation. It is also important to
monitor changes to coastal areas as a
basis for taking action in those that
require attention. These efforts are
important to maintain the resource
wealth of coastal areas.

4 CONCLUSION

The analysis found that 30.1% of
the coastline on the coast of Pandeglang
Regency suffered abrasion and 20.2%
suffered accretion, while 40.7% did not
change. A maximum abrasion of 130.2
meters occurred in the village of Tanjung
Jaya, while maximum accretion of 43.3
meters was experienced in the village of
Panimbang Jaya. The average change in
the shoreline in Pandeglang Regency was
3.9 meters. Therefore, a good land cover
arrangement, such as planting mangrove

Shoreline changes...

trees in areas of abrasion, and monitoring
to maintain resources in coastal areas are
necessary.
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Abstract. Bathymetry refers to the depth of the seabed relative to the lowest water level. Depth
information is essential for various studies of marine resource activities, for managing port facilities and
facilities, supporting dredging operations, and predicting the flow of sediment from rivers into the sea.
Bathymetric mapping using remote sensing offers a more flexible, efficient, and cost-effective method
and covers a large area. This study aims to determine the ability of PlanetScope imagery to estimate and
map bathymetry and to ascertain its accuracy using the Stumpf algorithm on the in-situ depth data.
PlanetScope level 3B satellite imagery and tide-corrected survey data are employed ; satellite images are
useful in high-precision bathymetry extraction. The bathymetric extraction method used the Stumpf
algorithm. The research location was Kemujan Island, Karimunjawa Islands, Central Java. The selection
of this region was based on its water characteristics, which have a reasonably high variation in depth.
Based on the results of the data processing, it was found that the PlanetScope image data were able to
estimate depths of up to 20 m. In the bathymetric results, the R2 accuracy value was 0.6952, the average

RMSE value was 2.85 m, and the overall accuracy rate was 71.68%.

Keywords: marine resources activity, Stumpf algorithm, Karimun Jawa Island, remote sensing, water

characteristics
1 INTRODUCTION One of the technological
Nowadays, bathymetric technology developments in bathymetric

development is becoming well known in

mapping for  scientific = purposes,
including fisheries management, tsunami
propagation modeling, and in the oil-gas
industries. Previously, bathymetric data
were only used for navigation purposes
because of the very high cost of the
research equipment (such as multibeam
and single-beam echosounders and side
scan sonar), survey vessels and personal
expertise as well as the length of time
involved. However, some coastal areas
cannot be accessed by the survey vessels
because the water depth is shallow,
making that type of measurement

inefficient.

http://dx.doi.org/10.30536/j.ijreses.2020.v17.23445

measurement is that of remote sensing
using a multispectral or hyperspectral
sensor. This type of satellite imagery
helps obtain information in areas that are
difficult to access by survey vessels. The
depth information obtained by analysing
satellite imagery is known as Satellite-
(SDB).
multispectral sensors, some studies have

Derived  Bathymetry Using
employed satellite imagery with a high
spatial resolution of more than 30 m,
such as that from Landsat, SPOT,
IKONOS, and WorldView. Satellite images
are useful in high-precision bathymetric

extraction.
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This study uses PlanetScope satellite
imagery with a 3 m spatial resolution to
extract water depth. There are three levels
of PlanetScope imagery: basic scene (Level
1B), ortho scene (Level 3B), and ortho tile
(Level 3A) (Planet Lab Inc., 2020). An
orthorectified scene is shown visually
(RGB) and analytically as a digital
number (DN), radiance, and surface
reflectance (SR). Poursanidis, Traganos,
Chrysoulakis, & Reinartz (2019) were the
first to attempt to employ Planet data in
SDB for fine and accurate bathymetric
prediction. The basic concept of SDB is
that light transmission depends on the
exponential wavelength, penetration and
attenuation in the water in relation to the
depth. According to Pe'eri et al. (2014),
350 nm (ultra-violet) - 700 nm (red) is the
range of the light wavelength that is less
capable of being attenuated in seawater.
However, wavelengths greater than 700
nm (near-infrared) are less sensitive in
seawater and are suitable for reflecting
land and water boundaries.

The novelty of this research is the
use of PlanetSope imagery with the
Stumpf algorithm for bathymetric
extraction in the Karimunjawa islands.
PlanetScope satellite imagery data is
rarely used in Indonesia, two of the few
previous examples being the studies of
Gabr et al. (2020) and Waskito dan
Wicaksono (2019). This
conducted in Kemujan Island waters,
Karimunjawa Islands, using the Stumpf
algorithm method. Stumpf et al. (2003)
developed a ratio model comparing two

study was

bands of water reflectance factors. They
assumed that using a two band
comparison would decrease the albedo
effect of water, a problem found in
bathymetric mapping. This study aims to
determine the ability of PlanetScope
imagery in
estimating and mapping bathymetry and

multispectral  satellite

to establish the accuracy of water

bathymetry using the Stumpf algorithm
and PlanetScope imagery on the in-situ
depth data. The results of the research
will be very useful for the management of
coastal areas and
especially the Karimunjawa Islands.
Furthermore, bathymetric information
can be used to assist in determining ideal
zones for marine tourism, conservation
zones and other zoning in an effort to
improve the sustainability of coastal

small islands,

resources.

2 MATERIALS AND METHODOLOGY
2.1 Location and Data

The research area was Kemujan
Island, located in the Karimunjawa
Islands. Administratively, it is included in
Jepara District, Central Java, Indonesia
(Figure 2-1).

The data used was PlanetScope
Level 3B imagery. This is an analytic
ortho scene, on which orthorectification
has been conducted and projected into
the Universal Transverse Mercator (UTM).
Level 3B was also conducted on surface
reflectance (SR) so as not to need
atmospheric correction. The imagery data
were acquired on August 25, 2019, and
the band information is presented in
Table 2-1.

Figure 2-1: Study Site: Satellite image of
Karimunjawa  islands. The
yellow dots show the depth
measurement data.
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Table 2-1: PlanetScope image band information. (Source: Planet Lab Inc., 2020)

Band Number Description Wavelength (pm) Spatial Resolution
Band 1 Blue 0.455-0.515
Band 2 Green 0.500-0.590 3m
Band 3 Red 0.590-0.670
Band 4 Near-infrared 0.780-0.860

2.2 Data Standardisation

PlanetScope imagery that has been
converted becomes SR, which is followed
by a masking process. This process is
conducted to cover the land area, and
radiometric correction is performed to
reduce the radiometric distortion in the
image. Water masking is performed using
band 2 (Green) and band 4 (NIR) to focus
on the study and reduce the imagery
process load. Both bands
designed to maximise the reflectance of
the water body in the green band and to
minimise it in the NIR band (Sun et al.,
2012).

are also

2.3 Methods
2.3.1 Bathymetric Estimation

According to Muzirafuti et al.
(2020), the ability of satellite sensors to
collect water information in multispectral
bands allows for research on bathymetry.
A methodological bathymetric approach
using two spectral bands (blue and green)
in conjunction with in situ bathymetry,
taking into account the quality of water
and the propagation of light through the
water column has been proposed by
Stumpf et al (2003). Although most near
infrared light is absorbed by clear water,
it is still a useful parameter for the
land/water boundary extraction process
(Jensen, 2007). Green and blue light
penetrate the water column and are
exponentially attenuated as the water
depth increases, leading to the principle
of bathymetric extraction (Gao et al.,
2007).

The method depth
estimation through PlanetScope imagery
uses an algorithm developed by Stumpf et

of water

al. (2003). This method applies the basic
principle that each band has a different
absorption rate in the water column.
These different rates will generate ratios
bands, which will
consistently change simultaneously when
the depth changes. Bands with a high
absorption rate will continue to decrease

between the

as the depth increases. Equation (2-1)
shows the Stumpf algorithm:

__ InnR(A;)) (2-1
- ™M InmRA) )

where Z = depth estimation; mi, mo

= the of the

regression results; n = constant; R(A1,2) =
radiant for the A; and A, spectra.

Therefore, to obtain the estimated

constant coefficients

depth from the regression results of the
reflectance value ratio in each band used,
equation (2-1) can be re-written according
to the linear regression equation to
become:

Y=aX+b (2-2)

Where a = coeffiicent mi; b =
coefficient mo; and X = the ratio results of
the band reflectance value.

Calculation of the  Stumpf
algorithm produces the bathymetry of
Kemujan Island in a raster (2D). ArcScene
is a tool from ArcGIS that specialises in
3D visualisation; using it, bathymetry in
a 2D raster can be displayed in 3D.

2.3.2 Accuracy Test

Accuracy assessment is an
essential step in the data processing of
data

informatively. An accuracy test of the

remote sensing, generating
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depth estimation value is conducted by
measuring the Root Mean Square Error
(RMSE) and the Confusion Matrix.

RMSE is generated from the average
root of the error square number between
field wvalue differences and imagery
processing result values, and is expressed
in meters (m). A lower RMSE value shows
a better equation model of depth
estimation (Nurkhayati, 2013). RMSE is
defined as the error rate in the prediction
results; as it becomes lower (close to 0),
the prediction results will be more
accurate (Suprayogi et al., 2013). RMSE
can be calculated using equation (2-3):

(2-3)
RMSE (m) =

where e is the difference between the
imagery depth value (Vti) and the field
depth value (Vai), and n is the number of
depth points used for the validation.

The confusion matrix puts the
values from the in-situ data into columns
and the estimation data into rows. The
diagonal part of the matrix displays the
correct classified pixel value. One of the
bases for the accuracy test is overall
accuracy (OA) by calculating the number
of correct pixel divisions compared to the
total number. Besides OA, individual
class classification accuracy can be
calculated by producer accuracy (PA) and
user accuracy (UA). PA is obtained by
dividing the number of correct pixels in a
class by the number of pixels obtained
from the in-situ data (column total). When
the pixels in the estimation data are
correct, a class is divided by the total
number of estimation data pixels (row
total), a calculation which is known as
user accuracy (UA) (Banko, 1998).

3 RESULTS AND DISCUSSION

The combination of the Blue and
Green bands in the PlanetScope imagery
is used to calculate the depth estimation.
The use of the Blue/Green band ratio is
to normalise the primary reflection effect
change due to the water column. In the
PlanetScope imagery, the Blue/Green
bands are on bands 1 and 2. Figure 3-1
shows the relative depth ratio generated
from the
obtaining a ratio value of 14.38 to 67.13.
In the colour distribution in the map, light
blue is assumed to represent shallow
water, and dark blue quite deep water.

imagery data processing,

The low-value distribution is located near
the land, which is then surrounded by the
high-value distribution.

Figure 3-1: Relative depth results using
bl/b2

The relative depth results were
entered into the in-situ data, and then the
regression calculation was made. The
ratio of the regression value of both bands
and the in-situ data form the regression
graph in Figure 3-2.

10.00
31/82

Figure 3-2: Regression model graph from the
relative depth results
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The function of the regression is
used to determine the depth value using
the regression equation:

Y = -1.1603x + 53.988 (3-1)

The equation results are then
entered into the Stumpf algorithm to
obtain absolute bathymetric values.
Bathymetric data from the processing
results in satellite imagery cannot be
used directly because the data are
lacking. The data regarding absolute
depth were entered into the in-situ data.
The corrected data were then compared
with the in-situ measurement data to
observe the accuracy value. The
bathymetry estimation results generated
negative values under O, with a maximum
value generated of 13.8 m. Therefore,
depth values wunder O (zero) were
eliminated from the bathymetry map
because it is a depth value with a high
error rate. This is confirmed by

Nurkhayati (2013), who states that depth

Bathymetric Extraction...

values under O should be eliminated
because they are values with relatively
high bias. The bathymetry map is shown
in Figure 3-3.

The bathymetry map classification
is oriented towards the results of absolute
depth, resulting in four classes. The
regression results (Figure 3-4) obtained a
determination coefficient value (R2) of
0.6952, showing that absolute depth
could explain 69% of the in-situ depth
values. R-Square (R?) is between O and 1;
a number closer to 1 is better.

y = L6207x-4.4094 .
R7=0.6952 o0

Insitu (m)

Figure 3-4: Regression model graph from the
absolute depth results

Wo-2

(b)

Depth (m)

Figure 3-3: Absolute depth results using the Stumpf algorithm: (a) 2D and (b) 3D
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Table 3-1. Accuracy test calculations using the confusion matrix

Insitu(m)
User
0-2 2.1-5 5.1-10 >10 Total Accuracy
(%)
Extraction(m)
0-2 2 1 3 67
2.1-5 8 8 100
5.1-10 8 31 17 56 55
>10 6 40 46 87
Total 2 17 37 57 113
Producer Accuracy (%) 100 47 84 70 _ﬁ

An accuracy test was conducted to
establish the accuracy of the bathymetric
data generated by the imagery processing.
Such tests are generally performed to
compare data generated from the analysis
of remote sensing and from field surveys
(Siregar et al., 2008).

Table 3.1 shows that the matrix of
theoretical confusion (the error matrix) of
the
PlanetScope satellite imagery. Columns in
the matrix show the pixel class and the
(in-situ),
represent the pixel class of the estimation
results by image. The diagonal part of the
table the
classification.

bathymetric  estimation  uses

actual value while rows

shows correct pixel

The highest accuracy based on the
producer and user accuracy values was
100% at depths of 0 - 2 m and 2.1 - 5 m
respectively. In contrast, the overall
accuracy (OA) value reaches a good level
of 71.68%. The OA value is obtained by
dividing the number of correct pixels (on

the diagonal) by the total number.

4 CONCLUSION

The study has illustrated the depth
of Kemujan Island waters in 2D and 3D.
The Stumpf algorithm in the PlanetScope
image data processing can estimate
depths of O to 20 m. In the accuracy test
calculation, the R2 value was 0.6952; if
this figure approaches 1, the estimation
results are better. Based on the results,

PlanetScope imagery is suitable and
recommended for wuse to extract
214

bathymetric information. The accuracy
test with the confusion matrix calculation
was classified into four bathymetry
classes, with an overall accuracy value of

71.68%.
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