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ABSTRACT

Efforts to inventory macroalgae are urgently needed, mainly to provide information on its potential to
produce sodium alginate. Recently, the availability of various satellite sensors and rapidly developing
algorithms for processing satellite imagery can map macroalgae habitats more accurately. This study aims to
map the benthic habitat and assess the potential of brown macroalgae by pixel-based classification approach
with the maximum likelihood (MLH) and support vector machine (SVM) algorithms. The sampling site of this
study was in Pannikiang Island, and the survey conducted in September and October 2020. A total of 400 field
collection data was used as a reference to classify the benthic habitats and to test the map accuracies derived
from the Pleiades-1A (P-1A) and Sentinel-2A (S-2A) satellite imageries. Results show that at least three
species of brown and two species of green macroalgae were detected and dominated at the study sites.
Benthic habitat was classified into seven classes. The P-1A image produced overall accuracy for the MLH
algorithm (70.4%) and SVM (71.9%), while the S-2A image produced overall accuracy for the MLH algorithm
(68.6%) and SVM (67.6%). The assessment of the potential stock of sodium alginate using P-1A and S-2A
was 133.8 tons and 116.6 tons, respectively. This mapping technique was effective and efficient in mapping,
predicting, monitoring, and managing the potential of brown macroalgae.
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ABSTRAK

Upaya inventarisasi makroalga sangat diperlukan, terutama pemanfaatan potensinya dalam
memproduksi Natrium alginat (Na-alginat). Belakangan ini, ketersediaan berbagai sensor satelit dan algoritma
berkembang pesat melalui pemrosesan citra satelit dalam memetakan habitat makroalga dengan lebih akurat.
Penelitian ini bertujuan untuk memetakan habitat bentik dan potensi makroalga dengan pengujian klasifikasi
pemetaan berbasis piksel dengan algoritma maximum likelihood (MLH) dan support vector machine (SVM).
Lokasi pengambilan sampel adalah di Pulau Pannikiang pada bulan September dan Oktober 2020. Sebanyak
400 data diperoleh dari pengamatan lapangan digunakan sebagai acuan untuk mengklasifikasikan habitat
bentik dan menguiji akurasi peta yang diturunkan dari citra satelit Pleiades-1A (P-1A) dan Sentinel-2A (S-2A).
Hasil penelitian menunjukkan setidaknya ada tiga spesies makroalga cokelat dan dua spesies makroalga hijau
yang mendominasi di lokasi penelitian. Klasifikasi habitat bentik menghasilkan tujuh kelas. Citra P-1A
memproduksi akurasi keseluruhan masing-masing untuk algoritma MLH (70,4%) dan SVM (71,9%),
sementara citra S-2A menghasilkan akurasi keseluruhan untuk algoritma MLH (68,6%) dan SVM (67,6%).
Dugaan potensi stok Na-alginat yang diekstraksi dari citra P-1A dan S-2A masing-masing sebesar 133,8 ton
dan 116,6 ton. Teknik pemetaan ini efektif dan efisien untuk memetakan, menduga, memantau, dan mengelola
potensi makroalga cokelat.

Kata kunci: algoritma, habitat bentik, makroalga, Pulau Pannikiang, citra satelit

INTRODUCTION substances contained in macroalgae can potentially
be raw materials supporting multiple industries. For

Macroalgae is one of the components in example, brown macroalgae contain biomass and
marine ecosystems with high species richness and sodium alginate (Na-alginate) (Calumpong et al.,
also contains various bioactive substances, so it 1999; Zailanie et al., 2001; Jr & Cunha, 2006), which
plays a significant role in diverse ecological and significantly supports the pharmaceutical/medical
economic aspects (Satheesh & Wesley, 2012; (cosmetic) industries, food-beverages, as well as
Ayhuan et al., 2017; Sun et al., 2018). Various non-food industries (paints, textiles, and
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toothpaste), because of their ability as emulsifiers
and thickeners (Parthiban et al., 2013).

Indonesia requires large amounts of Na-
alginate stocks for various industries, but data and
information on the potential distribution of brown
macroalgae are still limited, so it needs to be
mapped based on remote sensing technology
through various satellites. Recently, the availability
of different satellite sensors with better spatial,
spectral, and radiometric resolutions has been
matched by the development of machine learning
classification algorithms, resulting in more accurate
mapping and potential estimation. Pramaditya
Wicaksono (2014) mapped macroalgae based on
their pigmentation (brown, green, red, and mixed
macroalgae) on Kemujan Island using the maximum
likelihood (MLH), Mabhalanobis, and minimum
distance algorithms applied to the Worldview-2 (2
m) satellite image. Wouthuyzen et al. (2016)
mapped the habitat of brown macroalgae using
Landsat-7 ETM+ (30 m) satellite imagery by
applying the iso cluster method on the coastal coast
of Bitung-Bentena, North Sulawesi. Setyawidati et
al. (2018b) used GeoEye-1 (1.65 m) satellite
imagery to map the geomorphological structure of
macroalgal habitat with MLH classification on
Libukang Island, Mallasoro Bay, South Sulawesi.
Several previous studies were able to map
macroalgal habitats with sufficient accuracy, but
misclassification could only partially be avoided.
The main factor causing the error is the symbiosis
of macroalgae habitats with other benthic habitats
such as coral reefs, rubble (coral fractures),
seagrass, and other substrates that are difficult to
separate. In addition, variations in pigments (green,
brown, and red) of macroalgae pose a challenge in
identifying and mapping macroalgae (Wicaksono,
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2014; Wicaksono et al.,, 2019). The solution to
overcome these problems was to use several
algorithms in machine learning algorithms such as
support vector machine (SVM), random forest (RF),
and classification tree analysis (CTA) (Wicaksono et
al., 2019). These algorithms were applied to the
Worldview-2 satellite imagery, which produced
excellent accuracy for 14 benthic and macroalgal
habitat classes on Kemujan Island, Karimunjawa
Archipelago.

Mapping macroalgae habitats in Central
Indonesia has yet to be widely carried out,
especially in South Sulawesi Province. Meanwhile,
the area has the potential to produce seaweed
(macroalgae) with a production value of 3.4 million
tons in 2016, based on a report by the Ministry of
Marine Affairs and Fisheries (2018). One of the
islands in the Spermonde Cluster, which is quite
large, is Pannikiang Island, located in Barru
Regency. Unfortunately, there is no spatial
information regarding the distribution of benthic and
macroalgae habitats and their potential on the
island. Until now, there has been no standardization
in mapping benthic habitats from macroalgal
habitats (Wicaksono, 2016) so a comparative study
of classification algorithms is critical to be applied in
quite complex areas such as Pannikiang Island.
Based on this description, this study aims to test the
performance of the pixel-based classification
algorithms, namely the MLH and SVM algorithms,
to map macroalgae habitats and estimate the
potential of Na-alginate on Pannikiang Island, Barru
Regency, South Sulawesi. Additionally, to know the
diversity of satellite imagery with different spatial
resolutions in  mapping using high-resolution
satellite imagery of Pleiades-1A (2 meters) and
medium Sentinel-2A (10 meters).
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METHODS
Study Area and Investigate Time

This research was conducted on Pannikiang
Island, Barru Regency, South Sulawesi.
Geographically, the island is located between
4°20'00" South Latitude; 119°34'30" East
Longitude; and 4°22'15" South Latitude and
119°36'30" East Longitude (Figure 1). Field
observations were accomplished on 4-7 September
and 4-26 October 2020. Water quality analysis was
carried out at the Chemical Oceanography
Laboratory; macroalgae biomass measurements at
the  Oceanographic Physics and Coastal
Geomorphology Laboratory; and extraction and
analysis of Na-alginate were carried out at the
Water Productivity and Quality Laboratory. The
entire sample was analyzed at the Faculty of Marine
and Fisheries Sciences, Hasanuddin University.

Tools and materials

The tools and materials used during sampling
were the Global Positioning System (GPS) type
GPSmap 78s, basic snorkeling equipment,
underwater camera, 1x1 meter quadrant transect,
identification book, sample bag, sample bottle, and
stationery. The satellite data used were P-1A
(acquisition May 11, 2020), obtained from Parepare
Remote Sensing Earth Station, Indonesia, and S-2A
satellite (the date of acquisition was August 22,
2020), downloaded from the USGS website
(earthexplorer.usgs.gov). The specifications of the
two satellites are presented in Table 1.

Field Observation

A sampling of macroalgal habitat was
conducted by applying a photo transect method
using 1x1 meter frame (Roelfsema & Phinn, 2008).
The parameters recorded included a transect of
GPS positions, a percentage of benthic habitat
cover, and a sampling of brown macroalgae,
Sargassum sp, and Turbinaria sp from the transect
frame. The sampling of these macroalga was stored
in sample bags. In total, 400 points were captured
from benthic habitats used to build a classification
scheme and test the accuracy of the classification
algorithm.

Preprocessing of Satellite Data

Radiometric correction of P-1A and S-2A
image data was conducted using the Dark Object
Subtraction (DOS) method. If ND is greater than O

(ND minimum/NDmin), then the difference in value
between 0 and Dmin is considered a bias due to the
influence of the atmosphere. These disturbances
can be minimized by using the Equation 1
(Prayudha, 2014) as follows:

NP'i=NPi—NPinl oo Q)
Where:

NP'i = the pixel value of the correction result
NPi = the pixel value of the image in channel/band i
NPmin i = the minimum pixel value in band i

Tidal Conditions

The sun glint phenomenon as a reflection of
the light recorder on the sensor field only occurs on
the water surface in high tide conditions.
Meanwhile, water column correction is needed to
eliminate errors in pixel values due to attenuation of
the surface water before reaching the bottom of the
object. The tidal conditions at the recording time of
two satellite data on Pannikiang Island are required
to determine whether sun glint and water column
correction are necessary for this study. If the
satellite passes over the study site during high tide
conditions (all components of the benthic habitat are
below the surface water), then correction for the
effect of sun glint (Hedley et al., 2005; Anggoro et
al.,, 2016) and water column (Lyzenga, 1981;
Siregar, 2010) must be carried out. Otherwise, if
there is a receding condition (all components of the
benthic habitat appear on the water surface), no
correction is necessary. Tide conditions use tide
tables from the Geospatial Information Agency
(BIG).

Data analysis

Classification Scheme

The classification scheme was designed
based on the dominant class of benthic habitats as
a result of observations of the quadratic transect
visually and transect photos (Siregar, 2010). Field
observations showed that 7 components of benthic
habitats could be identified, including 1) coral reef,
2) seagrass, 3) rubble, 4) sand, 5) rubble + sand, 6)
brown macroalgae, and 7) green macroalgae. In
this study, the habitat component consisted of
brown macroalgae (dominated by Sargassum spp.
and Turbinaria spp.) and green macroalgae
(dominated by Halimeda spp. and Caulerpa
racemosa).

Table 1. The sensor specifications for the Pleiades-1A (P-1A) and Sentinel-2A (S-2A) satellites.

Wavelength (um)

Spatial Resolution Radiometric

Band (meters) Resolution (bit)
P-1A S-2A P-1A S-2A P-1A S-2A
Blue 0,43-0,55 0,46-0,52
Green 0,50-0,62 0,54-0,58
Red 0,59-0,71 0.65-0,68 10 12
Near Infrared 4/8 0,74-0,94 0.76-0,90 0,5
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Classification of Benthic and Macroalgae
Habitats

The benthic and macroalgal habitats were
classified using a pixel-based classification method
with the MLH and SVM classification algorithms.
The MLH algorithm is a guided classification
method considering the maximum probability of
several pixel values, assuming the data is normally
distributed. The MLH classification process begins
by collecting the values of each class identifier and
then calculating the class members from the training
data set for each pixel in the satellite image (Bolstad
& Lillesand, 1991). Meanwhile, the SVM algorithm
is developed for kernel-based classification needs,
where several objects are classified into one
category or class. This method aims to find the
maximum hyperplane (decision boundary) as a
separator function between two classes in the input
space (Supribadi et al., 2014). The classification
process begins with creating a Region of Interest
(Rol) for each habitat class as a reference for
identifying satellite image pixels.

Test Accuracy

The accuracy test of the image classification
results is carried out to determine the accuracy of
the classification map by comparing the
classification data with the actual data in the field (in
situ). Accuracy is calculated using an error matrix
(confusion matrix) with the equation to get the
Overall Accuracy (OA), Producer Accuracy (PA),
and User Accuracy (UA) values (Congalton &
Green, 2008). The statistic (kappa) is used to
assess the classification accuracy of an error
matrix. The value of the kappa coefficient is in the
range of 0 to 1 and is generally smaller than the
overall accuracy value and can be calculated by
Equation 1, Equation 2, Equation 3, Equation 4,
and Equation 5 (Congalton & Green, 2008):

k
9% 04 =210 e, )
OOPA = L o) ©)
n+]-
njj
WUA = T @)
ko= By - Blameny (5)

N2—2£1HHHH
Where:

k = the number of rows contained in the matrix

n = the total number of observations

nj = the number of observations in the j column and
j row

ni = the number of observations in the i column
and i row

nj = the number of observations in row i and
columnii

ni+, N+ = the total margins of row i and column i
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Furthermore, if ki and k2 are estimated kappa
statistics from each error matrix, then var (k1) and
var (kz2) are estimates of the variance of the correct
calculation results, the statistical test Equation 6
for a single matrix is:

Furthermore, the statistical tests applied to the two
independent error matrices were significantly
different as calculated by the following Equation 7:

ki—kp

Z :m ........................................ (7)

Z is the standardized value and the normal
distribution of kappa, while the values of ki1 and kz
are kappa calculations of each error matrix with the
hypothesis Ho:(ki-k2) = 0, alternative Ha:(ki-kz2) # O,
Ho is rejected if Z =2 Za/2. If the results of the Z test
calculation are greater than 1.96, then the results
are significantly different (Congalton & Green,
2008).

Estimation of Macroalgae Biomass Stock and
Na-alginate Potential

All types of macroalgae contained in the
transect frame were taken, washed thoroughly, and
put into sample bags. The samples were then
sorted; only brown macroalgae, Sargassum spp.,
and Turbinaria spp. were taken, weighed for their
wet weight, and dried in the sun. After that, the
samples were dried again in the laboratory using an
oven at 70-80°C temperature to obtain a constant
dry weight. The dry weight density of macroalgae
(gr/m?) was then calculated. Furthermore, dry
brown macroalgae were ready to be extracted for
their Na-alginate content by referring to the method
of Zaelanie et al. (2001). Several stages of
extraction included soaking, crushing, acidification,
and precipitation. The extracted product was dark
brown flour. The product was then weighed to
obtain the weight of Na-alginate from macroalgae.
The potential of brown macroalgae can be
calculated using the following Equation 8.

Where:

S = standing stock of brown macroalgae (ton/ha)
A = total area based of satellite data analysis (ha)
D = density of each species (gr/m?)

RESULTS AND DISCUSSION
Distribution of Macroalgae Habitat

The macroalgae habitats found during field
observations were Sargassum spp., Turbinaria
spp., Caulerpa racemosa, and Halimeda spp.
Turbinaria were more commonly found in the south
of the island, but almost all had aged. Meanwhile,
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sargassum was found to thrive in the northern part
of the island. Both types of macrolgae were found at
a depth of 100 to 200 cm. On the other hand,
Caulerpa racemosa and Halimeda spp. were found
growing and spreading close to mangrove areas at
a depth of 50 to 100 cm. Differences in conditions
and distribution types of macroalgae were
influenced by seasonal and enviromental factors
(Dwimayasanti & Kurnianto, 2018).

Pannikiang Islands Water Quality

The water quality parameters measured
included temperature, salinity, turbidity, and pH on
the north, east, south, and west sides of Pannikiang
Island. The sea temperature ranged from 30°C to
32°C, where macroalgae were still tolerant to this
temperature range. Salinity varied between 33 o/oo
and 34 o/oo. The macroalgae habitat had tolerance
for a low to high salinity range (Kadi, 2017). The
value of turbidity in almost all measurement
locations was 5 NTU. This value still follows the
standard value of seawater quality based on the
Ministry of Environment (2004), except in the
southern part of the island, where the turbidity was
5.83 NTU. The activity of fishermen and fishing
boats on the island's south side was relatively high
because it is close to the Garongkong Port, so the
turbidity was higher than in other areas. The pH
value ranges from 7.7 to 8.0, which was still in
accordance with the pH quality standard for habitats
in seawater of 7.7-8.5 (Kepmen LH, 2004).

Tidal Conditions

Figure 2 shows the tidal conditions on May 11,
2020, and August 22, 2020, when the P-1A and S-

1
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2A satellites passed at the study site between 09.00
and 10.00 WITA. Figure 2 shows that when the P-
1A satellite passed, the water conditions at the
study site were at shallow tide conditions (1-3 cm),
while when the S-2A satellite passed, the water
conditions were slightly higher (7-18 cm) but can be
considered at low tide, so sun glint correction and
water column correction were not applied.

Maximum Likelihood Algorithm (MLH)
Classification

Figure 3 shows the results of the classification
of benthic habitats as a result of image processing
P1A and S-2A using the MLH algorithm. The
macroalgae habitat appeared to be normally
distributed in the reef flat area. This looks like the
same as the study results (Wicaksono et al., 2019)
on Kemujan Island. The results from the P-1A
image clearly show that the distribution of brown
macroalgae is more dominant than green
macroalgae. In contrast to the S-2A image, green
macroalgae have a more dominant distribution. The
difference in acquisition time between the two
images is the cause of the significant difference in
information about the distribution of macroalgae.
The season affected the presence of macroalgae;
satellite P-1A acquired in May shows maximum
growth for macroalgae habitat (predominantly
brown macroalgae) at the study site. While in the
west monsoon period, most of the macroalgae were
cut off from the substrate due to being hit by waves
(Wouthuyzen et al., 2015), elsewhere macroalgae
experienced a period of aging as described from the
results of S-2A satellite analysis.
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Figure 3. Map of benthic habitats processed on satellite imagery P-1A (A) and S-2A (B) using the MLH classification

algorithm.
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Figure 4. Map of benthic and macroalgal habitats processed on satellite images P-1A (A) and S-2A (B) using the SVM

algorithm.

Support Vector Machine (SVM) Algorithm
Classification

Figure 4 shows the results of the classification
of benthic habitats from image processing P-1A and
S-2A using the SVM algorithm. Similar to MLH
(Figure 3), the P-1A and S-2A images produced a
benthic map with a more dominant distribution of
brown macroalgae. Several other high-density
benthic habitat components were mapped, namely
seagrass, Halimeda spp., and Sargassum spp. On
the other hand, there are also unclassified pixels
using the MLH and SVM algorithms. This is
commonly found in any mapping of benthic habitats,
such as seagrass (Hafizt & Danoedoro, 2017). In
the classification process, mixed pixels often occur.
In the classification process, mixed pixels often
occur. In this case, many coral or rubble classes
were included in the brown macroalgae habitat
class. Therefore, this type of macroalgae was more
dominant than green macroalgae, as found by
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Siregar et al. (2020), where benthic habitats were
mapped using two different satellites, WorldView-2
(WV-2) and SPOT 6 on Sebaru Besar Island. WV-2
detected the distribution of rubble in the southern
part of the island, while SPOT 6 detected
macroalgae habitat in that area.

Test Accuracy

The results of the accuracy test on all
components of the benthic habitat using P-1A and
S-2A satellite images by applying the respective
MLH and SVM classification algorithms are
presented in Table 2. The P-1A imagery with the
MLH classification algorithm shows that almost all
benthic habitats are mapped with both with an
accuracy range of 50%-100%, except for green
macroalgae, with the lowest PA value (36.7%) and
coral reefs (46.7%). The SVM classification
algorithm showed that all benthic habitats can be
mapped accurately except for coral reefs with the
lowest PA value (36.7%). The S-2A image shows



Performance of MLH and SVM Algorithms in Mapping Macroalgae Habitats using satellite data...............c.ccoceeveiennee (Anas, et al)

different things. The accuracy per class is
categorized as good by applying the MLH
classification algorithm, except for the seagrass
class, where the PA value is low (35%). Applying
the SVM classification algorithm has the lowest PA
value for rubble (31.3%) and rubble mixed with sand
(43.8%). The accuracy value for green and brown
macroalgae ranges from 50%-100%, meaning that
both types of macroalgae have been mapped well
according to actual conditions in the field, except for
the green macroalgae class in the P-1A image with
the application of the MLH algorithm. Some
accurate samples are in the rubble class and
seagrass with a PA of 50%.

The overall accuracy of the P-1A satellite data
using the MLH and SVM classification algorithms is
slightly higher at 70.4% and 71.9%, respectively,
while the accuracy of the S-2A satellite data is
68.6% and 67.6%. Wicaksono (2016) applied the
MLH classification algorithm for high-resolution
WorldView-2 images after sun glint correction and
obtained the highest accuracy of 52.8% in mapping
macroalgal habitat at the pigment level in the
Karimunjawa Islands. Without correcting,
Wouthuyzen et al. (2016) also mapped 6 benthic
habitat classes on coral reef flats at Bitung-Bentena
Beach with the iso-cluster classification method.
They successfully mapped rock-macroalgae
habitats. Chocolate was dominated by Turbinaria
spp species, and brown seagrass-macroalgae was
dominated by Sargassum sp, Hormophysa sp, and
Padina spp, with an accuracy of 73.6%. Setyawidati
et al. (2018) mapped five benthic habitats that are
brown macroalgae substrates on Libukang Island,
South Sulawesi using high-resolution satellite
imagery GeoEye-1 with an accuracy of 74.2%. The
MLH classification algorithm for both P-1A and S-2A
satellite sensors still gave moderate mapping
accuracy results because the distribution of
samples used as training samples for classification
processing and accuracy calculations did not

represent all study areas or the sampling
distribution is uneven (Hafizt & Danoedoro, 2016).
In addition, the MLH classification can provide high
accuracy if the spectral reflection of the benthic
habitat has a Gaussian distribution (Wicaksono et
al., 2019).

The accuracy obtained in this study was >
60%. The accuracy of 60% is a threshold value that
is still acceptable in mapping benthic macroalgae
habitats (Green et al., 2000). Meanwhile, based on
the Indonesian national mapping quality standard
from the Geospatial Information Agency (2014), it is
stated that the accuracy of benthic habitat maps
must be 60% with four benthic classes at a scale of
1:50.000. Based on these two references, the
results of mapping benthic and macroalgal habitats
using the MLH and SVM classification algorithms on
P-1A and S-2A satellite data provide adequate
results. The overall accuracy of the P-1A satellite is
higher than that of the S-2A due to its higher spatial
resolution (2 meters) than the S-2A image (10 m).
Other factors causing the low accuracy (75%) of the
MLH and SVM classification algorithms on P-1A
include S-2A, in addition to the uneven sampling
distribution as previously mentioned, and the
presence of a mixture of several habitat classes with
other classes, such as brown macroalgal habitat
with rubble, where the roots of brown macroalgae
species, especially Turbinaria spp. species are
commonly found firmly attached to the rubble
substrate, such as those found in the southern part
of Pannikiang Island. Another cause is the
preparation of a classification scheme (Siregar et
al., 2018), which is not well structured, as well as
the influence of turbidity (Siregar et al., 2013),
especially in the south of the island, with high
turbidity values (NTU>5) compared to the northern
part (NTU<5). Furthermore, kernel-based SVM
algorithms have limitations in finding hyperplanes
between two habitats with relatively similar spectral
reflections (Mastu, 2018).

Table 2. The results of the accuracy test for the classification of benthic and macroalgal habitats using the MLH and

SVM algorithms on P-1A and S-2A images.

Satellite Image/ MLH SVM
Benthic Habitat PA UA OA PA UA OA
P-1A
Coral Reefs 46.7% 82.4% 36.7% 61.1%
Rubble 86.7% 56.5% 65.5% 100%
Sand 100% 100% 95% 100%
Rubble Mixed With Sand 100% 75%  70.4% 100% 83.3% 71.9%
Seagrass 54.3% 61.3% 82.9% 48.3%
Brown Macroalgae 90% 66.7% 67.5% 79.4%
Green Macroalgae 36.7% 91.7% 76.7% 74.2%
S-2A

Coral Reefs 80.6% 78.1% 74.2% 95.8%
Rubble 59.4% 54.3% 31.3% 83.3%
Sand 100% 84.6% 100% 73.3%
Rubble Mixed With Sand 50% 50% 68.6% 43.8% 70% 67.6%
Seagrass 35% 73.7% 90% 48.7%
Brown Macroalgae 87.8% 65.5% 68.3% 65.1%
Green Macroalgae 2% 75% 56% 100%
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Table 3. Compares the Kappa value, Z statistic, and significance test of the MLH and SVM algorithms.

Satellite . Kappa Coefficient Sig. MLH vs
Image Algorithms Kappa (Richards, 2013) z SVM
MLH 0.65 <0.4 (low) 12.73
P-1A SVM 0.67 0.41 — 0.60 (moderate) 13.97 025
) MLH 0.63 0.61 — 0.75 (good) 11.93
S-2A SVM 0.61 0.76 — 0.80 (very good) 10.80 021

The Kappa value analysis, Z statistic, and
significance test were used to assess the
performance of the two MLH vs SVM classification
algorithms (Table 3). This table shows that the
results are not statistically significant between the
MLH and SVM classification algorithms for both
satellite images, with a value range of 0.61-0.67.
Referring to the kappa coefficient, Richards (2013)
states that the range of values can be categorized
as a good classification result (0.61-0.75) (Table 3).
The kappa value indicated a reduction in
misclassification with a range of 0 to 1 (Congalton &
Green, 2008). A kappa value of 0.67 means the
algorithm can avoid 67% of errors in the random
classification process. The statistical Z value shows
that using the SVM algorithm on the P-1A image is
better than other treatments, with the highest
statistical Z value of 13.97. In addition, the
significance test results of two different matrices
between the MLH and SVM algorithms obtained a
value of -0.25 vs 0.21. According to Congalton &
Green (2008), the value of Z is said to be
significantly different if the value is outside the value
range of 1.96-1.96. So, these results indicated that
the two error matrices were not significantly
different.

Distribution and potential of macroalgae
habitat

The results of the calculation of the habitat
area of brown macroalgae using the MLH
classification algorithm in the P-1A image are wider
(128.5 ha) than green macroalgae (51.8 ha). The
area obtained from the S-2A image shows a slightly
wider green macroalgae (84.1 ha) compared to

= Brown Macroalgae

140,0 128,5
120,0
100,0
80,0
60,0
40,0
20,0
0,0

Habitat are (ha)

MLH

Figure 5.
SVM classification algorithms.
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brown macroalgae (76.8 ha) (Figure 5). Meanwhile,
the SVM algorithm showed that brown macroalgae
were more dominant than green macroalgae in P-
1A satellite imagery (88.1 and 59.8 ha) and S-2A
satellite imagery (66.7 and 48.1 ha). The difference
in acquisition time between the two satellites causes
obtaining different areas of macroalgal habitat. The
P-1A image acquired in May coincided with the
maximum growth month for brown macroalgae
(Sargassum spp.) in August, when macroalgae
growth decreased (Setywidati, 2018a). The results
of this study described the distribution and extent,
especially of brown macroalgae, which represent
the growing season of brown macroalgae in
Pannikiang Island.

Brown macroalgae habitat potential was
calculated using benthic habitat maps, with an
accuracy of 60% (BIG, 2014; Green et al., 2000).
The benthic habitat map is classified by the SVM
and MLH algorithms analyzed from satellites P-1A
(71.9% accuracy) and S-2A (68.6% accuracy).
Furthermore, this study exclusively aims at the
potential of alginate produced from brown
macroalgae, so green macroalgae are no longer
discussed. Table 4 shows the potential of brown
macroalgae at the study site. From 9 sampling
stations, the average wet weight was 3498 gr/m? for
Sargassum and 1839 gr/m2 for Turbinaria. The
conversion of the average biomass of wet
macroalgae to dry weight after drying in the sun and
then drying in an oven at 70 °C until the weight
becomes constant, the ratio of wet weight to dry
weight of Sargassum was 1000: 159 gr, while
Turbinaria spp was 1000: 190 gr (Table 4). These
results indicated that the water content of
Sargassum was higher than that of Turbinaria.

» Green Macroalgae

SVM

Habitat area of brown macroalgae and green macroalgae from P-1A and S-2A images using MLH and
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Results of the study (Wouthuyzen et al., 2016)
the Bitung-Bentena coast showed that the ratio of
wet weight to dry weight of brown macroalgae
(Sargassum, Turbinaria, Padina) was 1000 g to 140
g or lower than in this study. Based on the laboratory
analysis results, brown macroalgae's dry density
was 112.2 gr/m2 for Sargassum and 87.4 gr/m2 for
Turbinaria. Meanwhile, the habitat area of two
macroalgae was based on the analysis of satellite
P-1A (88.1 ha) and S-2A (76.8 ha); this area will be
the basis for calculating the potential for
macroalgae. The potential for dry macroalgae
Sargassum and Turbinaria from image analysis P-
1A were 98.0 and 77.0 tons for a total of 175 tons.
The results of image analysis S-2A were 85.4 and
67.1 tons for 152.5 tons. The results of the
extraction of dry brown macroalgae into Na-alginate
carried out in the laboratory showed that one (1)
gram of dry brown macroalgae (Turbinaria) yielded
0.779 and 0.544 gr of Na-alginate, respectively, with
an average value of 0.662 gr (66.2% yield). The dry
brown macroalga Sargassum yielded 0.827 and
0.862 gr of Na-alginate, respectively, with an
average value of 0.845 (84.5% vyield). Based on the
respective yield values of Sargassum and
Turbinaria, the estimated stock of Na-alginate for
each satellite data was 133.8 tons (P-1A) and 116.6
tons (S-2A) on Pannikiang Island. The average yield
of brown macroalgae in Pannikiang Island (73.4%)
was very high compared to the yield of various

(Anas, et al)

brown macroalgae from different Indonesian waters
(Table 5), which was only around 10.9-42.2% with
an average value of 21.9%, meaning that the Na-
alginate produced from Pannikiang Island was the
highest.

In Pari Island, located in Seribu Islands, the
growth season with high density for brown
macroalgae (Hormophysa sp, Sargassum spp, and
Turbinaria spp) was in September (7.05 gr/m2)
rather than in June (4.02 gr/m2). In the western
season (December-February), brown macroalgae
break off from the substrate (rubble) due to strong
waves and later will re-grow in the following season
(Wouthuyzen et al., 2015). Furthermore, several
studies vyielded different potentials of brown
macroalgae, such as those carried out by
Wouthuyzen et al. (2016), whose estimated alginate
stock was 29.9 tons on the Bitung-Bentena Coast.
Setyawidati et al. (2018b) study showed an
abundance of Sargassum and Padina in May-Juni
with a potential biomass of 1189.9 and 166.7 gr/m?,
respectively. While the abundance of Turbinaria in
November estimated a biomass of 3245 gr/m?2 on
Libukang Island (South Sulawesi). Another study by
Setyawidati et al. (2018a) in Ekas Bay (Lombok
Island) estimated the dry weight potential of
Sargassum and Turbinaria in May-June (669.7
tons) and November (147.7 tons) with Na-alginate
potential of 207.6 tons.

Table 4. The estimated dry macroalgae potential of Sargassum spp. and Turbinaria spp. species based on sampling
density in the field and the area of satellites P-1A (May 2020) and S-2A (August 2020).

Parameter

Sargassum spp Turbinaria spp

Number of transects = 9
Frame transects

Total wet weight (gr)

Wet weight density (gr/m?)
The ratio of wet: dry weight
Dry weight density (gr/m?)
Average yield (%)

Brown macroalgae area (ha);
P-1A SVM

S-2A MLH

Dry weight stock potential (tons)
P-1A (Mei 2020)

S-2A (Agustus 2020)

Total potency of Na-alginate
May 2020 (P-1A)

August 2020 (S-2A)

5 4
1 m? 1 m2
3498 1839
699.6 459.8
1000:159 1000:190
111.2 87.4
84.5 66.2
88.1
76.8
98.0 77.0
85.4 67.1
133.8
116.6

Table 5. The Na-alginate yield from various types of brown macroalgae extracted from various Indonesian waters using

various methods.

Types of brown Macroalgae Natrium- Yield .
No : Library resources
macroagae samples (gr)  alginate (gr) (%)
1  Sargassum sp 25 10.6 42.4 (2F(>)rg125)etyan|ngrum & Purbasar,
2 Sargassum sp 450 177.3 394 (Subagan et al., 2020)
3 Sargassum sp 90 20.2 22.4 (Sunar, 2015)
4 S fuitans 100 11.7 11.7 (Maharani et al., 2017)
5 S. muticum. 100 14.8 14.8 (Nurkhanifah & Husni, 2020)
1000 108.6 10.9 . .
6  Sargassum sp 500 63.8 13.8 (Suryani & Rohaeti, 2008)
7 Sargassum sp 40 5.2 12.9 (Jayanudin et al., 2014)
8 Sargassum sp 50 8.7 174 (Putriyana et al., 2018)
9 S. cristaefolium 50 16.1 32.3 (Tambunan et al., 2013)
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N Types of brown Macroalgae Natrium- Yield .
o . Library resources
macroagae samples (gr)  alginate (gr) (%)
10 Sargassum sp 2000 219.0 11.0 (Setyoaiji et al., 2019)
11 Sargassum sp 25 7.9 31.6 (Wardani et al., 2009)
12 S. polycystum 25 4.9 195 (Dharmayanti et al., 2021)
Sargassum sp 10 2.8 28.1
13  Turbinaria Sp 10 2.2 22.2 (Nastiti, 2016)
Padina sp 10 1.6 16.2
14 Padina Sp 50 134 26.8 (Pasaribu et al., 2020)
15 Padina Sp 50 8.9 17.8 (Septiani et al., 2017)
16 Padinasp 1000 250.0 25.0 (Hamrun et al., 2018)
17  Turbinaria ornata 150 33.7 22.5 (Laksanawati et al., 2017)
18  Turbinaria sp 50 14.0 28.0 (Wibowo et al., 2013)
19  Turbinaria sp 30 7.1 23.8
T. triquetra 100 22.2 22.2
20 Hormophysa 100 13.3 13.3 (Rashedy et al., 2021)
cuneiformis
Average yield Sargassum spp 22.0
Average yield Padina sp 21.5
Average yield Turbinaria sp 24.1
Average yield of all macroalgae 21.9
This study found that brown macroalgae in ACKNOWLEDGMENTS

several locations (Pannikiang Island, Libukang
Island, Bitung-Bentena, Ekas Bay, and Pari Island)
have a high potential to be extracted into Na-
alginate. Therefore, there is no doubt that all coastal
areas of Indonesia can also produce high alginate,
which can reduce national imports of alginate.
Alginate is urgently needed by various industries,
such us: non-food, food, pharmaceutical, cosmetic,
and medical industries, which various countries
have supplied.

CONCLUSION

This study successfully mapped benthic and
macroalgal habitats with an overall accuracy
of>60%. This accuracy complies with BIG
standards in shallow water habitat mapping,
classifying habitat classes. The performance of the
SVM classification algorithm was better than the
MLH classification algorithm based on the
calculation of accuracy and kappa value.
Differences in acquisition time and pixel size affect
the results of classification and accuracy tests. This
method can estimate the potential of brown
macroalgae and Na-alginate stocks on Pannikiang
Island. This is because the yield of brown
macroalgae was higher than brown macroalgae in
other parts of Indonesia that used various extraction
methods.

The combination of accurate mapping and
macroalgae biomass obtained from the field was
effective and efficient for predicting, monitoring, and
managing the potential of brown macroalgae and
the Na-alginate they contain. However, this method
still needs to be developed and tested in other
coastal areas of Indonesia. This is because each
water area has different characteristics. Therefore,
it can eventually be used as a standard benthic
habitat mapping method.

106

The author would like to thank the head of the
Parepare Remote Sensing Earth Station (SBPJ),
who has provided data in the form of Pleiades-1A
satellite imagery, as well as all the friends who have
helped the author while doing work in the field.

REFERENCES

Ayhuan, H. V., Zamani, N. P., & Soedharma, D. (2017).
Analisis Struktur Komunitas Makroalga Ekonomis
Penting Di Perairan Intertidal Manokwari, Papua
Barat. Jurnal Teknologi Perikanan Dan Kelautan,
8(1), 19-38. https://doi.org/10.24319/jtpk.8.19-38

Bolstad, P. V., & Lillesand, T. M. (1991). Rapid maximum
likelihood classification. Photogrammetric
Engineering & Remote Sensing, 57(1), 67-74.

Calumpong, H. P., Maypa, A. P., & Magbanua, M. (1999).
Population and alginate yield and quality
assessment of four Sargassum species in Negros
Island, central Philippines. Hydrobiologia, 398-399,
211-215. https://doi.org/10.1007/978-94-011-
4449-0_24

Congalton, R. G., & Green, K. (2008). Assessing the
Accuracy of Remotely Sensed Data Priniples and
Practices. In Taylor & Francis Group.

Dharmayanti, N., Mufida, N., Permadi, A., Asriani,
Salampessy, R. B., Nurbani, S. Z., & Indriati, N.
(2021). Penambahan Konsentrasi Alginat Dari
Sargassum Polycystum Untuk ormulasi Krim Lulur.
Jurnal Akuatek, 2(2), 81-94.
https://doi.org/https://doi.org/10.24198/akuatek.v2i
2.37489

Dwimayasanti, R., & Kurnianto, D. (2018). Komunitas
Makroalga di Perairan Tayando-Tam , Maluku
Tenggara Community of Macroalgae in Tayando-
Tam Waters , Southeast Maluku Abstrak Makroalga
merupakan salah satu sumber daya bernilai
ekonomis penting yang sangat potensial untuk
dikembangkan untuk pang. Oseanologi Dan
Limnologi Di Indonesia, 3(2), 39-48.
https://doi.org/http://dx.doi.org/10.14203/0ldi.2018.
v3il1.82

Geospasial, B. |. (2014). Peraturan Kepala Badan
Informasi Geospasial Nomor 15 Tahun 2014
Tentang Pedoman Teknis Ketelitian Peta Dasar.



Performance of MLH and SVM Algorithms in Mapping Macroalgae Habitats using satellite data...............c.ccoceeveiennee (Anas, et al)

Green, E. P., J., P., Alasdair, M., Christopher, J. E. and,
& Clark, D. (2000). Remote Sensing Handbook for
Tropical Coastal Managemen.

Hafizt, M., & Danoedoro, P. (2016). Kajian Pengaruh
Koreksi Kolom Air pada Citra Multispektral
Worldview-2. Researchgate.Net, 566-575.

Hafizt, M., & Danoedoro, P. (2017). Kajian Estimasi
Standing Carbon  Sttock Padang Lamun
Menggunakan Citra QUICKBIRD Di Pulau
Kemujan, Kepulauan Karimunjawa.
Researchgate.Net.
https://doi.org/10.13140/RG.2.2.30197.99044

Hamrun, N., Thalib, B., Tahir, D., Kasim, S., & Nugraha,
A. F. (2018). Physical characteristics test (water
content and viscosity) of extraction sodium alginate
brown algae (phaeophyta) species padina sp. as
basic material for production dental impression
material. Journal of Dentomaxillofacial Science,
3(2), 84. https://doi.org/10.15562/jdmfs.v3i2.625

Jayanudin, Zakiyah Lestari, A., & Nurbayanti, F. (2014).
Pengaruh Suhu Dan Rasio Pelarut Ekstraksi
Terhadap Rendemen Dan Viskositas Natrium
Alginat Dari Rumput Laut Cokelat (Sargassum sp).
Jurnal Integrasi Proses, 5(1), 51.

Mafra & Cunha, S. (2006). Sargassum cymosum
(Phaeophyceae) in southern Brazil: Seasonality of
biomass, recovery after harvest and alginate yield.
Journal of Coastal Research, S| 39(39), 1847-
1852. https://doi.org/10.2307/25743081

Kadi, A. (2017). Interaksi Makroalgae dan Lingkungan
Perairan Teluk Carita Pandeglang. Biosfera, 34(1),
32. https://doi.org/10.20884/1.mib.2017.34.1.391

Kepmen LH. (2004). Keputusan Menteri Negara
Lingkungan Hidup No 51 Tahun 2004 tentang Baku
Mutu Air Laut. Lembaran Negara Republik
Indonesia, (51), 1-8.

Laksanawati, R., Ustadi, & Husni, A. (2017).
Pengembangan Metode Ekstraksi Alginat Dari
Rumput Laut Turbinaria ornata. Jurnal Pengolahan
Hasil Perikanan Indonesia, 20(2), 362-369.
https://doi.org/10.17844/jphpi.v20i2.18104

Lyzenga, D. R. (1981). Remote sensing of bottom
reflectance and water attenuation parameters in
shallow water using aircraft and landsat data.
International Journal of Remote Sensing, 2(1), 71—
82. https://doi.org/10.1080/01431168108948342

Maharani, A. A., Husni, A., & Ekantari, N. (2017).
Karakteristik Natrium Alginat Rumput Laut Cokelat
Sargassum fluitans Dengan Metode Ekstraksi Yang
Berbeda. Jurnal Pengolahan Hasil Perikanan
Indonesia, 20(3), 478-487.

Mastu, L. O. K. (2018). Pemetaan Habitat Bentik Berbasis
Objek Menggunakan Citra Ubmanned Aerial
Vehicle (UAV) dan Satelit Sentinel-2 di Perairan
Pulau Wangi-Wangi Kabupaten Wakatobi.

Nastiti, D. (2016). Studi Rendemen Natrium Alginat dan
Komponen Mineral Pada Rumput Laut Padina Sp.,
Sargassum Sp., dan Turbinaria Sp. (pp. 1-65). pp.
1-65. Malang: Universitas Brawijaya.

Nurkhanifah, S. I., & Husni, A. (2020). Rasio Natrium
Karbonat Dalam Ekstraksi Berpengaruh Pada Mutu
Natrium Alginat Sargassum muticum. Jurnal
Teknosains, 10(1), 10-18.
https://doi.org/10.22146/teknosains.41982

Parthiban, C., Saranya, C., Karthik, G., Hemalatha, A.,
Suresh, M., & Anantharaman, P. (2013). Evaluation
of in vitro antioxidant properties of some selected
seaweeds from Tuticorin coast. International
Journal of Current Microbiology and Applied
Sciences, 2(9), 64-73.

Pasaribu, A. S., Sedjati, S., & Pramesti, R. (2020).
Analisis Kualitas Alginat Rumput Laut (Padina sp.)
Menggunakan Metode Ekstraksi Jalur Kalsium.
Journal of Marine Research, 9(1), 75-80.
https://doi.org/10.14710/jmr.v9i1.25502

Prasetyaningrum, A., & Purbasari, A. (2002). Ekstraksi
Alginate Dari Rumput Laut Dan Aplikasinya Pada
Industri (pp. 63—-67). pp. 63—-67. Semarang.

Prayudha, B. (2014). Pemetaan Habitat Dasar Perairan
Laut Dangkal.

Putriyana, R. S., Abdulah, 1., Purwaningsih, I., & Silvia, L.
(2018). Sintesis Natrium Alginat dari Sargassum
sp. Dengan Proses Leaching. Jurnal Politeknik

Negeri Bandung, 9, 89-93.
https://doi.org/https://doi.org/10.35313/irwns.v9i0.1
046

Suryani, M., W, R. D., & Rohaeti, E. (2008). Pemanfaatan
Alginat Dari Alga Coklat (Sargassum Sp) Untuk
Produksi Plastik Yang Biodegradable. 1ll, 70-81.

Rashedy, S. H., Abd El Hafez, M. S. M., Dar, M. A,, Cotas,
J., & Pereira, L. (2021). Evaluation and
characterization of alginate extracted from brown
seaweed collected in the red sea. Applied Sciences
(Switzerland), 11(14).
https://doi.org/10.3390/app11146290

Richards, J. A. (2013). Remote sensing digital image
analysis: An introduction. In Remote Sensing
Digital Image Analysis: An Introduction (Vol.
9783642300). https://doi.org/10.1007/978-3-642-
30062-2

Roelfsema, C., & Phinn, S. (2008). Evaluating eight field
and remote sensing approaches for mapping the
benthos of three different coral reef environments in
Fiji. Remote Sensing of Inland, Coastal, and
Oceanic Waters, 7150, 71500F.
https://doi.org/10.1117/12.804806

Satheesh, S., & Wesley, S. G. (2012). Diversity and
distribution of seaweeds in the Manapad Regions ,
Southern coast of Tamilnadu , India. Biodiversity
Journal, 6(0973), 75-78.

Septiani, E., Pratama, G., & Putri, R. M. S. (2017).
Kandungan Na-Alginat dari Rumput Laut Padina sp
Menggunakan Konsentrasi Kalium Hidroksida
Yang Berbeda. Jurnal Biosfera, 34(3), 110-116.
https://doi.org/https://doi.org/10.20884/1.mib.2017.

34.3.500
Setyawidati, N. A. R., Puspita, M., Kaimuddin, A. H.,
Widowati, I., Deslandes, E., Bourgougnon, N., &

Stiger-Pouvreau, V. (2018a). Seasonal biomass
and alginate stock assessment of three abundant
genera of brown macroalgae using multispectral
high resolution satellite remote sensing: A case
study at Ekas Bay (Lombok, Indonesia). Marine
Pollution Bulletin, 131(November), 40-48.
https://doi.org/10.1016/j.marpolbul.2017.11.068

Setyawidati, N., Kaimuddin, A. H., Wati, I. P., Helmi, M.,
Widowati, 1., Rossi, N., ... Stiger-Pouvreau, V.
(2018b). Percentage cover, biomass, distribution,
and potential habitat mapping of natural
macroalgae, based on high-resolution satellite data
and in situ monitoring, at Libukang Island, Malasoro
Bay, Indonesia. Journal of Applied Phycology,
30(1), 159-171. https://doi.org/10.1007/s10811-
017-1208-1

Setyoaji, M. |, Subehi, M., . S., & Nugrahani, R. A. (2019).
Pembuatan Natrium Alginat Dari Alga Coklat
(Phaeophyta) Dan Pengaruh Penambahannya
Pada Sifat Antibakterial Sabun Minyak Dedak Padi
(Rice Bran Qil). Jurnal Rekayasa Dan Manajemen
Agroindustri, 7(3), 370.

107



Globe Volume 25 No. 2 Oktober 2023: 97-108

https://doi.org/10.24843/jrma.2019.v07.i03.p04

Siregar, V. P., Agus, S. B., Subarno, T., & Prabowo, N.
W. (2018). Mapping shallow waters habitats using
OBIA by applying several approaches of depth
invariant index in North Kepulauan Seribu. I0P
Conference Series: Earth and Environmental
Science, 149(1). https://doi.org/10.1088/1755-
1315/149/1/012052

Siregar, Vincentius P. (2010). Pemetaan Substrat Dasar
Perairan Dangkal Karang Congkak dan Lebar
Kepulauan Seribu Menggunakan Citra Satelit
Quickbird. E-Jurnal llimu Dan Teknologi Kelautan
Tropis, 2(1), 19-30.

Siregar, Vincentius Paulus, Wouthuyzen, S., Sunuddin,
A., Anggoro, A., & Mustika, A. A. (2013). pemetaan
Habitat Dasar Dan Estimasi Stok lkan Terumbu
Dengan Citra Satelit Resolusi Tinggi. Jurnal llmu
Dan Teknologi Kelautan Tropis, 5(2), 453-464.
https://doi.org/http://dx.doi.org/10.29244/jitkt.v5i2.7
573

Subagan, K. N. G.D., Suhendra, L., & Wartini, N. M.
(2020). Karakteristik Bubuk Alginat dari Alga Coklat
Sargassum sp. pada Perlakuan Waktu dan Suhu
Maserasi. Jurnal Rekayasa Dan Manajemen
Agroindustri, 8(1), 105.
https://doi.org/10.24843/jrma.2020.v08.i01.p11

Sun, Z., Dai, Z., Zhang, W., Fan, S,, Liu, H., Liu, R., &
Zhao, T. (2018). Antiobesity, antidiabetic,
antioxidative, and antihyperlipidemic activities of
bioactive seaweed substances. In Bioactive
Seaweeds for Food Applications: Natural
Ingredients for Healthy Diets. Elsevier Inc.
https://doi.org/10.1016/B978-0-12-813312-
5.00012-1

Sunar, S. M. (2015). Pengukuran Kadar Natrium Alginat
Dari Alga Cokelat Spesies Sargassum Sp. Sebagai
Bahan Dasar Pembuatan Bahan Cetak Kedokteran
Gigi (Irreversible Hydrocolloid/Dental Impression
Material) (pp. 1-45). pp. 1-45. Makassar:
Universitas Hasanuddin.

Supribadi, K., Khakhim, N., & Purwanto, T. H. (2014).
Analisis Metode Support Vector Machine (SVM)
Untuk Klasifikasi Penggunaan Lahan Berbasis
Penutupan Lahan Pada Citra Alos Avnir-2. Jurnal
Teknologi Dan Sistem Informasi, 28(1), 71-80.
Retrieved from
https://hsgm.saglik.gov.tr/depo/birimler/saglikli-

108

beslenme-hareketli-hayat-
db/Yayinlar/kitaplar/diger-kitaplar/TBSA-
Beslenme-Yayini.pdf

Tambunan, A. P. M., Rudiyansyah, & Harlia. (2013).
Pengaruh  Konsentrasi Na2CO3  Terhadap
Rendemen Natrium Alginat dari Sargassum
cristaefolium Asal Perairan Lemukutan. Jurnal
Kimia Khatulistiwa, 2(2), 112-117.

Wardani, W. D., Kawiji, & Manuhara, G. J. (2009). Isolasi
dan Karakterisasi Natrium Alginat Dari Rumput
Laut Sargassum Sp. Untuk Pembuatan Bakso Ikan
Tenggiri (Scomberomorus Commerson).
Biofarmasi, 7(2), 59-67.
https://doi.org/10.13057/biofar/f070201

Wibowo, A., Ridlo, A., & Sedjati, S. (2013). Pengaruh
Suhu Ekstraksi Terhadap Kualitas Alginat Rumput
Laut Turbinaria sp. dari Pantai Krakal, Gunung
Kidul-Yogyakarta. Journal of Marine Research,
2(3), 15-24.

Wicaksono, P. (2016). Pemetaan Makro Alga
Menggunakan Citra Penginderaan Jauh Resolusi
Spasial Tinggi di Pulau Kemujan Kepulauan Kari ....
Prosiding Seminar Nasional Teknologi Terapan SV
UGM, (March).
https://doi.org/10.13140/RG.2.1.2318.5044

Wicaksono, Pramaditya. (2014). the Use of Image
Rotations on Multispectral- Based Benthic Habitats
Mapping. PORSEC 2014, (November), 4-7.
https://doi.org/10.13140/2.1.3877.6006

Wicaksono, Pramaditya, Aryaguna, P. A., & Lazuardi, W.
(2019). Benthic habitat mapping model and cross
validation using machine-learning classification
algorithms. Remote Sensing, 11(11), 1-24.
https://doi.org/10.3390/rs11111279

Wouthuyzen, S., Herandarudewi, S. M. C., & Komatsu, T.
(2016). Stock Assessment of Brown Seaweeds
(Phaeophyceae) Along the Bitung-Bentena Coast,
North Sulawesi Province, Indonesia for Alginate
Product Using Satellite Remote Sensing. Procedia
Environmental Sciences, 33, 553-561.
https://doi.org/10.1016/j.proenv.2016.03.107

Wouthuyzen, S., Mira, S., Cor, C., Nikijuluw, I., Suhardi,
Mansur, A., & Sepa, N. (2015). [Laporan Akhir]
Keanekaragaman Hayati Laut Pulau Pari dan
Pendugaan Stoknya. Retrieved from
http://pekka.or.id/documents/Laporan tahunan
Pekka 2015.pdf



