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Abstract. Seagrass is a resource that plays an important role in the ecosystem. However, human 
activities such as overfishing, coastal development, and pollution pose as major threats to the marine 
environment, especially on seagrasses. Mapping technology by utilizing remote sensing produces new 
information needed so that it can provide benefits in effective planning and implementation to protect 
coastal resources. The purpose of this study is to determine the distribution and condition of seagrass 
and to verify the feasibility of using habitat cover map technology in Tanjung Merah waters using 
maximum likelihood (ML) approach. The results showed that seagrass cover in the coastal waters of 
Tanjung Merah is 52.81 ha, categorized as having dense cover (51-75%). This is a stark contrast to 
other locations, such as the Tanjung Merah and Mayat coastal areas, probably due to the prevalent 
destructive human activities in these areas. 
Key Words: mapping, marine, Northern Sulawesi, seagrass beds. 
 
 

Introduction. The importance of seagrass ecosystem in maintaining coastal ecosystems 
and hosting marine biodiversity (Topouzelis et al 2018) and habitat for fish and 
vulnerable species is well-established (Bujang et al 2006; Blandon & zu Ermgassen 
2014). Due to their ecological benefits, seagrasses also support the economy of local 
communities in coastal areas (Hossain et al 2015). In coastal areas, the population of 
seagrass beds is very vulnerable to natural physical disturbances, especially in Indonesia 
(Fonseca et al 2002). Seagrasses are also threatened due to anthropogenic impacts 
(Green & Short 2003; Lotze et al 2006; Orth et al 2006). 
 For conservation purposes, it is vital to quantify the extent of the remaining 
seagrass beds in a particular region. This is highly feasible especially with technological 
advances in such as spatial approach using satellite image data (Cao et al 2011). Landsat 
8 is the latest generation of the Landsat program (Suyarso 2019). The use of Landsat 8 
image remote sensing techniques can provide benefits in planning and implementing 
effective ways to protect coastal resources, namely seagrass in Tanjung Merah waters in 
combination with data on the distribution and condition of seagrass beds.  
 
Material and Method  
 
Description of the study site. The study was conducted in Tanjung Merah coastal 
waters, Bitung City, North Sulawesi (Figure 1) from September to October 2020. Three 
sampling locations were established: RCTI (Resort Ciptaan Tuhan yang Indah), Tanjung 
Merah, and Mayat (Table 1). 
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 Figure 1. Location map of Tanjung Merah waters, Bitung City, North Sulawesi. 
 

Table 1 
Location and position of stations in seagrass survey  

 
Location 

code Station North 
Latitude  

East 
Longitude Locality 

TMS01 1.39205 125.10701 Turtle Pier RCTI 
TMS02 1.39594 125.11263 RCTI Beach Tourism 
TMS03 1.39932 125.11705 Tanjung Merah Boat Mooring 
TMS04 1.40324 125.12065 Tanjung Merah 

Tanjung 
Merah 

TMS05 1.40981 125.12189 PT. Nutrindo 
TMS06 1.41495 125.12295 Mayat Beach Tourism Mayat 
TMS07 1.42038 125.12433 Mayat Boat Mooring 

 
Field experiment. In producing maps with high accuracy, it is necessary to take sample 
points or training areas or test areas (Region of Interest) as input for this classification. 
Training represents each class based on the homogeneity of shallow seabed habitats. 
Groundtruth was done manually by using a boat only in the water area of the research 
location and moved from one point to another while collecting data. Groundtruth directly 
observes the cover of the dominant object, then it was recorded along with position of 
the sample point using GPS. This method is called the Stop and Go method (BIG 2014). 
 Data collection was carried out on three transects in each station by drawing 
transect lines perpendiculary from the coastline with a length of 100 meters each. The 
distance between transects is 50 meters. Quadrats (50 cm x 50 cm) were placed on the 
right side of each transect on a distance of 10 meters between two consecutive quadrats 
(Rahmawati et al 2014).  
 
Seagrass analysis. In each frame the composition of seagrass species, dominance, 
mean, percentage cover and average  seagrass cover per station value were recorded: 
- calculating the seagrass cover in one frame: 
 

Total seagrass cover for frame Seagrass cover (%) = Number of frame x 100 
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- calculating the average seagrass cover per station: 
 

Total seagrass cover for all transects Mean (%) = Total of frame for all transects x 100 

 
- calculating the average dominance of seagrass species at one station: 
 

Total domination of every type of seagrass in the whole frame Mean (%) = Total of frames across the transects x 100 

 
- calculating the average seagrass cover per location: 
 

Total average value of seagrass cover for all stations in one location Mean (%) = Total of stations in one location x 100 
 

Analysis of seagrass condition data based on the coverage was classified into four 
categories, namely: rare (0-25%), moderate (26-50%), dense (51-75%) and very dense 
(76-100%) (Rahmawati et al 2014). 
 
Image analysis. This analysis used ENVI 5.3 and ArGIS software. This research 
consisted of three stages, namely image analysis, Groundtruth and image interpretation 
test. The methodological framework for image data analysis consists of: image data 
collection, image data processing, image analysis, and accuracy testing. The wavelength 
channels used in mapping are blue channel (band 2), green channel (band 3), red 
channel (band 4) and near infrared channel (band 5). The visible spectrum used in this 
study is a true color composite or a combination of blue, green and red channels called 
RGB 432. Its function can distinguish objects only in shallow water (Campbell 1996). 
Near infrared channels were used to limit land and water areas (USGS 2016).  
 
Image dataset. This research was based on Landsat-8 (Operational Land Imager; OLI) 
satellite imagery recorded on 08 March 2020 with ID 
LC08_L1TP_111059_20200308_20200314_01_T1 on Path: 111 and Row: 059. These 
images were explored and downloaded from the United States Geological Survey (USGS) 
Earth Explorer web service (http://earthexplorer.usgs.gov). 
 
Image data processing. Image data processing consists of radiometric correction, 
sunglint correction, water column correction and accuracy assessment. Radiometric 
correction used an equation (USGS 2015) which is called top of atmosphere (ToA) (Table 2): 

 
where:  = top of atmosphere (ToA) reflectance; 

 M = ‘REFLECTANCE_MULT_BAND_n’ per band; 
 A = ‘REFLECTANCE_ADD_BAND_n’ per band;  
 Qcal = digital number value; 
  = sun-elevation angle value. 
 

Sunglint correction used de-glint equation (Hedley et al 2005):   
bij’ = bij-(aij).(bNIR-bNIRmin) 

where: bij' = image of the derivative of bij; 
 aij = slope regression of the sample of bij; 
 bNIRmin = minimum sample value of bNIR. 

 
Water column correction used the equation “depth invariant index” (Lyzenga 1978): 

Y = ln(Li) - (ki/kj)*ln(Lj) 
[ki/kj = a + √(a2+1) and a = (vari-varj/2*covarij)] 

where: Y = extraction of water base information; 
 Li = reflectance value in band i; 
 Lj = reflectance value in the band j;  
 Ki/kj = ratio of attenuation coefficient in band i and band j pair; 
 a = slope of ki/kj; 
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i = number of reflectance band i; 
j = number of reflectance band j; 
Vari = variant i; 
Varj = variant j; 
Covarij = covariant i and j. 

 

Table 2 
Parameters Mρ, Aρ, Qcal, and θ for each band on the Landsat-8 OLI recording (March 08, 2020) 

 
Parameter Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7 Band 8 

M 0.00002 0.00002 0.00002 0.00002 0.00002 0.00002 0.00002 0.00002 
A -0.1000 -0.1000 -0.1000 -0.1000 -0.1000 -0.1000 -0.1000 -0.1000 

Qcal b1 b2 b3 b4 b5 b6 b7 b8 
SE 59.97194966 

(sinSE) = 
0.86578051462 

       

 
Accuracy test used an accuracy matrix table (Table 3). Kappa accuracy or Kappa 
coefficient using an equation (Green et al 2000) is a discrete multivariate way of 
calculating the classification accuracy value of the confusion matrix and has a kappa 
coefficient which has a range of possibilities from 0 to 1. The limit of the acceptable 
accuracy value for shallow water base habitat maps based on SNI 7716 (2011) 
concerning mapping of shallow seabed habitats is 60% (Lillesand et al 2008; Congalton & 
Green 2009).  
 

Table 3 
Accuracy matrix table 

 
 Data sample (j) Total (ni+) 

n11 n12 n1k n1+ 
n21 n22 n2k n2+ 

C
itr

a 
C
la

ss
ifi

ca
tio

n 
(i

) 

nk1 nk2 nkk nk+ 
Total n+j n+1 n+2 n+k N 

Source: Cangalton & Green (2009). 
 
Overall accuracy = 
 
 
Producer accuracy j  
 
 
User accuracy i  
 
Results and Discussion. Manually selected satellite imagery contains: cloud-free 
imagery, calm seas such as low or steady wind speed, and absence of major 
oceanographic phenomena such as fronts, eddies (Topouzelis et al 2018). This Landsat 8 
image has corrected the geometry with the WGS'84 datum using the Universal 
Transverse Mercator (UTM) coordinate system. 

The main problem in the initial remote sensing process was the presence of clouds 
and fog which can affect image quality and can remove the information needed in the 
remote sensing image that will be used (Kustiyo & Hayati 2016). Radiometric correction 
was carried out to overcome the disturbance which causes the digital number (DN) value 
not to be “0” in the darkest objects such as cloud shadows and deep sea. To overcome 
this, image calibration is carried out, namely changing the pixel value to a reflectant 
value using an algorithm through the ToA equation (USGS 2015). 
 The principle of passive (sunlight) or active (sensor) remote sensing undergoes 
two times atmospheric scattering and underwater attenuation in each medium Veettil et 
al (2020). The image enhancement used for mapping shallow seabed habitats is sun glint 
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correction and water column correction, by taking advantage of the effects of 
atmospheric disturbances and attenuation coefficients (Giardino et al 2019). 
 The uncorrected Glint image has a high pixel value due to the effect of reflection 
by sunlight on the sea surface which forms a perfect reverse angle to the sensor so that 
objects under the water column cannot be seen or blurred. This interference is overcome 
by utilizing the near infrared light (NIR) band, according to the de-glint equation (Hedley 
et al 2005). A linear regression equation was used between the near infrared (NIR) ray 
band as a reference (x) and the visible light band (RGB) corrected by (y). Sampling for 
pixel glint uses the ROI (Region of Interest) facility in calm (dark) deep sea waters 
without glint disturbances and waters that have maximum glint disturbances and small 
glint disturbances. The minimum value of the near infrared band (bNIR) sample obtained 
from the glinting sample is 1.1813 (NIRmin = 1.1813). Based on the minimum sample 
value of bNIR (NIRmin = 1.1813) and the regression plot (Figure 2), a de-glint derivative 
image is obtained (Table 4). 
 

 
 

 
 

 
Figure 2. Regression sample glint between two bands (band 5 and band 2, band 5 and 

band 3, band 5 and band 4). 
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Table 4 
Equation de-glint 

 
Band Slope regression (a) de-glint 
b2 0.8401 b2-(0.8401)*(b5-1.1813) 
b3 0.7876 b3-(0.7876)*(b5-1.1813) 
b4 0.9263 b4-(0.9263)*(b5-1.1813) 

 
Water column pixel samples used the ROI (Region of Interest) facility, carried out on a 
point basis (per pixel). Samples taken were sand objects at various depths (for they have 
a uniform color and are relatively the same) so that they are easily recognized, both in 
the image and in the field (Suyarso 2019). The relationship between the difference in the 
depth of the sand object to the normalized channel combination (ln) is shown in the 
regression graph (Figure 3). The shape of the trend line graph and the R2 value obtained 
is good enough for further analysis. The value of R2 for the Ln(B2)-Ln(B3) pair = 0.9629; 
R2 pair Ln(B2)-Ln(B4) = 0.9400 and R2 pair Ln(B3)-Ln(B4) = 0.8561. 

 

 
 

 
 

 
Figure 3. Regression between the two band (Ln) normalized bands collected from sand 

samples at different depths. 
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Based on the depth invariant index equation table (Table 5), the results of the 
water column correction are a new channel which is a combination between channels 
visible in the Landsat-8 image b4 (red), b3 (green), b2 (blue), namely the blue-green 
band, blue-red band, and the green-red band. Correlation between band 2 (blue) and 
band 3 (green) in the depth invariant index equation is applied to improve image quality 
and obtain information about the basic habitat of shallow sea waters.  
 

Table 5 
Invariant index depth equation for water column correction 

 
Band Variance Covariance a ki/kj Equation 

Ln(b2)-Ln(b3) 0.19634 0.27198 -
0.36637 

0.69863 alog(b2)-
(0.69863*alog(b3)) 

Ln(b2)-Ln(b4) 0.39363 0.10033 0.70368 1.92646 alog(b2)-
(1.92646*alog(b4)) 

Ln(b3)-Ln(b4) 0.05514 0.13591 0.25260 2.85540 alog(b3)-
(2.85540*alog(b4)) 

 
Unsupervised classification using the Iso-Data algorithm was performed to produce 7 
classes of pixel grouping and can be used as a base map for field tests (groundtruth). 
Supervised classification using maximum likelihood classification results in 4 classes 
(Figure 4). This method works based on probability statistical values so as to minimize 
unclassified pixels by setting a threshold value as obtained from trial and error to find the 
optimal value and produce the object class as desired (Richards & Jia 2006; Prayudha 
2012). 
 Groundtruth data from position taking represent 4 types of shallow water base 
habitat classes as many as 200 points for the validation process, the results of the digital 
interpretation accuracy test are 10 invalid points so it is said that they cannot be 
classified and 190 points are valid or can be classified which are divided into 177 samples 
classified accurate and 13 samples classified as inaccurate. The overall accuracy value 
obtained is 93.16% with a Kappa coefficient of 0.9056 (Table 6). The limit of the 
acceptable accuracy value for a shallow water base habitat map is based on SNI 7716: 
2011 concerning mapping of seabed habitats shallow, amounting to 60% (Lillesand et al 
2008; Congalton & Green 2009). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(A)               (B) 
Figure 4. (A) Habitat map of unsupervised classification, and (B) Habitat map of 

supervised classification. 
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Table 6 
Accuracy test result based on ground-truthing of parameters 

 

Data survey Result classification 
Seagrass Sand Rubble Coral 

Total User’s accuracy 
(%) 

Seagrass 64 2 0 0 66 96.97 
Sand 2 30 0 0 32 93.75 

Rubble 3 0 29 3 35 82.86 
Coral 0 2 1 54 57 94.74 
Total 69 34 30 57 190  

Producer’s accuracy (%) 92.75 88.24 96.67 94.74  
Overall accuracy (%) 93.16 

Kappa coefficient 0.9056 
 

The distribution of the bottom cover of the waters, namely seagrass, is known through 
the area value of the object from the classified image analysis results. Based on the 
interpretation of Landsat 8 imagery data, it is known that the area of seagrass in the 
waters of Tanjung Merah is 52.81 ha. The result of equation of seagrass cover and 
seagrass species dominance at each station can be seen in (Table 7). The results of the 
analysis of seagrass conditions are based on the percentage of seagrass cover according 
to Rahmawati et al 2014 (Figure 5) that the entire Tanjung Merah waters area generally 
has seagrass cover which can be categorized as solid cover (51-75%). 

 
    

   (A)               (B) 
Figure 5. (A) Distribution map of seagrass, and (B) Condition map of seagrass in Tanjung Merah 
waters, Bitung City, North Sulawesi (location 1 - RCTI coastal areas; location 2 - Tanjung Merah 

coastal areas; location 3 - Mayat coastal areas). 
 

Table 7 
Precentace of seagrass cover and seagrass species dominance at each station in Tanjung 

Merah waters 
 

Dominance of seagrass species (%) Location Station Seagrass  
cover (%) Ea Th Cs Cr Hu Hp Ho Si 

TMS01 63.64 19.70 31.82 1.52 3.79 2.27 9.85 7.58 1.52 RCTI TMS02 78.30 21.21 43.18 1.52 2.27 1.52 6.06 4.55 3.03 
Mean 70.97 20.45 37.50 1.52 3.03 1.89 7.95 6.06 2.27 

TMS03 71.21 18.94 33.59 7.58 9.09 0 13.64 0 0 
TMS04 56.63 18.94 29.69 6.82 9.09 12.12 0 0 0 Tanjung 

Merah TMS05 49.05 31.06 27.27 4.55 2.27 0 0 2.27 0 
Mean 58.96 22.98 30.18 6.31 6.82 4.04 4.55 0.76 0 

TMS06 58.33 29.55 31.82 9.09 2.27 0.00 0.00 3.03 0 Mayat TMS07 33.14 21.97 1.56 16.67 6.06 0.00 0.00 5.30 0 
Mean 45.74 25.76 16.69 12.88 4.17 0.00 0.00 4.17 0 

Where: Ea = Enhalus acoroides; Th = Thalassia hemprichii; Cs = Cymodocea serrulata; Cr = Cymodocea rotundata; 
Hu = Halodule uninervis; Hp = Halodule pinifolia; Ho = Halophila ovalis; Si = Syringodium isoetifolium. 
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Solid category with the understanding that the diversity of species and the 
percentage of cover are still relatively high. Change or loss of seagrass beds is generally 
associated with eutrophication, increased sedimentation, decreased light availability or 
direct physical disturbance (Erftemeijer & Lewis 2006; Waycott et al 2009; Unsworth et 
al 2015). These human activities are well-known as threats to seagrass ecosystems 
(Duffy et al 2018; Zoffoli et al 2020). In addition, the increase in sediment and dissolved 
sediment is also a factor in the occurrence of high turbidity, causing bad effects for 
seagrass such as failed to recover or unhealthy seagrass (Duarte et al 2008; Viaroli et al 
2008). The increase in population on the coast causes the loss and destruction of 
seagrass beds in almost all over the world as a result of the impact of human activities so 
that it significantly reduces the athropogenic impact on coastal ecosystems (Nakamura 
2009; Brodie et al 2020). 
 
Conclusions. Mapping of seagrass habitat cover in Tanjung Merah waters using Landsat 
8 imagery technique is said to be feasible because of the overall high accuracy results 
(93.16%), which passed the standards set by SNI 7716 (2011) on Basic Habitat Mapping 
of Shallow Sea Waters. The extent of seagrass beds in Tanjung Merah waters was 
determined at 52.81 ha, with the highest coverage at Tanjung Merah Beach (18.47 ha), 
followed by Mayat Beach (17.71 ha), and RCTI Beach (16.63 ha). It is now established 
that all areas of Tanjung Merah waters generally have seagrass cover which can be 
categorized as solid cover (51-75%). It is hoped that concerned management bodies will 
be able to utilize the findings of this study for purposes of conserving the remaining 
seagrass habitats in Tanjung Merah coastal waters. 
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