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ABSTRACT

Seagrass beds are important components of a coastal ecosystem. This ecosystem serves as the primer producers of 
the water food chain, habitat for marine biota, produces organic carbon, and indirectly contributes to the economic 
well-being of coastal communities. However, the ecosystem is vulnerable to damage caused by natural factors and 
human activities. The objectives of this study were, firstly to identify the distribution of seagrass beds in Tanjung 
Benoa using Sentinel 2B satellite imagery and secondly to compare classification results from two different approaches 
namely pixel-based image classification and object-based image classification. Accuracy-test was carried out using 
field data reference of 195 sample points in the form of a 10 m X 10 m transect. The image pre-processing process 
was conducted with Bottom of Atmosphere (BoA) correction using the Dark Object Subtraction (DOS) method. 
Furthermore, the water column correction was performed using the Depth Invariant Index (DII) and the Lyzenga 
algorithm. The mapping results showed that the area of seagrass beds in the shallow waters of Tanjung Benoa reaches 
242.99 ha. There were seven seagrass species in the study area, with an average cover of 75%. The accuracy of 
object-based image classification was higher than that of pixel-based classification with a difference up to 25% for 
six classes classification and 15% for two classes classification. Excellent results for classifying seagrasses based on 
cover density can be obtained when high-resolution satellite imagery and OBIA are combined with the SVM or Fuzzy 
Logic algorithm.
Keywords: Image classification; seagrass beds; Sentinel 2B; Tanjung Benoa; water column correction

ABSTRAK

Hamparan rumput laut adalah komponen penting dalam ekosistem pantai. Ekosistem ini berfungsi sebagai 
pengeluar primer rantai makanan air, habitat biota marin, menghasilkan karbon organik dan secara tidak langsung 
menyumbang kepada kesejahteraan ekonomi komuniti pesisir. Walau bagaimanapun, ekosistem terdedah kepada 
kerosakan yang disebabkan oleh faktor semula jadi dan aktiviti manusia. Objektif kajian ini adalah, pertama untuk 
mengenal pasti taburan hamparan rumput laut di Tanjung Benoa menggunakan imej satelit Sentinel 2B dan kedua 
untuk membandingkan hasil pengelasan daripada dua pendekatan berbeza, iaitu pengelasan imej berasaskan piksel 
dan pengelasan imej berasaskan objek. Ujian ketepatan dijalankan dengan menggunakan rujukan data lapangan 
daripada 195 titik sampel dalam bentuk transek 10 m × 10 m. Proses pra-pemprosesan imej dijalankan berdasarkan 
pembetulan Bottom of Atmosphere (BoA) dengan menggunakan kaedah Dark Object Subtraction (DOS). Tambahan 
pula, pembetulan lajur air turut dilakukan dengan menggunakan Indeks Invarian Kedalaman (DII) dan algoritma 
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Lyzenga. Hasil pemetaan menunjukkan bahawa keluasan hamparan rumput laut di perairan cetek Tanjung Benoa 
mencapai 242.99 ha. Terdapat tujuh spesies rumput laut di kawasan kajian dengan purata penutupan 75%. Ketepatan 
pengelasan imej berasaskan objek adalah lebih tinggi berbanding pengelasan berasaskan piksel dengan perbezaan 
sehingga 25% untuk pengelasan enam kelas dan 15% untuk pengelasan dua kelas. Keputusan yang baik untuk 
mengelaskan rumput laut berdasarkan kepadatan penutup boleh diperoleh apabila imej satelit resolusi tinggi dan 
OBIA digabungkan dengan algoritma SVM atau Fuzzy Logic.
Kata kunci: Hamparan rumput laut; pembentulan kolum air; pengelasan imej; Tanjung Benoa; Sentinel 2B

INTRODUCTION

Seagrass is a typical ecosystem of tropical waters 
with important ecological functions for the coastal 
environment. The ecosystems provide critical tasks such 
as being the principal source of primary production, 
creating organic matter, and providing habitat for 
various marine biota with a high economic value (Ambo-
Rappe et al. 2021; Manik & Apdillah 2020; Traganos 
et al. 2018). Around 360 fish species, 117 macroalgae 
species, 24 crustacean species, and 45 echinoderm 
species can be found in seagrass beds (Supriyadi, Iswari 
& Suyarso 2018). The ecosystem also serves as a 
spawning ground for various types of fish, supporting 
fisheries production and as well as mangrove ecosystem 
storing blue carbon stocks globally (Hidayah, Rachman 
& As-Syakur 2022; Unsworth, Nordlund & Cullen-
Unsworth 2019). Additionally, it serves as a habitat and 
feeding area for endangered species such as dugongs and 
turtles (Cullen-Unsworth et al. 2018).

Seagrass is a flowering plant or angiosperms in 
shallow marine waters. Its structure is the same as land 
plants with roots, rhizomes, leaves, and flowers. It can 
grow in the mid-intertidal area to a depth of 0.5–10 m 
and is mostly found in the sublittoral area. The capacity 
to develop in a marine environment is the outcome of 
adaptation to high salinity conditions (Ambo-Rappe et al. 
2021). Seagrass may also establish roots in the substrate 
to act as anchors and grow in a wet environment due to 
its hydrophilus adaptation. Moreover, it forms an expanse 
consisting of one species or more called a seagrass 
bed. More species are found in the tropics than in the 
sub-tropics, and one of the countries having the richest 
seagrass species in the world is Indonesia, with 13 out 
of 58 species (Short et al. 2007).

The seagrass beds in Indonesia are estimated 
at 3,000,000 ha (Unsworth et al. 2018). The area 
calculation carried out by the National Oceanographic 
Research Center obtained more detailed results, reaching 
2.934.600 ha with an estimated 97.05% spread over 

the eastern part (Sjafrie et al. 2018). Based on these 
data, Indonesia accounts for approximately 18.29% of 
the total area of seagrass in the world (Mckenzie et al. 
2020). The condition of seagrass beds in Indonesia can 
be categorized into three classes, namely good (43%), 
moderate (50%), and damaged (7%). Damage to seagrass 
ecosystems results from changes in environmental 
conditions mostly due to coastal development, coastal 
and land reclamation, coral and sea sand mining, and 
waste disposal (Fortes et al. 2018; Unsworth et al. 2018). 
However, the real impact of the damage is the decrease 
in the diversity of marine life due to the decline in the 
ecological function of the ecosystem (Saraswati et al. 
2021). The decline in the diversity of biota also impacts 
the fishing activities of coastal communities, namely an 
increase in the operational costs of fishermen. Moreover, 
damage to seagrass can impact the balance of CO2 
and O2 in the atmosphere due to the disturbance of the 
photosynthesis process.

Information on the distribution of tropical coastal 
ecosystems can be obtained by analyzing satellite 
imagery data (Brown et al. 2018; León-Pérez, Hernández 
& Armstrong 2019). In contrast to the spatial data of 
mangroves and coral reefs, information on the distribution 
of seagrass beds is more difficult to obtain, especially in 
Indonesia (Dewi & Abidin 2021; Fauzan, Wicaksono & 
Hartono 2021). However, acquiring satellite imagery is 
now becoming easier with various medium-resolution 
images, for examples Landsat 8 and Sentinel 2A/2B 
provided by several international institutions such as 
NASA and ESA. Even though seagrass beds are objects 
below the water surface, their presence and distribution 
can still be observed (de Keukelaere et al. 2018; Gapper 
et al. 2018). 

The classification technique, which is the analytical 
ability to distinguish seagrass from other shallow 
water objects such as coral reefs, sand, and coral 
fragments, is the main issue that limits the accuracy of 
seagrass identification using satellite imagery. Incorrect 
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classification techniques can have an effect on the resulting 
map and area calculations. The maximum likelihood 
algorithm is an example of pixel-based classification 
technique that produces excellent classification accuracy 
for high-resolution images such as World View 2 or Geo-
Eye. However, several studies have shown a significant 
decrease in accuracy when using medium-resolution 
satellite imagery (Coffer et al. 2020; Kohlus et al. 2021; 
Lizcano-Sandoval et al. 2022). In recent years, there has 
been growing interest in using satellite images to map 
coastal ecosystems in significant details. Due to the access 
to medium-resolution satellite images is becoming widely 
available, it is critical to develop a proper classification 
method for mapping shallow water ecosystems such as 
seagrass beds. 

The first objective of this study was to map the 
distribution of seagrass beds in Tanjung Benoa, 
Bali, using medium-resolution imagery, specifically 
Sentinel-2B. Second, in order to achieve more 
precise classification results, this study compares two 
classification methods: pixel-based image classification 
and object-based image classification. Pixel-based 
classification is performed for each land cover object 
using the supervised maximum likelihood classification 
method, which is guided by pixel values classified as 
objects through sample training (Hidayah & Wiyanto 
2017). Meanwhile, object-based classification is used to 
define object classes based on spectral and spatial aspects 
simultaneously using multiscale segmentation (Hossain 
& Chen 2019).

The environmental quality of coastal areas with 
extensive human activity should be monitored on a 
regular basis. Tanjung Benoa is one of Bali’s most popular 
tourist destinations for watersports. However, what is 
not yet clearly observed is the the state of its benthic 
ecosystem. Mapping the distribution and condition of 
seagrass beds is critical given the importance of its 
environmental function as well as other vital coastal 
ecosystems such as mangroves and coral reefs.

MATERIALS AND METHODS

RESEARCH LOCATION AND TIME

This study was conducted at the Tanjung Benoa waters, 
located in Denpasar City, Bali, Indonesia (Figure 
1). This location is well known as a centre for water 
sports and marine tourism in Bali. Tanjung Benoa 
is about 173.75 ha with an average depth of 5-6 m 

and characterized with calm waves. Some diving and 
snorkeling spots in this location are crowded with 
tourists, especially during the holiday season. Field data 
collection was carried out in October-December 2021. 
Retrieval of field data included identification of species 
and measurement of seagrass cover using quadratic 
transects. Data processing and analysis of satellite images 
were performed at the Center for Environmental Research 
of Udayana University.

SATELLITE IMAGE

Information on the benthic substrate was obtained by 
analyzing the Sentinel 2B Level 1C satellite image 
acquired on 23 November 2021. The Sentinel 2B satellite 
was launched in March 2017, preceded by the Sentinel 
2A satellite launch in June 2015. These two satellites 
have the same characteristics. Therefore, they are often 
called twin satellites. The Sentinel-2 satellite carries 
onboard multispectral imaging (MSI) instrument with the 
capability to record 13 bands of the wave spectrum at a 
wavelength of 0.433-2190 μm (Table 1). Sentinel 2A and 
2B images can be accessed freely through the Copernicus 
Open Access Hub (https://scihub.copernicus.eu/). The 
wave spectrum channel used was bands 2, 3 and 4 (blue, 
green and red) with 10 m × 10 m spatial resolution.

FIELD DATA COLLECTION AND ANALYSIS

Field data collection was carried out using the UPT 
(Underwater Photo Transect) method with a 10 m × 10 
m transect adjusted to the resolution of the Sentinel-2B 
image. Photographs were taken nine times on each 10 
m × 10 m transect and ground truth habitat using a 
1 m × 1 m quadrant transect as the photo frame area 
(Figure 2). Furthermore, the field data collection survey 
of benthic habitats used the purposive sampling method, 
which considered the diversity of shallow marine bottom 
habitat classes.

Data processing was conducted by organizing 
each field data in coordinate points and classification 
classes according to objects. The field data used were 
195 sample points in the form of a 10 m × 10 m transect 
(Figure 3). The data for the classification and accuracy 
test consisted of the coordinates of each class with a ratio 
of 1:1 in each class. The Quantum GIS software converted 
the classification and accuracy test results into .shp file 
format. This format change simplifies the classification 
process and tests accuracy when processing image data.
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FIGURE 2. 10 m × 10 m transect for field data collection

FIGURE 1. Research location showing the area of Tanjung Benoa and 
seagrass field sampling points
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TABLE 1. Basic characteristics of Sentinel 2B multi-spectral instruments

Band Resolution Wavelength 
(μm) Description

B1 60 0,433 Ultra-Blue coastal and aerosol

B2 10 0,490 Blue

B3 10 0,560 Green

B4 10 0,665 Red

B5 20 0,705 Visible and Near Infrared (VNIR)- vegetation red edge 1

B6 20 0,740 Visible and Near Infrared (VNIR)- vegetation red edge 2

B7 20 0,783 Visible and Near Infrared (VNIR)- vegetation red edge 3

B8 10 0,842 Near-Infrared (NIR)

B8A 20 0,865 Narrow Near Infrared (NNIR)

B9 60 0,945 Short Wave Infrared (SWIR) - water vapour

B10 60 1,375 Short Wave Infrared (SWIR)- cirrus 

B11 20 1,610 SWIR

B12 20 2,190 SWIR

FIGURE 3. Classification of 10 m × 10 m sample points by cover class
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SATELLITE IMAGE PROCESSING

Sentinel-2B Level 1C image pre-processing includes 
radiometric correction, stacking, cropping, and masking. 
The radiometric correction made is the Bottom of 
Atmosphere (BOA) correction. The BOA correction 
process was conducted using the Dark Object Subtraction 
(DOS) method available on the Semi-Automatic 
Classification Plugin (SCP) tool in the Quantum GIS 
software. This plugin provides a set of interrelated 
analysis tools and a user interface to simplify and 
automate the land cover classification phase, from 
downloading to processing satellite imagery (Congedo 
2021).

The results of the pre-processing of the Sentinel-2B 
image were then continued with water column correction 
using Depth Invariant Index (DII). Water column 
correction improves image quality by eliminating 
disturbances using the Lyzenga algorithm. The 
correction assumes that the light entering the water 
column will decrease exponentially with increasing 
depth (attenuation). Furthermore, the correction uses 
visible light band composition by extracting the spectral 
value of the image on the substrate type from different 
depths. The pair of bands used is band 2 (blue), band 3 
(green), and band 4 (red), and the Lyzenga algorithm 
formulation is as follows: 

 

where Li is the spectral value of the green channel on 
the Sentinel 2B image; and LJ is the spectral value of 
the blue channel on the Sentinel 2B image. 

The object-based classification method or OBIA 
(Object-Based Image Analysis) is conducted by 
segmenting the image using the MRS (Multi-Resolution 
Segmentation) algorithm. Segmentation with this 
algorithm is based on three parameters, namely scale, 
shape, and compactness. These three parameters will be 
used as input features to build a rule set in the process 
tree. The rule is a collection of several algorithms used to 
classify objects into certain classes. The MRS algorithm 
has the following equation:

Sf = wcolour x hcolour + (1- wcolour) x hshape

where Sf is the segmentation function; wcolour is the colour 
parameter weight; hcolour is the colour parameters; hshape 
is the shape parameter weight; and wcolour is the shape 
parameter. 
 The multiscale classification concept developed 
consists of two levels of image objects, specifically  
level 1 (reef level) and level 2 (benthic habitat). 
Classification at level 1 applies a threshold value to 
produce the desired object. The threshold value is 
obtained from try and error to determine the optimum 
value, and at level 1, the segmentation uses a scale of 
10. Classes at level 1 consist of land with shallow and 
deep water separated using a threshold value of NDVI 
(Normalized Difference Vegetations Index) by dividing 
the difference of pixel value in the Near Infrared 
(NIR) band and Red band by the sum of NIR and Red 
band. Negative values of NDVI (values approaching 
-1) correspond to water while valus close to zero (-0.1 
to 0.1) generally correspond to sand or land. Shallow 
water segmentation at level 2 uses a scale of 5, and the 
classification uses a classifier by applying the Support 
Vector Machine (SVM) algorithm with a thematic layer 
for benthic habitat classes. The SVM algorithm is as 
follow (Tzotsos 2006):  

where K is the kernel function; xi is the training sample; 
ζi is the lagrange; S is the part of the training sample 
corresponding to the non-zero lagrange multiplier; and 
w0 is the hyperplane parameters. 

Pixel value-based classification was conducted with 
a guided classification using the Maximum Likelihood 
algorithm. Maximum Likelihood classification considers 
the maximum probability of several pixels in the input 
image. This method aims to minimize class overlap. 
This method uses Region of Interest (ROI) data as a 
classification reference in field data. The algorithm used 
is based on the Bayesian equation as follow: 

where P is the likelihood distance weight; C is the 
class index; X is the pixel value of candidate class; 
µc is the average of training for class c; Ac is the 
priori percentage for class c; |Ʃc| is the determinant 
of the variance matrix for class c; Ʃc

-1 is the inverse 
diversification matrix for class c; and T is the matrix 
round.

Depht Invariant Index = Ln (Li) −  [(ki
kj) xLn (Lj)] ki

kj =  √(a + (a2 + 1)) 

a =  
(var Li − var Lj)

(2 x cov Li. Lj)  

 

Depht Invariant Index = Ln (Li) −  [(ki
kj) xLn (Lj)] ki

kj =  √(a + (a2 + 1)) 

a =  
(var Li − var Lj)

(2 x cov Li. Lj)  

 

f (x): ∑ζiyiK(xix) + w0 

 

P = ln(Ac) – 0,5ln(|Ʃc|) – 0,5[(x - µc)T(Ʃc
-1)(X - µc)] 
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The classification results of remote sensing data 
were validated using an error matrix (confusion matrix). 
This method compares image classification results with 
the observations in the field (Kovacs et al. 2018; León-
Pérez, Hernández & Armstrong 2019). The accuracy 
test consisted of overall accuracy (OA), producer (PA), 
and user accuracy (UA). The OA value is correctly the 
overall percentage of classed pixels, the PA value is the 
average probability of a pixel showing the distribution 
of each class in the field (Poursanidis et al. 2019), and 
the UA is the average probability of a pixel representing 
a particular class. The calculation of the accuracy value 
was based on the following equations: 

 

After calculating the accuracy value, the kappa 
value of each error matrix in each experiment was 
calculated. The Kappa test is used to assess the accuracy 

of the error matrix (Richards & Jia 2006), and the 
coefficient has a range of 0-1 (Table 2) and is calculated 
by the following equation: 

where r is the number of rows in matrix; xii is the number 
of observations in row i and column i; xi+ and x+I is the 
Marginal total of row i and column i, respectively; N is 
the total observations.

RESULTS AND DISCUSSION

SEAGRASS  COVER

Seagrass bed communities in the shallow waters of 
Tanjung Benoa can be found at a distance of 0-400 m 
from the shoreline (Figure 3). Analysis of seagrass cover 
in benthic environments showed mixed results. Table 
3 summarizes 195 transects with 1,746 sample points. 
Seagrass cover of 75%-100% appears to dominate, with 
the percentage reaching 40.78% of the total sample points. 
Furthermore, 15.41% and 17.98% points obtained results 
from 50% and 25% seagrass cover, while around 25% 
of the sample points obtained results without seagrass 
cover (Table 4). 

Overall accuracy =  
∑ niik
i=1
n  

Producer accuracy =  
njj
n+j 

User accuracy = 
nii
ni+ 

 
 
 

Kappa coefficient (K) = 
N∑ xiir

i=1 −∑ (xi+,x+i)r
i=1

N2−∑ (xi+,x+i)r
i=1

 

 

Overall accuracy =  
∑ niik
i=1
n  

Producer accuracy =  
njj
n+j 

User accuracy = 
nii
ni+ 

 
 
 

Kappa coefficient (K) = 
N∑ xiir

i=1 −∑ (xi+,x+i)r
i=1

N2−∑ (xi+,x+i)r
i=1

 

 

TABLE 2. Kappa coefficient alue range for accuracy test

Kappa coefficient value Classification

<0.4 Bad accuracy

0.41–0.60 Medium accuracy

0.61–0.80 Good accuracy

>0.80 Excellent accuracy

TABLE 3. Field observation results of seagrass cover

Seagrass cover (%) Number of points Percentage (%)

0 451 25.83

25 314 17.98

50 269 15.41

75 347 29.87

100 365 10.90

Total 195 100
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TABLE 4. Observations of 1 m × 1 m transect cover class

Cover class Number of points Percentage (%)

Algae 52 2.98

Dead coral 112 6.99

Seagrass (<50%) sand dominant 17 0.50

Seagrass 75% 721 41.29

Seagrass 100% 568 32.53

Sand 174 9.97

Coral fragments 102 5.84

Total 195 100

BOA CORRECTION

The atmosphere affects the travel of electromagnetic 
waves from the sun to the object and from the object to 
the sensor, which causes a difference in the reflectance 
value of the image. This atmospheric effect (noise) 
is divided into molecular (rayleigh scattering) and 
particle (noodle scattering or aerosol scattering) effects. 
Therefore, atmospheric correction is needed to eliminate 
these effects on remote sensing data recorded by satellite 
sensors. The reflectance value in the analysis of satellite 
imagery was divided into Top of Atmosphere (TOA) 
reflectance captured by the sensor while BOA reflectance 
was corrected by the atmosphere. Sentinel 2B image used 
is Level 1C which has undergone geometric and TOA 
correction. This is effective for correcting atmospheric 
disturbances such as the effect of water vapor and aerosol 
in the form of thin fog, smoke, and thin clouds (Ariza, 
Robredo Irizar & Bayer 2018; de Keukelaere et al. 2018). 
The BOA correction results can change the digital value 
of image pixels into reflectance values received by objects 
(Table 5). 

WATER COLUMN CORRECTION

Water column correction was carried out by calculating 
the Depth Invariant Index (DII), which used information 
from the ratio of the attenuation coefficient for each 
pair of visible light bands (Ki/Kj) (Table 6). Then, the 
best band pair selection was carried out based on the 
regression parameter of the logarithmic value of the pixel 

values in each band (Gapper et al. 2018). The regression 
relationship for each pair is presented in Figure 4, and 
the results show that the pairs of bands 2 and 3 (blue and 
green) had better results than others with R2 = 0.9594. 

The algorithm was then transformed into image data 
to correct the water column. The results were used to 
classify benthic habitats and seagrass beds. The difference 
between corrected and uncorrected data was obvious 
since there was a visible color shift on the sand substrate 
in the waterways. They seemed brighter and clearer than 
those without adjusted water columns. Conversely, the 
uncorrected image of the sand substrate water column 
looks bluish (Figure 5). 

MULTISCALE OBJECT-BASED IMAGE CLASSIFICATION

The basic of the object-based image classification 
(OBIA) process is segmentation (Ariza, Robredo Irizar 
& Bayer 2018; Dattola et al. 2018). Classification 
level 1 (reef level) aims to classify land areas, shallow 
waters, and deep waters (Figure 6). This process uses 
the threshold value (threshold) of NDVI (Normalized 
Difference Vegetation Index). The value for the land, 
shallow water, and deep water are 0.0345 and 0.345. 
There are 283.87 ha of land, 288.59 ha of shallow 
water, and 551.64 ha in the entire study area based on 
categorization findings from level 1. 

After obtaining shallow water classes at level 1, 
re-segmentation was conducted for classification at level 
2. The results of level 1 classification were used for 
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level 2 where shallow water areas were classified into 
two thematic layers, consisting of six benthic habitats 
with seagrass and non-seagrass classes. This advanced 
and multi-stage classification aims to improve pixel 
segmentation in various classes.

Level 2 classification was conducted by a guided 
classification method using the Support Vector Machine 
(SVM) algorithm with the layer values (mean and 
standard deviation) of all visible light bands and 
the composition of DII band pairs. The results of level 

2 classification in six benthic habitats with seagrass 
and non-seagrass classes are presented in Figure 7. 
Classification level 2 in six benthic habitat classes 
obtained the area of each class, including seagrass class 
of 242.99 ha, seagrass and sand of 4.92 ha, death coral 
of 2.47 ha, algae of 0.19 ha, ruble of 6.05 ha, and sand 
of 2.23 ha from a total area of 258.85 ha. The level 
2 classification for seagrass and non-seagrass classes 
obtained an area of 246.60 ha for the seagrass and 12.25 
ha for the non-seagrass class.

TABLE 5. Sentinel-2B image pixel values corrected for BOA

Band
Pixel value before BOA correction Pixel value after BOA correction

Min Max Mean Stdev Min Max Mean Stdev

Band 2 346 15,493 1,615.435 1,698.148 0 10,000 958.5119 1,686.887

Band 3 1 14,977 1,326.535 1,746.349 0 10,000 924.2323 1,733.284

Band 4 1 16,598 1,142.855 1,907.661 0 10,000 968.2271 1,877.899

TABLE 6. Calculation of the Lyzenga algorithm

Band Band Covariance A Ki/Kj Algorithm

Band 2 B2/B3 0,014423 -0,191838 0,82639 alog(b2)-(0.8264*(alog(b3)))

Band 3 B2/B4 0,022304 -0,879035 0,45239 alog(b2)-(0.45239*(alog(b4)))

Band 4 B3/B4 0,028102 -0,599216 0,56657 alog(b3)-(0.56657*(alog(b4)))

FIGURE 4. Regression analysis of band pairs 2,3 and 4 on Sentinel Image 2B
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FIGURE 5. Image of Sentinel-2B (a) before water column correction and (b) 
after water column correction

FIGURE 6. Level 1 classification 
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CLASSIFICATION BASED ON PIXELS/MULTISPECTRAL

Pixels/Multispectral was used for the classification of 
six benthic habitats with seagrass and non-seagrass 
classes by cutting the combined DII band according to 
the shallow water area due to level 1 classification in 
the OBIA method. The combined DII band image was 
classified using the Maximum Likelihood algorithm 
through the ROI of field data. The maximum Likelihood 
algorithm is commonly used in supervised classification 
techniques with remote sensing satellite imagery data or 
other underwater vehicles to identify types of shallow 
bottom substrate cover (Hidayah & Wiyanto 2017; 
Kovacs et al. 2018; Mogstad, Johnsen & Ludvigsen 2019; 
Niroumand-Jadidi, Pahlevan & Vitti 2019; Poursanidis 
et al. 2021). The algorithm groups the unknown pixels 
based on the average vector and the variance matrix of 
each information class spectral pattern. Image pixels 
are entered into one class with the highest probability 
(opportunity). This Maximum Likelihood classification 
evaluates the variance and covariance of the category 
spectral response patterns quantitatively when classifying 
unknown pixels. The classification results of the six 
benthic habitats with the seagrass and non-seagrass 
classes are shown in Figure 8. 

The results of level 2 classification of six benthic 
habitats and seagrass and non-seagrass classes with 
different methods and algorithms gave different 
distribution and classification results. However, this 
study used the same field data for classification in each 
method (Table 7). The wide difference was caused by the 
way the pixel values were read and the grouping of each 
pixel into the desired classification class by each method 
and algorithm.

ACCURACY TEST

The difference in the results of level 2 classification 
in the object-based and pixel-based methods showed 
differences in the process and execution of each 
method in classifying benthic habitats. Additionally, 
the different results of this classification method gave 
different distribution and area results. Therefore, the best 
classification results were achieved by performing an 
accuracy test on each classification. The accuracy test on 
the classification of six benthic habitats with seagrass 
and non-seagrass classes used 872 field data consisting 
of all classification classes. The confusion matrix results 
are presented in Table 8 and were used to determine the 
accuracy of the classification findings in this study. 

FIGURE 7. Object-based level 2 classification with SVM algorithm
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The accuracy test on the classification results 
showed that the number affects the accuracy level. 
This is evident from the overall accuracy value in the 
classification of two classes greater than the six classes 
classification of benthic habitats. The overall accuracy 
value of the object-based SVM algorithm classification 
with two classes was 85.43%, and for the six classes 
was 77.71%. Meanwhile, the overall accuracy value 
of the pixel-based Maximum Likelihood algorithm 
classification with two classes was 71.01%, and six 
classes of benthic habitat were 50.62%. Based on this 
accuracy test, the classification method with the best 
value was the OBIA-based classification method with 
the SVM algorithm. The two classes of seagrass and 
non-seagrass with the six benthic habitat classes were 
included. A higher level of object-based classification 
accuracy than pixel-based was found in other seagrass 
research and mapping, such as in the Thousand Islands 

north of Jakarta and Kodingareng Lompo Island, 
Spermonde Islands in southwest Sulawesi (Sabilah, 
Siregar & Amran 2021; Siregar et al. 2018). 

Based on the results of object-based classification, 
the optimistic estimate of the area of   the seagrass 
community in Tanjung Benoa is around 242.99 ha, 
with an average dominant cover of 75%. Seven 
species of seagrass were found, namely Cymodocea 
serrulata, Cymodocea rotundata, Thalassia hemprichii, 
Syringodium isoetifolium, Halodule pinifolia, Halodule 
ovalis, and Halodule uniervis. Previously published 
research data found a higher composition of seagrass 
in the Riau Islands with ten species (Kawaroe et al. 
2016). Meanwhile, research conducted on Liki Island 
and Meossu Island in Papua succeeded in making an 
inventory of seven seagrass species. The summary of 
the percentage of seagrass cover and species from the 
2016-2021 research is presented in Table 9.

FIGURE 8. Pixel-based level 2 classification with Maximum Likelihood algorithm

TABLE 7. Class area (ha) of benthic habitat based on image classification result

Classification 
Method

Six Classes Two Classes Area 

Seagrass Seagrass and 
sand Algae Dead 

coral Sand Ruble Seagrass Non-
seagrass 

OBIA-SVM 242.99 4.92 0.19 2.47 2.23 6.05 246.6 12.25 258.85

Pixels-Maximum 
Likelihood 82.35 27.32 24.81 68.19 22.26 33.98 161.18 97.73 258.91
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TABLE 8. Classification accuracy test results

Classification

OBIA-based Pixel-based 

SVM algorithm  Maximum likelihood algorithm

Kappa OA (%) PA (%) UA (%) Kappa OA (%) PA (%) UA (%)

Six Classes 0.6506 77.7019 0.3355 50.625

Seagrass 85.89 85.37 60 9.28

Seagrass and 
sand 61.87 61.87 63.41 31.71

Algae 44.44 21.05 62.87 84.31

Dead coral 96.77 98.36 1.67 16.67

Sand 90.36 83.33 78.46 54.84

Rubles 39.18 61.29 36.84 20.79

Two Class 0.6202 85.4358 0.3823 71.0069

Seagrass 89.7 90.39 69.4 87.8

Non-seagrass   72.32 71.37   75.16 48.79

OA = Overall Accuracy, PA = Producer Accuracy, UA = User Accuracy

Even though the seagrass community condition in 
Tanjung Benoa is relatively better, several factors need 
to be considered to prevent it from serious environmental 
damage. The sustainability of seagrass communities 
is highly dependent on the physical and chemical 
conditions of the waters. The main cause of damage to 
seagrass communities is the decreased water clarity due 
to high water turbidity or the entry of nutrients into the 
waters. The increase in the concentration of dissolved 
solids in the waters is caused by deforestation in the 
upstream part of the river and the cutting of mangroves 
in the coastal area (Sjafrie et al. 2018; Unsworth et 
al. 2018). Furthermore, pollution due to industry and 
aquaculture causes the waters to be exposed to excessive 
nutrients (Hasan & Widodo 2020; Nurjirana et al. 2022; 
Pardamean et al. 2021). These variables may obstruct 
the photosynthetic process of seagrass, posing a barrier 

to development. Human activities that contribute to the 
decline in seagrass areas include beach reclamation, 
dredging, and sand mining, as well as oil pollution 
(Kawaroe et al. 2016; Unsworth et al. 2018). Pollution 
from oil spills can kill marine mammals, seaweed, coral 
reefs, and fish, leading to an imbalance in the food web 
(Gani et al. 2015; Hasan & Islam 2021; Hasan et al. 
2021). It can also damage habitats and breeding grounds 
for marine animals. In the event of an oil leak, the effects 
might last for decades (Davies et al. 2014). Uncontrolled 
tourism activities can also threaten seagrass conditions. 
Seagrass beds can be damaged if repeatedly stepped 
on by tourists. The heavy tourist boat traffic can also 
directly disturb the marine life in the seagrass beds. 
Therefore, it is necessary to have a clear zoning division 
of the tourist area by prioritizing the protection area for 
seagrass ecosystems and marine biota in it.
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TABLE 9. Percentage of seagrass cover and distribution of seagrass species in Indonesia

Location Estimated 
coverage

Seagrass species 
Source

Cr Cs Ea Hm Ho Hs Hp Hu Si Th

Spermonde Islands 50% + - + -  - - - + + +  Thalib, Nurdin 
& Aris (2018)

Riau Islands 61%  +  + +  + + +  +  +  +  +  Kawaroe et al. 
(2016)

Seribu Islands 37%  +  + +  -  -  -  -  +  +  +  Kawaroe et al. 
(2016)

Talaud Islands 43%  +  -  -  -  -  +  -  +  +  +
 Kawaroe et al. 
(2016)

Lobam Island 30%  -  -  + -  -  -  -  -  -  +  Prarikeslan et 
al. (2019)

Tanimbar Island 60% +  -  +  +  +  -  -  +  +  +  Kawaroe et al. 
(2016)

Lombok Island 30%  +  -  +  +  -  - -  +  -  +

 Rahman, 
Qayim & 
Wardiatno  
(2018)

Tayando Island 43%  +  +  +  -  +  -  +  -  +  +
 Fitrian, Kusnadi 
& Persilette 
(2017)

Bunaken Island 30%  +  -  +  -  -  -  +  - +  +

 William-
Schaduw & 
Ivone Kondoy 
(2020)

Siladen Island 29%  +  -  + -  -  -  +  -  +  +

 William-
Schaduw & 
Ivone Kondoy 
(2020)

Manado Tua Island 19%  - -  -  -  -  -  +  +  +  +

 William-
Schaduw & 
Ivone Kondoy  
(2020)

Mantege Island 33%  +  -  -  -  -  -  +  -  -  +

 William-
Schaduw & 
Ivone Kondoy 
(2020)

Nain Island 26%  +  -  +  -  -  -  -  - - - 

 William-
Schaduw & 
Ivone Kondoy 
(2020)

Liki Island 82%  + -  + -  + -  +  +  +  +  Nugraha et al. 
(2021)

Meossu Island 62%  +  -  +  -  +  -  +  +  -  +  Nugraha et al. 
(2021)

Befondi Island 31%  +  -  -  -  -  -  -  - -  +  Nugraha et al. 
(2021)

Description: + (present), and - (absent).
Seagrass species: Cr = Cymodocea rotundata, Cs=Cymodocea serrulata, Ea=Enhalus acoroides, Hm=Halophila minor, Ho=Halophila ovalis, Hs= Halophila spinulosa, 
Hp=Halodule pinifolia, Hu= Halodule uninervis, Si=Syringodium isoetifolium, and Th= Thalassia hemprichii
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As a typical coastal ecosystem that is susceptible 
to harm from natural and human influences, spatial data 
monitoring of the environment is critical. Lack of detailed 
spatial information on coastal resources, especially 
mangroves, seagrasses, and coral reefs, hinders efforts 
for protection and management in the face of global 
climate change and anthropogenic impacts (Islamy & 
Hasan 2020; Poursanidis et al. 2019). The utilization 
of satellite imagery is useful for routinely generating 
spatial data on land and coastal environments with large 
areas (Adebayo, Otun & Daniel 2019; Dangulla, Munaf 
& Mohammad 2020; Fauzan, Wicaksono & Hartono 
2021). However, since access to high-resolution satellite 
pictures is restricted, medium-resolution satellite images 
such as Sentinel 2 and Landsat 8 accessed freely may 
serve as the primary alternative source of spatial data for 
environmental monitoring operations. This study showed 
that Sentinel-2 imagery can be used well for seagrass 
mapping because of the good spatial resolution, band 
availability, and radiometric accuracy.

Due to the difference in spatial resolution, the 
accuracy factor needs to be considered for more detailed 
mapping, especially for seagrass beds. The overall 
accuracy generated from high-resolution images such as 
World View 2 (1.85 meters spatial resolution) or MIVIS 
(3 meters spatial resolution) is higher than Sentinel 2 
or Landsat 8 images (Dattola et al. 2018), even though 
the resulting accuracy reaches more than 90% (Coffer 
et al. 2020; Ha et al. 2020; León-Pérez, Hernández & 
Armstrong 2019). In coastal places, the pixel reflection 
value might be affected by the occurrence of tides, even 
when utilizing high-resolution photos. An increase in the 
water volume above the shallow bottom at high tide will 
increase satellites’ attenuation and spectral absorption 
(Kovacs et al. 2018).

The image classification comparison in this study 
confirms that the multiscale object-based classification 
method with the SVM algorithm has better results than 
the pixel-based with the maximum likelihood algorithm. 
The application of multiscale classification separates 
seagrasses from other underwater objects, therefore, the 
classification results are more accurate (Rahman 2013). 
Research in Tauranga Harbor, New Zealand showed 
that the classification using the maximum likelihood 
algorithm fails to distinguish rare seagrass cover from 
the sand substrate, and hence intervention through 
machine learning approaches is needed to produce a 
better classification (Ha et al. 2020). Combining high-
resolution satellite imagery and OBIA with the SVM 
or Fuzzy Logic algorithm can provide excellent results 

for classifying seagrasses based on their cover density 
(Sabilah, Siregar & Amran 2021). 

Besides, utilizing multispectral satellite imagery due 
to remote sensing technology with a spacecraft platform, 
mapping shallow bottom substrate cover can be conducted 
with several other techniques. Underwater Hyper-Spectral 
Imaging through an Unmanned Surface Vehicle has been 
tested for mapping the bottom substrate of the waters in 
Trondheim, Norway (Mogstad, Johnsen & Ludvigsen 
2019). This approach can map six seabed cover types with 
an accuracy rate of 89%-91% using photos with a spatial 
resolution of 0.5 cm. Even though the total accuracy 
produced by this technique is quite high, specific results 
have not been obtained for seagrass beds. Meanwhile, 
another technique for mapping seagrass beds uses the 
hydro-acoustic method (Manik & Apdillah 2020). The 
quantity of seagrass biomass may be calculated using 
back-scattering strength value analysis. The accuracy 
value obtained for the classification of bottom substrate 
cover was quite high, reaching 87%. USV or hydro-
acoustic equipment mounted on the research ships can 
be an alternative for mapping seagrass beds for small 
water areas, while satellite imagery is more of an option 
for larger water areas. 

In addition, SVM produces significantly good 
results for linearly separable data. The SVM algorithm 
divides hyperplanes to maximize the margin of separation 
between classes measured along a line perpendicular 
to the hyperplane. In SVM, a hyperplane is a decision 
boundary that separates the two classes, where a data 
point on either side of the hyperplane can belong to 
distinct classes. As a result, the algorithm will select the 
best line that separates the data as well as maximize the 
distance between data points from different classes. 

However, some limitations of using SVM for 
satellite image classification must be considered. Because 
SVM relies heavily on clear class boundaries, it will 
underperform when target classes overlap (Medina & 
Atehortua 2018). In comparison to other classification 
algorithms such as maximum likelihood or random forest, 
in order to avoid confusion in the classification of non-
sampled areas, SVM requires a number of classes that 
comprehensively represent the variations of the image to 
guarantee a minimum number of support vectors. 

CONCLUSION

This study has demonstrated the ability of Sentinel 2B 
imagery to detect the type of shallow bottom substrate 
cover in Tanjung Benoa Bali. This study discovered a 
number of seagrass species that are commonly found in 
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Indonesian waters. The area of mapped seagrass beds is 
estimated at 242.99 ha, with an average cover of 75%.  
Based on the comparison of different image classification 
approach,  it is confirmed that the object-based image 
approach with SVM algorithm outperforms the pixel-
based approach with the Maximum Likelihood algorithm 
in terms of classification accuracy. 
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