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Abstract

The state of water quality around Panggang Island, Seribu Islands, in recent
decades, experienced degradation caused by human activities. The parameter of
the diffuse attenuation coefficient (Kd) is an important optical property-related
attenuation of light in the water column and its brightness. Landsat 8 data has the
potential to map the value of Ka(490) in regional waters in Indonesia. Landsat 8
data could provide solutions to spatial data availability of Kq4(490) values in addition
to Ocean Color data. This research aimed to develop an empirical algorithm of
Landsat 8 data to derive Kd4(490) value, that can be used as tools for monitoring
water quality optically on a regional scale, which could not be done by Ocean Color
data that has spatial resolution limitation. The in-situ measurement of radiometric
data was done using the TriOS-RAMSES hyperspectral spectroradiometer with a
range of 320 — 890 nm and a spectral sampling of 3.3 nm shallow-waters around
Panggang Island. The development of the Ka(490) algorithm was done by
simulation on the ratio of Green, and Near-infrared band has great determination
values with Ka(490) empirically. That empirical algorithm can be applied on Landsat
8 data to derive its values. Itis also noted that the shallow-waters around Panggang
Island, dominant affected by absorption of chlorophyll-a rather than scattering by
suspended solids.
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1. Introduction

In recent decades, the state of Seribu Island had
been experienced degradation caused by human
activities, such as fishery and recreational activities.
Had been known that water quality in the waters
around Seribu Island decreases due to an increase
in human activities from the Jakarta Bay and shipping
activities from Jakarta Bay to Seribu Island. One of
the water quality that has been changed over time
was water transparency. Parameters of water
transparency can be monitor by approaching of
remote sensing technology, such as the diffuse
attenuation coefficient. The study of diffuse
attenuation coefficients to determine the degree of
water transparency based on the light attenuated into
the water column has generally been done by the
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Ocean Color research community around the world
(IOCCG 2000; IOCCG 2006). In Indonesia, the
development of remote sensing technology for ocean
color monitoring (Ocean Color) is commonly done.
Ocean Color data has wide usage in Indonesia
because of geographical conditions in Indonesia,
consisting of hundreds of small islands that are
widespread. In addition to being used for monitoring
on extensive coverage area, Ocean Color data is
also being used to extract information at small
geographic coverage in an area, such as the
application of the change in diffuse attenuation
coefficient (Kd(490)) over Seribu Island, DKI Jakarta,
Indonesia.
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Diffuse attenuation coefficient, Kad(A) from
downwelling irradiance, Ea(A), is one of seawater
apparent optical properties that related to process of
solar light penetrated through water column and
availability of the aquatic system; also Ka(A)
specifically at 490 nm or Kd(490) is considered as
proxy or limits to classified water cases (Jerlov 1976;
Salama and Verhoef 2015; Wang et al. 2009). Ka(A)
is one of the important parameters of seawater,
which provides information on the availability of light
in water column, and the level of light attenuated
trough water column (Lee et al. 2005; Kirk 2011,
Prasetyo et al. 2017).

One of the most popular marine remote sensing
sensors commonly used to monitor or derived
information about seawater or its column in Indonesia
was MODIS-Aqua. MODIS-Aqua has a relatively
large of spatial resolution, covering 250 m for Band 1
and 2, 500 m for Band 3 through 7, and 1 km for
bands 8 to 36. The advantages of MODIS-Aqua
sensors is large and wide area of coverage and has
good of temporal data, so the researcher could
monitor the wide area and in a daily basis, even in
near-realtime (Hendiarti et al., 2006). MODIS-Aqua
for usages of water transparency monitoring based
on diffuse attenuation coefficient at 490 nm, Kq(490),
for areas with local coverage have disadvantages, i.e
the spatial resolution was too broad, so the
information that retrieved becomes less or not
enough to study the patterns of Kq(490) over small
area such as in shallow-waters around Panggang
Island.

The existence of the Landsat 8 Operational Land
Imager (OLI) imagery data provides a potential for
mapping and calculating the value of Kq(490) over a
small area in Indonesia waters, one of them in the
waters around the Panggang Island of Seribu Island,
DKI Jakarta. Landsat 8 OLI carrying sensors with a
medium spatial resolution with a 30 m and has a wide
area of the swath, Landsat 8 OLI data suitable for use
as an input to monitor the water quality such as the
value of Kda(490) (Lymburner et al. 2016; Pahlevan
and Schott 2013; Zheng et al. 2016). Based on the
results of the previous research that's been done on
the monitoring of water quality parameters over
Indonesia sea by using Landsat 8 OLI, such as
mapping of total suspended solids (TSS) and the
water clarity in the oceanic waters and coastal waters
has been done successfully (Parwati and Purwanto
2017; Arief 2017). Also, the previous research about
the retrieval of Kd(490) values based on Landsat 8
OLI data has been done successfully over inland
turbid waters on Dongting Lake, China (Zheng et al.,
2016). That previous research gave us opportunities
for the utilization of Landsat 8 OLI imagery data that
can be used as inputs for monitoring Kq(490) over a
small area in Seribu Island, DKI Jakarta, Indonesia.

The purposes of this research is to develop an
algorithm of Landsat 8 OLI to derive Kq(490) data in
a regional scale that cannot be filled by using Ocean
Color data because its limitation on spatial resolution,
and to find out about the variability and patterns of
the attenuation coefficient value in the waters around
Panggang Island lagoon and Karang Lebar lagoon
on Seribu Island, DKI Jakarta based on the Kq(490)
algorithm of Landsat 8 OLI.
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2. Methods
2.1 Study Area

The field measurement was conducted on
shallow waters around Panggang Island lagoon and
Karang Lebar lagoon in Seribu Island, DKI Jakarta,
Indonesia. Geographically the location of the
research lies in the longitude 5°43'00” — 5°46°00” and
in the latitude 106°33'30” — 106°37°30”. Point of field
measurement determined using line transect
methods. Field measurement of optical properties
was conducted in April 2016. There is six line transect
which determined using stratified random sampling
methods with the assumption that shallow waters
around the lagoonal area has several groups of depth
level, on the middle, on the edges and on the outside
of lagoon (Figurel).
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Fig. 1. Research locations

2.2 Data collection

This research is a further research from previous
research that was done by Prasetyo et al. (2017)
where the measurement is carried around of
Panggang Island lagoon and Karang Lebar lagoon
that was performed in April 2016. The data were
used in this research were water quality parameters
consisting of chlorophyll-a, suspended solids and
radiometric data from an in-situ measurement. Also,
we used the selected Landsat 8 OLI data to derive
Ka(490) values by using the new developed
algorithm. The data collection procedure will be
described as follows.

2.2.1 Water characteristic measurement

The measurement of water characteristics was
conducted on our research location are water depth
were done by using sounder gun, water transparency
was done by using Secchi-disc, and also water
sample was taken from water column (range 1-20 m)
using Van-Dorn water sampler to be analyzed in the
laboratory. The laboratory analysis was carried out to
determine the concentration of chlorophyll-a and total
suspended solid (TSS). The purposes of analyzing
chlorophyll-a and TSS concentration to assess the
influences of Kd(A\) values to absorption and
scattering of light in the water column (Prasetyo et al.
2017; Prasetyo et al. 2018).
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2.2.2 Landsat 8 OLI imagery data acquisition

Monitoring on a temporal basis was conducted to
study patterns of Kaq(490) values over time. The
selected temporal time that we are using was at
2015, 2016, and 2017 with the location Path/Row
122/64. The data that acquired at 2016 was in near
time with in-situ measurement (Approximate time
differences was 15 days) to tested out the
performance of the new algorithm. As for the data
that was selected for each of those years was the
scene with the criteria of the lowest cloud cover and
nearest to the time of in-situ measurement, scene
chosen for use in this study are presented in Table 1.

Table 1. Selected scene of Landsat 8 OLI.

Year Scene ID Acquisition
Date
2015 LC81220642015147LGNOO 27 Mei 2015
2016 LC81220642016134LGNOO 13 Mei 2016
2017 LC08_L1TP_122064 201705 16 Mei 2017

16_20170525_01_T1

The selected scene then corrected radiometric
and atmospheric to change the digital number (DN)
into corrected reflectances values. According to
Landsat 8 handbook provided by U.S. Geological
Survey (2016), the correction method was
performed.The atmospheric correction is done by
performed Dark Pixel methods or Dark Object
Subtraction. This atmospheric correction method
assumes that Rrs(A) values that are sensed by the
satellite sensor are affected by the atmospheric
condition (Budhiman et al. 2013; Vanderstraete et al.
2004; Green et al. 2000). Dark Object Subtraction
methods use the assumption that minimum pixel
values that appeared other than zero are assumed
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from the atmosphere. Then, all pixel on the scene has
to be subtracted by all minimum values (Jaelani et al.,
2015; Lubis et al., 2017).

2.2.3 Radiometric data

The radiometric data that were used in this
research consist of surface radiance, Lu(A), sky
radiance, Lsky(A), and downwelling irradiance, Ea(A).
Three of them are then processed into remote
sensing reflectances, Rws(A), and also diffuse
attenuation coefficient, Ka(A). The radiometric data
were measured by using a Hyperspectral
Spectroradiometer sensor from TriOS-RAMSES,
which belongs to Remote Sensing Applications
Center of National Institute of Aeronautics and Space
of Indonesia (LAPAN), Jakarta, Indonesia. The data
were recorded by a software called Multi-Sensor
Data Acquisition (MSDA_XE ver. 8.9.2 2014-04-28),
which was provided by TriOS GmbH and the data
were radiometric calibrated by a constant that comes
from the software. The TriOS-RAMSES sensors
were calibrated by Remote Sensing Applications
Center of LAPAN using white reference and dark
reference panel provided by TriOS.

One of three sensors was an irradiance sensor
(ACC-2-VIS), and the other two were radiance
sensors (ARC-VIS) with 7¢ field-of-view. All sensors
from TriOS-RAMSES work within the wavelength
range of 320 nm to 950 nm and spectral sampling of
3.3 nm. We also conducted the validation between
remote sensing reflectances, Ris(A\) from in-situ
measurement with Landsat 8 OLI based remote
sensing reflectances, Ris(A). The illustration of TriOS-
RAMSES sensors configuration is described as
follows (Figure 2).

Incident light

Irradiance —
Sensor/Cosine
Collector

— ‘ Underwater Measurement

(o] g
Sea floor
ﬁ—»——_’_?_—___*_\*m\_

Fig. 2. lllustration of TriOS-RAMSES’s sensors configuration during field measurement; (a) measurement of R;s(A); (b)
measurement of E4(A) (Prasetyo et al., 2017).

The recording of the location coordinate was
carried out using handheld GPS Garmin Montana
680 with the margin of error for the exact location
within 3.65 m, concurrently with the recording of the
atmospheric condition and radiometric
measurement. The radiometric measurement itself
was divided into two measurements, above-water
measurement to derived reflectances by using all
three sensors, and under-water measurement to
derived diffuse attenuation Kd(A) from downwelling
irradiance Edq(A). For reflectances, the cosine
collector (Ed(A)) was pointed upward for collecting the
incident sky radiation. Meanwhile, a radiance sensor
was pointed in the upward direction of 135° to
measure the incident sky radiance Lsky(A). The
second sensor was the radiance sensor, it was
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pointed in the downward direction of 45° to measure
the total radiance, Lu(A), it configuration of three
sensors in accordance by Mueller et al. (2003)
(Figure 2(a)). Meanwhile, for diffuse attenuation from
downwelling irradiance, the cosine collector was
pointed out to 90° to zenith and measurement was
done at two different depth z1 — z2, it was in
accordance to Kirk (2011) (Figure 2(b)).

The radiometric data from MSDA_XE then

extracted, it consists of downwelling irradiance Ed(A),
sky radiance Lsky(A), and surface radiance Lu(A), then
extracted to tab-delimited format for the next process.
The Ed(A) then plotted for curve fitting with the
exponential function from the Ed(A) itself. Values of
Kd(A) can be calculated using the Eq(A) data on two
level

different depth from RAMSES
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spectroradiometer by downward irradiance on
hyperspectral wavelength centered on A (Kirk, 2011)
(Equation 1).

Ka(A) = —— In 2ata) @)

22721 Eq(z2,4)

where, z2-z1 is the differences of depth level on each
measurement (m), and Ed is the values of
downwelling irradiance at depth z at wavelength A.
The Ka data at 490 nm then used in this research to
derived Kq(490) based on Landsat 8 OLI imagery
data.

Remote Sensing Reflectances Rrs(A) is calculated
from above water measurement, and it was a ratio
between the water-leaving radiance (Lw(A)) and
downwelling irradiance (Ed(A)) (Mobley 1999;
Budhiman et al. 2012):

e
Rrs() = 2433 @

Water-leaving radiance, Lw(A), was calculated
from the measurement of upwelling radiance, Lu(A),
on the surface, where the total radiance comes from
the water surface then sensed by the sensor, which
is consisted by water-leaving radiances and sky
radiance that reflected by above water surface. The
water-leaving radiance itself can be calculated using
Equation 3 (Mueller et al., 2003),

Ly (1) = L, () — Psky- Lsky @) (3)

where Lu(A) is the upwelling radiance measurement,
that is all radiance that comes from the above water
surface or by surface reflectances, Lsky(A) is from
downwelling radiance measurement that comes from
sky, psky(A) is coefficient from water-sky interaction
that can be calculated using Fresnel equation
(Budhiman et al, 2012).The remote sensing
reflectance data then used to develop an empirical
model to derive Kd(490) based on Lee et al. (2005)
and to simulate remote sensing reflectance data from
Landsat 8 OLI to derive Ka(490) values from
developed empirical models.

2.3 Accuracy assessment

Several accuracy assessments were carried out
to the new developed empirical algorithm of Ky490)
against Kq(490) from in-situ measurement to study
about the algorithm performances. The mean
absolute  deviation (MAD), mean absolute
percentage error (MAPE) and root-mean-square
error (RMSE) were calculated to indicate the
accuracy of the Ka(490) models (Makridakis, 2000),
the equation written below:

1
MAD =;2?=1|Xt_Ft| (4)

MAPE = (—1"2%) gﬂ_"‘tx‘t Fil ()

RMSE = [*370,(X, - )2 6)

where, Xthas measured values for t- sample, Ft was
predicted values for t- sample and n was the number
of samples. MAD showed the deviation of estimated
Kda(490) in m? (Equation 4), MAPE showed the
percentage of error (Eg. 5), and RMSE showed the
root mean square of error from estimated Kaq(490)
(Equation 6).

3. Results and Discussion
3.1 Kd(A) Values Variability

The measurement of Kg(A) was conducted to
assess the variability of optical properties on these
three lagoonal area. According to Prasetyo et al.
(2017) the results of measurement generally on each
point that on the middle of Karang Lebar lagoon has
the same patterns with Air island and Panggang
island lagoon. On each location from the in-situ
measurement of downwelling irradiance, showed that
the averages values of K4(A) on Karang Lebar lagoon
was higher than Air Island lagoon and Panggang
Island lagoon, it showed by the red line were
dominantly over the other two lines on Figure 3 below
for Karang Lebar lagoon.

2.5 ’ __ Karang Lebar lagoon
2 Panggang Island lagoon
£ Air Island lagoon
15 +
3
]
b4

Fig. 3. Results of in-situ measurement diffuse attenuation on each respective area.

We also found that increasing of Ka(A) occurred in
areas that were close to the coastal and in the middle
of the lagoon area. This was probably due to the high
concentration of chlorophyll-a and caused the
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absorption to increase (Prasetyo et al., 2017). It
might be possibly caused by run off the organic and
inorganic matters from Island, and high of waves
caused the stirring of the bottom substrate that
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dominantly consists of sand and other inorganic
matters. Meanwhile, in the middle area of lagoons,
Kd(N) was increased, Kd(A) on the outside lagoon to
open water were decreased (Nababan et al., 2013).
These circumstances were described by Brown et al.
(2008) that open waters have optical properties that
are influenced by organic matters like chlorophyll-a
rather than inorganic matters like TSS.

Based on the in-situ measurement of Chlorophyll-
a, Prasetyo et al. (2017) stated out that a high
average of Chlorophyll-a values occurred on
Panggang island lagoon and the lowest was on Air
island. Based on TSS measurement, the high
average of TSS values occurred on Karang Lebar
lagoon and the lowest was on Panggang island
lagoon. Measurement of Kd(A) values showed that
light penetration on each sites was different. The
lowest Ka(A) values showed the clearest water. Ka(A)
was a part of AOP, so the composition of organic and
inorganic matters in the water column has a great
influence to penetrate the light on the water column
(Kirk, 2011). Shallow waters have the characteristic
that Chlorophyll-a concentration and TSS were high;
it affects to absorption and scattering of light
penetration through the water column (Saulquin et
al., 2013). Wang et al. (2008) state that Kd(A) is
influenced by the absorption coefficient from water
molecules and the light field distribution on its water
constituent. Prasetyo et al. (2017) stated out that on
each respective area from in-situ measurement,
Ka(A) value was dominantly affected by absorption of
organic matters such as chlorophyll-a compared to
scattered of inorganic matters such as suspended
solids, those things was in line with Brown et al.
(2008) statement.

Table 2. General forms of the new developed algorithms.

necessary to cover the small region of coastal
shallow-water based on our result. In accordance
with Zheng et al. (2016), for the purpose of
determining the best band ratio, correlation analysis
was carried out between Kq(490) from in-situ
measurement as the dependent variable against
simulated Landsat 8 OLI bands as an independent
variable that also from an in-situ measurement. We
were using the same band combination as Zheng et
al. (2016), between Ris(Green) and Rrs(NIR), that
band combination was used to developed Ka(490)
algorithm with the highest coefficient of determination
among another different band ratio; also we tested
out by two simple linear functions, i.e., linear and
logarithmic. Our new algorithm general forms to
estimate Ka(490), as follows (Table 2), where,
Rrs(Green) and Rws(NIR) are the Green and Near
Infrared band Rrs(A) values from Landsat 8 OLI after
atmospheric correction, a and b were a constant from
regression analysis. Zheng et al. (2016) stated out
that thus band ratio algorithm for estimating various
water types were usually done, ranging from
chlorophyll-a, CDOM, TSM, and water transparency
to Kd(490) have been developed.

Regression analysis between the two band ratio
showed that logarithmic function between simulated
Landsat 8 OLI Rrs(Green)/Ris(NIR) and in-situ data of
Kd(490) has the best R? same as the simulated
Landsat 8 OLI Ris(NIR)/Rrs(Green). The coefficient of
determination is 0.8719. Our new algorithm by using
logarithmic function performed well on Green and
NIR band ratio, shown by the validation between
estimated Kq(490) data with Kq(490) from in-situ
measurement (Figure 4(a)). The MAD of the Ka(490)
model for the Landsat 8 OLI validation dataset
(Green and NIR) was 0.0197 m%, the RMSE was

Green and NIR

NIR and Green

R,;(Green)
Kd(490) =ax* (W) b

K;(490) = a * ln<
@

R,;(Green) b
R,s(NIR)

K,;(490) = _Rys(NIR)

a(490) =a- (RrS(Green)> *
R,(NIR)

Kd(490) =axln (m)

8)

3.2 Ka(490) algorithm for Landsat 8 OLI
development

Several retrieval models for Ka(490) have been
developed for operational use (IOCCG 2000; IOCCG
2006), and there have been no universal models to
retrieved Kd(490) for shallow-coastal waters by using
medium spatial imagery data. Previous models have
been proposed earlier was to retrieve Kda(490) over
inland turbid waters (Zheng et al., 2016). Landsat 8
OLI data has the potential to map the value of Kq4(490)
in regional waters in Indonesia. Landsat 8 OLI data
could provide solutions to spatial data availability of
Kd(490) values in addition to Ocean Color data. In
addition, only 4 pixels available for Kq4(490) data over
our research location by using the KD2 algorithm on
Ocean Color data daily and monthly. Thus, the
development of the local algorithm of Ka(490) is
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0.0013, and the MAPE was 6.5841 %. If we
compared to the NIR and Green ratio, the validation
showed that Green and NIR has a lower error (Figure
4(b)). The NIR and Green band ratio algorithm was
also validated with Kd(490) from in-situ measurement
(Figure 4(c)), the MAD was 0.0198 m, the RMSE
was 0.0013 and the MAPE was 6.5966 % (Figure
4(d)). The NIR and Green band ratio has a slightly
greater error than the previous band ratio. The
comparison between in-situ Kd(490) data with
derived Ka(490) from our new developed algorithm
on both band ratio was acceptable. Figure 4(b), 4(d)
showed that in-situ data and derived Kq(490) were
distributed along a 1:1 line; this indicates that the
algorithm can perform well over coastal shallow-
waters.
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Fig. 4. Scatter plots of (a) K4(490) from in-situ measurement and Simulated Landsat 8 OLI R,s(Green) and Rs(NIR) band
ratio, (b) K4(490) model validation between in-situ measurement and K4(490) that derived from Simulated Landsat 8 OLI,
Green and NIR band ratio, (c) Kq(490) from in-situ measurement and Simulated Landsat 8 OLI R,s(NIR) and R,s(Green) band
ratio, (d) Kq(490) model validation between in-situ measurement and K4(490) that derived from Simulated Landsat 8 OLI, NIR
and Green band ratio.

3.3 Evaluation of Landsat 8 OLI derived Kq(490)
and algorithm accuracy

Ideally, times between in-situ measurement and
the Landsat 8 OLI data should be concurrent within a
limited period. But, we have difficulties in getting the
clear Landsat 8 OLI data (without cloud or clear
image). The evaluation for our new algorithm was
conducted by using the image that was acquired at
different times with the in-situ measurement
(approximate 15 days of differences, the scene
acquired at 13 Mei 2016). On our new algorithm that
was using Simulated Landsat 8 OLI Rrs(A) should be
performed well with atmospherically corrected
Landsat 8 OLIl. The accuracy of atmospheric
corrected Landsat 8 OLI was evaluated through the
comparison of the Landsat 8 OLI Based Rrs(A) and In-
Situ measurement of Simulated Landsat 8 OLI band.
We also compared between Landsat 8 OLI Based
Kd(490) and In-Situ measurement Kq(490). According
to Zheng et al. (2016), data from match-up points can
be used to check the atmospheric correction for the
Kd(490) estimation model.

Comparisons between the Rrs(A) of Landsat 8 OLI
band and In-Situ measurement of Simulated Landsat
8 OLI band on Rrs(Blue), Rrs(Green), Rrs(Red) and
Rrs(NIR) showed that these values were in good.
Figure 5 showed that the Rrs(A) of Landsat 8 OLI band
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and simulated Rs(A) distributed along 1:1 line and
Table 3 showed model assessment on each
wavelength for these two comparisons.

Table 3. Model assessment between In-Situ Ris(A) and the
Landsat 8 OLI based Rs(A) on each wavelength

Acenodel | Ra(Blue) Ri(Green)  Ri(Red) Rrs(NIR)
MAD 0.0138 sr*  0.0210 srt 0.0223 srt 0.0118 srt
RMSE 0.0007 0.0011 0.0013 0.0006
MAPE 0.4283% 0.6710% 0.9991% 1.1400%

After the comparison between measured In-Situ
Ris(A) and the Landsat 8 OLI based Rrs(A), we also
validate the Landsat 8 OLI based Kaq(490) with
Kd(490) data from in-situ measurement (Figure 6).
The scatter plots were slightly distributed under the
1:1 line; this thing happens might due to the
differences time between in-situ measurement and
Landsat 8 OLI data acquisition. The MAD of Kd(490)
was 0.0785 m-1, the RMSE was 0.0042 and the
MAPE was 10.6430%. This was demonstrated that
the new algorithm to retrieve Ka(490) performed well.
By using the new algorithm to retrieve K4(490) based
on Landsat 8 OLI over a small region, this algorithm
could be used to study temporal and spatial patterns
on coastal shallow-waters such as Panggang Island
lagoon and Karang Lebar lagoon.
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Fig. 5. Comparison of measured In-Situ Rs(A) and the Landsat 8 OLI based Rs(A) at (a) blue band, (b) green band, (c) red
band, (d) NIR band after atmospheric correction.

0.25
MAD =0.0785m-1 [ © Landsat 8 OLI Based Kd(480Y |
— RMSE = 0.0042
£ MAPE = 10.8430%
=021 N=23
o
@
z
¥
g0 15
a o °
@ o
= 0.1
(o] o
@
© o
177} o o ©
€005 5 °s &
8 o o
o) [*] o
[ele]
0 t t t t
0 0.05 0.1 0.15 0.2 0.25

Measured K,(490) [m-]

Fig. 6. Comparison Landsat 8 OLI based K4(490) with

K4(490) data from in-situ measurement, the image was
acquired at 13 Mei 2016.

another

3.4 Comparison between

algorithm

Ka(490)

The previously proposed algorithm to retrieve
Kd(490) from Landsat 8 OLI over inland turbid waters
(Zheng et al., 2016) and another empirical algorithm
of Kd(490) (Lee et al., 2005) then used to compare
the performances of our new proposed algorithm.
Zheng et al. (2016) algorithm were using NIR and
Green band ratio same as our new algorithm.

Meanwhile, Lee et al. (2005) empirical algorithm
using Kw(490) or pure water attenuation at 490 nm as
input, and using the ratio of E4 and Rrs at 490 nm and
555 nm on their algorithm’s that derived from Kq(490)
algorithm on Ocean Optics Protocols for Sattelite
Ocean Color Sensor Validation (Mueller et al., 2003).
These empirical models were used to describe the
relationship between the Ris(A) at the blue and green
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wavelength region with a simple regression to assess
the correlation between the values of Ka(490) with
water-leaving radiance at blue wavelength region (A
= 443 nm) and green (A = 555 nm), that empirical
model is used to derive Ka(490) from Sea-Viewing
Wide Field-of-view (SeaWiFS) sensors (Austin and
Petzold, 1981; Austin and Petzold, 1984; Morel and
Maritorena, 2001; Smith and Baker, 1981; Mueller et
al. 2003). Kd(490) is assumed has correlation with
pure water attenuation coefficient (Kw(490) = 0,016
m1), the equation can be written as follows:

K4(490) = K,,(490) + A (iwgazi) ©

where, A and B is constant, and Kw(490) is
attenuation coefficient for pure seawater. Then
Mueller et al. (2003) stated that water-leaving
radiances (Lw) at the blue and green wavelength
region is suitable with the dataset provides by
SeaWiFS is at 450 nm and 555 nm sequentially.
Equation 9 can be rewritten as follows:

LW(490))—1,5401

K4(490) = K,,(490) + 0,15645 (L (555)

(10)

Lee et al. (2005) also stated that remote sensing
reflectances (Rrs) could be calculated between the
ratio of water-leaving radiances with downwelling
irradiance that measured just above the surface, with
the Eq ratio is at Edq(490) and Ed(555). Note that
Eq(490)/Eq(555) results from field measurement only
slightly around 1,3 occurred on this research on
various sun angle, so the Eq ratio is set to constant,
then the Equation 10 can be rewritten as follows:
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—-1,5401
Kq(490) erivea = K,y (490) +0,15645 (1,3 %) (11)

equation above (Equation 11) on this research can
be used to calculate Kd4(490) values derived from Rrs
that measured from above water; then the results is
can be used to see the difference between derived
Kd(490) and measured Kq(490).

Zheng et al. (2016) algorithm for Landsat 8 OLI
derived underestimate values and did not distribute
along 1:1 line when it applied by our datasets from In-
Situ measurement (Figure 7). It has a greater error
than the new algorithm that we proposed, showed by
MAD was 0,0957 m*, RMSES was 0,0048 and
MAPE was 13,7442%. Also, Lee et al. (2005)
algorithm derived an overestimate and has greater
error, showed by the scatter plots that distributed
dominantly to derived Kad(490) (Figure 7(b)).
Meanwhile, Zheng et al. (2016) was algorithm for
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inland turbid waters that has different optical
characteristics, and dominantly affected by scattering
caused by suspended solids. Statistically on Zheng
algorithm has greater linear relationship showed by
coefficient of determination 0,8719 greater than Lee
algorithm 0,7062. It might happens caused by
different approach of wavelength that were used on
their algorithm. Lee algorithm were used ratio of
Rrs(490)/Rrs(555) to calculate the attenuation change
caused by absorption from water molecules and
chlorophyll-a concentration, it means Lee algorithm
has similarity approximate values of K4(490) showed
by the scatter plots that slightly distributed around 1:1
line compared to Zheng algorithm. On the previous
research also stated that waters around Panggang
Island lagoon dominant affected by absorption
caused by chlorophyll-a (Prasetyo et al., 2017).
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Fig. 7. Comparison between another empirical K4(490) algorithm performance with K4(490) from In-Situ measurement, (a)
Zheng et al. (2016) algorithm, (b) Lee et al. (2005) algorithm.

Table 4 below showed the performances and
algorithm form of Kd(490) compared to another
empirical algorithm were proposed earlier. This
research proposes the two-band ratio algorithm
which can be used on Landsat 8 OLI| data, the ratio
between the Green (533 nm - 590 nm) and NIR (851
nm - 879 nm) bands. The performance of the

Table 4. Comparison of K4(490) algorithm performances.

algorithm that has been developed based on the
results of the accuracy assessment is 0.0197 m* and
0.0198 m™ of the mean absolute deviation, and
6.5841% and 6.5966% of the mean absolute
percentage error then it has a root mean square error
of 0.0013 for both band ratios.

Model by K4(490) Algorithm R2 MAD (m%) MAPE (%) RMSE
E,(490) R, (490)\ ****
Lee et al. (2005 =0. , d rs 0.7062  0.0685 25.3272 0.0038
(2005) K,(490) 0016+015645(Ed(555)RTS(555)
K,;(490 = 2468 1 R (NIR)_ 8.81
Zheng et al. (2016) a(490) 1o = 2468 xIn| s |+ 8. 0.8719 0.0957 13.7442  0.0048
R,;(Green)
Kg(490) 1 5_o1; = 0.1349 *In ) " 0.1197 0.8856 0.0197 6.5841 0.0013
This research R” (NIR)
—_— rs ——— —
K4 (490)5_oL = 0'135*1n(Rrs(Green)> 0.1197 0.8855 0.0198 6.5966 0.0013

The comparison between this research algorithm
performance and other algorithms (Lee et al., 2005);
(Zheng et al., 2016) then plotted to line based on
sampling station (Figure 8). we can conclude that our
new algorithm of Kd(490) has approximate values
near to Kd(490) from In-Situ measurement, showed
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by yellow and red lines that have the same patterns
from In-Situ data (blue line). Also, we agreed that the
previously developed algorithm (Zheng et al. 2016) to
retrieve Kd(490) by wusing our datasets was
underestimate showed by the purple line, and it also
did not have the same pattern.
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Fig. 8. Comparison of approximate values of K4(490) for each algorithm proposed, the thick blue line was from In-Situ

measurement, yellow and red line were our new developed algorithm, the purple line was Zheng et al. (2016) algorithm, and
black line was Lee et al. (2005).

3.5 Temporal and spatial patterns of Kq(490) As can be seen from Figure 9 and Figure 10

. . . above that patterns of Kd(490) values in 2015 are

Spatial maps of K«(490) derived Landsat 8 OLI in lower than Fi)n 2016 and 5017). In 2016, averages

\ll_vaéersl around Zazggla?g dlsiland Iagopn, Karang values of Kd4(490) around Karang Lebar lagoon were

ebar lagoon, and Al 1sland lagoon, using our new decreased despite that color are red that indicate
algorithm are shown in Figure 9. With the selected

; high values of pixels. But in 2016, the red color for
scenes from different years (2015, 2016, and 2017), pixes of Kqa(490) values has lower values than in 2015

we can study the patterns of Kq4(490) over the small and 2017. We can conclude that Ka(490) around

regions such as our research locations that can not Karan
; A ; g Lebar lagoon had been decreased on 2016
be derived from operational KD2 Algorithm of Ocean and increased again in 2017, that also patterns

Color data. recurrent on another lagoons.
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Figure 9. Spatial distributions of K4(490) by using Landsat 8 OLI based band ratio R,s(Green) and Rs(NIR) of new developed
algorithm, images acquired at (a) 11 May 2015, (b) 13 May 2016 and (c) 16 May 2017.
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Figure 10. Spatial distributions of K4(490) by using Landsat 8 OLI based band ratio R,s(NIR) and Rs(Green) of new developed
algorithm, images acquired at (a) 11 May 2015, (b) 13 May 2016 and (c) 16 May 2017.
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4. Conclusion

The newly developed Kd(490) of Landsat 8 OLI
can perform well among other empirical Kaq(490)
algorithms and applicable at a small region of
shallow-waters in Panggang Island lagoon and
Karang Lebar lagoon. The best newly developed
algorithm to derive Kd(490) using Landsat 8 OLI was
empirically built by the ratio of Rrs at Green and Near-
Infrared band; it has good performances and showed
a lower error than among others empirical algorithm
proposed in the earlier study. The approximate
values of the new Ka(490) empirical algorithm have
the same pattern as the in-situ measurement, and it
has a lower error of validation among other empirical
algorithms. The variability of K4¢(490) values based on
the new algorithm on shallow-waters around
Panggang Island from temporal data of Landsat 8
OLI imagery decreased in 2016, as shown in Figure
9 and Figure 10, and it increased in 2017.
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