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Abstract

Spatial information on the varying composition of coral reefs is beneficial for the
management and preservation of natural resources in coastal areas. Its availability is
inseparable from environmental management goals; however, it can also be used as a means
of supporting tourism activities and predicting the emergence of certain living species. A
satellite image is one of the effective and efficient data sources that provide spatial
information on coral reef variations. This study aimed to evaluate the classification scheme of
coral reef life-form using images with different spatial resolutions on Parang Island,
Karimunjawa Islands, Central Java. These images were from PlanetScope (3m), PlanetScope
resampling (6m), and Sentinel-2A MSI (10m), whose spatial resolutions functioned as the
base for building the 3m, 6m, and 10m classification schemes producing 12, 11, and 9
classes, respectively. As for the classification method, it integrated both object-based and
pixel-based approaches. The results showed that the highest overall accuracy (60%) was
obtained using Sentinel-2A MSI image (10m), followed by PlanetScope (3m) with 48%
accuracy, and PlanetScope resampling (6m) with 40% accuracy. This finding indicates that
multiresolution images can be used to produce complex coral reef life-form maps with
different levels of information details.
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1. Introduction

Coral reefs are one of the natural resources in coastal areas that play fundamental
ecological roles for the life of marine flora and fauna (Larkum et al., 2006). If managed,
preserved, and utilized optimally, coral reefs can provide many benefits for coastal
communities. Their exceptional socio-economic and cultural values and interests spread
beyond their function as fish habitat, including abundant sources of seafood, coastal

protection, and marine tourism (Giyanto et al., 2017). Therefore, effective and efficient
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management and monitoring of coral reefs are paramount to improve the sustainability and
usefulness of these shallow-water ecosystems, especially when under a significant amount of
environmental stress. In this situation, spatial information on the characteristics of benthic
compositions and coral substrates becomes necessary (Hoegh-Guldberg et al., 2007). When
available, this information is not only beneficial for detecting and monitoring the impact of
environmental management and changes in the living patterns of marine biota due to altered
environmental conditions, but it can also be used as support facilities in tourism (Dudgeon et
al., 2010).

Most importantly, spatial information on coral reef life-forms is acquired for its close
relationship with coastal environment dynamics, especially with several coastal environment
aspects. Complex geomorphological characteristics and diverse life-form compositions can
be used in biodiversity assessment. Certain life-forms are also known to affect the growth and
development of organisms, particularly the abundance of fish (Madduppa et al., 2019), and
some are highly sensitive to the coastal environment dynamics. Therefore, their spatial
information can be the basis for monitoring, explaining the potential of and threats to coastal
resources, and ultimately creating opportunities to build and grow the blue economy (Voyer
et al., 2018).

Large-scale mapping and monitoring are a stepin coral reefs management and
conservation (Green et al., 2000). To meet these requirements means, among others, to utilize
multispectral remote sensing technology, that is, satellite imagery that can provide an
effective and efficient alternative source of data for coral reef mapping (Hedley et al., 2005).
Since multispectral satellite images with visible to near-infrared (VNIR) channels can be used
to remotely characterize benthic habitats, such as coral reefs, seagrass beds, and macroalgae
(Goodman et al., 2013), they have been widely used to map ones in optically shallow waters
(Phinn et al., 2012; Wicaksono et al. 2019a). The specifications of multispectral satellite
imagery continue to evolve, including increased spatial and spectral resolution and higher
data acquisition capacity. Straightforward integration and access to multispectral satellite
imagery enable its further development, in particular, applications for mapping, monitoring,
and modeling for coral reef studies. Such advancement can contribute to increasing the
accuracy of benthic habitats classification (Roelfsema et al., 2013).

Using different images can produce detailed information regarding the existence,
diversity, and type of coral reefs, the composition of the geomorphological zone of coral
reefs, benthic habitats, and coral life-form composition (Goodman et al., 2013). The level of

detail of coral life-form information offers depends on the spatial resolution of the image
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used (Roelfsema et al., 2013). Therefore, each remote sensing image needs to be assessed for
its capability to produce spatial information on a particular complexity of benthic habitats.

Several studies related to coral reefs use a classification scheme at the life-form level.
For example, Wicaksono (2016) mapped 28 classes of coral life-forms around Kemujan
Island, Zhang et al. (2013) used two classification schemes—namely group level (3 classes)
and code level (12 classes), Phinn et al. (2012) mapped benthic habitat communities with 15
class schemes, and Roelfsema et al. (2013) also mapped coral reefs with a 20-class scheme.
In some of these studies, the classification results do not cover all existing classes of coral
reef life-forms, indicating limitations in the ability of the used images to discriminate
between them. In addition, each coastal environment has different characteristics of coral
reefs, meaning that any classification scheme and model developments must be first adjusted
to them. Mapping coral reefs at the life-form level is one of the challenges several researchers
remain to experience, mainly because the model designed for a coastal environment depends
on the complexity of the coral reef composition and, thus, may very well be inapplicable to
other coasts. Therefore, it is imperative that the role of multiresolution imagery in producing
spatial information of coral reefs with various levels of detail be examined.

Therefore, this study aimed to evaluate the classification scheme of coral reef life-
form using images with different spatial resolutions on Parang Island, Karimunjawa Islands,
Central Java. The multispectral satellite images used in this study are Planet Scope (3m),
PlanetScope resulted from the resampling process (6m), and Sentinel-2A MSI (10m). Despite
their easy access and fitting spatial resolution for mapping the individual variation of a class
of coral reefs, these images are still rarely used in detailed benthic habitat studies, underlying
their uses in this research. The study was designed to assess the classification scheme for
coral reef life-form mapping using satellite images with different spatial resolutions on
Parang Island, Karimunjawa Islands, Central Java Province (Figure 1). Parang is one of many
islands in Indonesia that has highly diverse coastal ecosystems and is part of the
Karimunjawa National Park Region. Compared with the other regions in Karimunjawa
Islands, Parang is the least visited destination because it is located somewhat far from the
main island of Karimunjawa. Low tourism activity has little to no effect on the condition of
shallow water ecosystems on Parang Island. Accordingly, the coral reef cover on the island

remains widely diverse and preserved.
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Figure 1. The location of Parang Island

2. Methods
2.1 Image Preprocessing

The multispectral images used in the research were PlanetScope (3m spatial
resolution), PlanetScope Resampling (6m) recorded on April 30, 2018, and Sentinel-2A MSI
(10m) on April 17, 2018. These images were corrected to minimize any biases caused by
sensory and atmospheric conditions. In this study, the Sentinel-2A MSI image (10m) had the
level 1C, and its Digital Number (DN) was converted to Top-Of-Atmosphere Reflectance
(RTOA). Furthermore, this image was subjected to atmospheric, sunglint, and water column
corrections. The PlanetScope image was the SR Product that had been corrected to Bottom-
of-Atmosphere Reflectance (RBOA) and subjected to water column correction. However,
sunglint correction was not applied to the PlanetScope image because of a missed
coregistration between visible and NIR bands, entirely removing the possibility of performing
this correction.The specifications of both images can be seen in Table 1.

Table 1. Specification of the PlanetScope and Sentinel-2A MSI Images (Suhet, 2014;
PlanetLabs, 2017)

Image Spesification PlanetScope Sentinel-2A MSI

Spatial Resolution (m) 3 10
Radiometric Resolution 12-bit 12-bit
Temporal Resolution 1 day 15-30 days
Spectral Resolution (um) - -

Blue Band 0.42-0.53 0.45-0.52
Green Band 0.50-0.59 0.54-0.58
Red Band 0.61-0.70 0.65-0.68
near-infrared Band 0.77-0.90 0.78-0.90

Note : For the Sentinel-2A MSI image, only the bands used in the study are presented, including
Visible — NIR bands
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2.2 Atmospheric Correction

Dark-Object Subtraction (DOS) was applied in this research because although it is
one of the simplest atmospheric correction methods (Chavez, 1996 in Nazeer et al., 2014), it
produces better results than other methods (Nazeer et al., 2014). DOS was carried out by
analyzing the reflectance of dark objects in the image, and then the reflectance value was
used to remove the atmospheric offset in the Sentinel-2A MSI image at RTOA level (Chavez,
1996 in Nazeer et al., 2014).

2.3 Sunglint Correction

Sunglint is a mirror-like specular reflection on the water surface that can produce
noise in remote sensing applications for mapping in the optically shallow and optically
deepwater regions. This study used a sunglint correction method by Hedley et al. (2005). Kay
et al. (2009) compared various sunglint correction methods and showed that the Hedley et al.
(2005) and Lyzenga et al. (2006) has the most constant results compared to other methods.
Kay et al. (2009) also explained that the use of the Hedley et al. (2005) is more suitable for
mapping benthic habitats, whereas for the correction method Lyzenga et al. (2006) is more

suitable for use in bathymetry mapping.
2.4 Water Column Correction

The water column correction of sunglint-free images aimed to minimize changes in
the spectral response of benthic habitats due to depth variations and the attenuation of
electromagnetic energy in the water column (Maritorena, 1996). Lyzenga (1978) developed
one of the most widely used algorithms for water column correction (Zhang et al., 2013) and
is one of the simplest methods of water column correction (Zoffoli et al., 2014). This water
column correction method utilizes the water column attenuation coefficient or ratio at two
different wavelengths to eliminate the need for depth information and the water column
attenuation coefficient at each wavelength (Lyzenga, 1978). The attenuation coefficient value
for each band pairis presented in Table 2.

Table 2. The ratio of water column attenuation coefficient value for each band pair

Attenuation Coefficient (ki/kj)

Image

DIl 12 DIl 13 DIl 23
Planet (3 m) 0.822 0.600 0.733
Planet Resampling (6 m) 0.854 0.601 0.710
Sentinel 2 MSI (10 m) 0.7195 0.518 0.722
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2.5 Field Data Collection

The field data were collected by the photo-transect method, which is very efficient in
terms of cost, time, and energy (Roelfsema et al., 2006). Photos of benthic habitat were
captured using an underwater camera by the surveyors while snorkeling in the optically
shallow water. A GPS 78s was attached to the surveyor and set to the tracking mode to record
coordinates at an interval of two seconds, with a UTM coordinate system in the 49M zone
and the datum WGS84. The time indicators on both GPS and underwater cameras were
synchronized (up to seconds) to geotag the taken benthic habitat photos with GPS coordinates
accurately (Phinn et al., 2012). The compositions of benthic habitat and coral reef life-forms
were obtained by interpreting the photo samples taken during the photo-transect survey in
Coral Point Count Excel (CPCe) software.

2.6 Image Classification

Images that had been subjected to water column correction functioned as the input to
the two-level classification process. In the first level, the major classifier was types of benthic
habitats, namely coral reefs, seagrass, macroalgae, and bare substratum. In the second level,
the minor classifier was the coral life-form, which was built according to the spatial
resolution and segments of the used satellite images and based on the dominant life-form
samples in each segment. In this level, the cross-classification of coral life-forms was carried
out in each spatial resolution to assess whether the classification results were consistently
accurate. After applying all classification schemes, the most suitable one for each satellite
image was determined based on the highest accuracy produced (Table 4).

As an attempt to improve mapping accuracy, this study integrated two different
approaches in the classification scheme, namely object-based and pixel-based (Ma et al.,
2017). Several studies have proven that using the hybrid OBIA-Supervised classification
method can improve mapping accuracy (Ma et al., 2017). The object-based approach adopted
in this study was limited to the segmentation process in IDRISI Selva 17. Meanwhile, the
pixel-based supervised classification involved the use of algorithms, such as Support Vector
Machine (SVM) and Classification Tree Analysis (CTA), both of which possess the capacity
to provide accurate classification of remote sensing images (Zambon et al., 2006; Wicaksono
et al., 2019a). Compared with other algorithms in supervised classification, SVM can produce
higher mapping accuracy than Maximum Likelihood (ML) and Artificial Neural Network
(ANN) (Pal & Mather, 2005; Wahidin et al., 2015). CTA can analyze large amounts of data

with complex structures (Cappelli et al., 2002 in Zambon et al., 2006). In terms of
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classification, CTA algorithm has been reported to increase classification accuracy in several
previous studies (Wicaksono et al., 2019b) and provide better results than ML.

In addition, the Object-Based Image Analysis (OBIA) relies on object characters or
aspects to create classification, namely shape, texture, and relationship between objects
(Mafanya et al., 2017). Although it can provide good mapping results, this study did not
solely use OBIA because it lacks quantitative verification (Ma et al., 2017) and is highly
dependent on the developed rules when applied to remote sensing data. Furthermore,
designing and generating the rules requires adequate knowledge and experience, and even
then, it is not easy to ascertain the error or truth of said rules. In addition, the development of
OBIA rules strongly depends on the number of classes to be used in the classification. For
instance, a high class diversity requires the developed rules to pay attention to each class,
which is a lengthy process where repeated experiments are conducted to obtain a good rule

for each step.

2.7 Accuracy Assessment

Accuracy assessment is an approach used to determine the extent to which a study
result can be trusted. In the case of benthic habitat classification, its accuracy was assessed
using a confusion matrix analysis. Samples for validation were used as reference data.
Confusion matrix analysis offers information about user's accuracy (UA), producer's accuracy
(PA), overall accuracy (OA), and kappa coefficient (Congalton & Green, 2009). We
determined the most appropriate classification scheme for each image based on the confusion

matrix results.

3. Results and Discussion
3.1 Field Data Collection

The field survey of benthic habitat was carried out on April 17-19, 2018, and the
location of the transects for data collection is presented in Figure 2. During this field survey,
1,658 samples were obtained. Based on the life-form variations at the study location, the
dominant coral reef life-forms obtained by analyzing the photo samples were branching, stag
horn, massive, pillar, foliage, encrusting, tabular, and dead coral; thereby, only these classes
were used as the training areas for object classification. However, not all life forms can be
used as a single class for training areas in the classification process, except for the frequently
encountered and homogeneous ones. In some locations, the life-forms of coral reefs were not

always homogeneous but consisted of multiple types.
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Figure 2. Field data collection using the photo-transect method

3.2 Coral Reef Life-Forms Classification Scheme

The classification scheme of coral reef life-forms was obtained through the
dominance analysis of each segment in the three satellite images (Phinn et al., 2012).
However, should the existing sample consist of different classes and has the same percentage,
it is classified based on the number of classes in the image segment (mixed class). Based on
Table 3, the classification schemes of coral reef life-forms, built from each image, have
different numbers of classes.
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Table 3. The classification schemes of benthic habitats and coral reef life-forms at each
spatial resolution

Benthic Habitat Classification Scheme

Classes Classification Validation
Bare Substratum 105 119
Macroalgae 69 55
Seagrass 219 194
Coral Reef 412 437

Coral Life-formClassification Scheme

s = S = s =
g 2 i g8 £ g5 2
PlanetScope (3m) £ 3 PlanetScope Resampling = 3 Sentinel-2A MSI (10m) £ 3
7} = (Gm) @ = 7] =
g s g s £ s
o O (@)
Branching 55 65  Branching 45 57  Branching 78 95
Branching Staghorn 15 10  Branching Staghorn 33 21 Branching Tabular 62 51
Branching Tabular 79 74 Branching Tabular 79 85  Foliage Staghorn 23 16
Foliage 19 9 Foliage 22 15  Massive 54 68
Massive 54 64  Massive 24 30  Massive Branching 72 65
Massive Branching 36 41 Massive Branching 85 80  Massive Staghorn 47 41
Massive Foliage 11 6 Massive Branching Tabular 29 22 Massive Tabular 24 30
Massive Staghorn 50 69  Massive Staghorn 19 26 Staghorn 29 38
Massive Tabular 45 36  Massive Tabular 46 41 Tabular 48 32
Staghorn 27 16  Staghorn 31 39
Staghorn Tabular 14 8 Tabular 24 20
Tabular 32 38

3.3 Benthic Habitat Mapping

Benthic habitat mapping sought to obtain the best spatial distribution of coral reef
(coral reef mask image), which was used as a basis for the classification of coral reef life-
forms. In the classification process, the benthic habitat was a major classifier that defined
four types of habitat, namely coral reef, seagrass, macroalgae, and bare substratum (Figure 3).
The classification scheme of benthic habitat has an OA of 57-63% (Table 4). PlanetScope
Resampling (6m) images produced the highest accuracy, with an OA of 63.10% and a kappa
coefficient of 0.38, which was obtained using the CTA classification algorithm and was
higher than using the SVM algorithm. The accuracies of benthic habitat mapping using the
CTA and SVM algorithms differed by approximately 5%. The overall accuracies of benthic

habitat classification from different algorithms and images are compared in Table 4.

Table 4. Summary of the assessment of benthic habitat mapping accuracy

Image CTA SVM
OA (%) Kappa OA (%) Kappa
PlanetScope (3 m) 57.26 0.49 61.86 0.32
PlanetScope Resampling (6 m) 63.10* 0.38 58.75 0.22
Sentinel-2A MSI (10 m) 57.26 0.16 57.14 0.08

Note : *indicates the highest overall accuracy
Judging from the overall classification schemes of benthic habitat, CTA algorithm

produced a spatial distribution of benthic habitats more consistently—in which all types of
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habitats were classified—and with a higher OA for each satellite image than SVM algorithm,

even though the accuracy difference is merely 5%. SVM algorithmprovided less accurate

results because several types of benthic habitats, such as macroalgae and sand were not

applicable for classification. Another reason was inter-class misclassification; for example,

sand was misclassified into seagrass and macroalgae. Sand has a spectral response that is

similar to low seagrass and macroalgae due to the contribution of sand reflectance as the

substrate of seagrass and macroalgae (Wicaksono, 2016). Also, coral reefs were misclassified

into macroalgae because both objects have comparable spectral response due to similar

pigmentation (Hochberg & Atkinson, 2000; Wicaksono, 2016).
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Figure 3. A comparison of benthic habitat classification resulted from different classification
algorithms and satellite images

Table 5. Comparison of user’s accuracy (UA) and producer’s accuracy (PA) of coral reef

classes
CTA-based SVM-based
Image Resulted Resulted
J PA (%) UA (%) Accuracy (IZ}A‘) (li/A) Accuracy
(%) ° > (%)
PlanetScope (3 m) 80.55 73.79 59.43 89.93  59.10 53.14
?gﬁ]“)etsc"pe resampling 83.07 73.19 60.79 87.87 6184 54.33
Sentinel-2A MSI (10 m) 85.35 68.69 58.62 99.77 56.26 56.13
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Based on the overall results of the benthic habitat classification, the individual
accuracy (UA and PA) of the coral reef life-forms classification ranged from 56 - 99% (Table
5). The CTA-based classification from PlanetScope (3m) was used in the masking of coral
reef images or to exclude non-coral reef pixels in the mapping. Although the OA of the CTA-
based classification from PlanetScope (3m) image was slightly lower than PlanetScope
Resampling (6m), the spatial resolution was higher than PlanetScope Resampling (6m) and

Sentinel-2A MSI (10m), and producing more precise coral reef masking delineation.

3.4 Coral Reef Life-Form Mapping

The coral reef life-forms were mapped by applying the classification schemes built on
each satellite image (see Table 3). The coral reef life-form classification (Figure 4) with the
highest OA (60.78%) was obtained from Sentinel-2A MSI image using CTA algorithm and
the 10m scheme, and then followed by PlanetScope (48.39%), and PlanetScope Resampling
(40.83%) (Table 6). Although the CTA algorithm could consistently produce maps of coral
reef life-forms with higher OA than SVM, the generated classification was relatively low, in
particular, because of a large number of misclassifications as a result of similar statistics
between the classes of coral reef life-forms. For this reason, both CTA and SVM
classification algorithms could not separate one life-form from another straightforwardly.

The coral reef life-form classifications built from the three satellite images showed
different spatial distribution (Figure 4). PlanetScope (3m) and Sentinel-2A MSI (10m)
images presented similar distributions of life-forms in some locations, and different spread
patterns are found in some others. This similarity indicates consistency in the classification
results produced using different images. The spatial distribution of several coral reef life-
forms corresponds to the theory proposed by English et al. (1994), that is, coral reef life-
forms spread following the locations of optimal environmental conditions for their growth.
The opposite is true for the classification scheme built from the PlanetScope Resampling
(6m), which only has one class, i.e., the tabular branching that dominated the study area. It is

caused by the effects of the image pixel resampling process from 3m to 6m.
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Figure 4. Comparison of coral reef life-form maps with the highest OA

Table 6. Comparison of the overall accuracies of the resulted coral reef life-form
classifications

3m Scheme 6m Scheme 10m Scheme
Images CTA (%) SVM (%) CTA (%) SVM (%) CTA (%) SVM (%)
PlanetScope (3m) 38.76 30.05 35.32 27.52 48.39 39.45
P'a”etsco(%en:)esamp"”g 40.83 31.65 39.91 27.52 36.01 40.60
Sentinel-2A MSI (10m)  39.91 26.38 46.56 30.28 60.78 42.20

The resampling process generalizes pixel values by considering the surrounding
pixels (i.e., mean values). Therefore, variations in the pixel values of the analyzed objects
canbe very similar, and as a result, pixels that should be classified as different objects are
categorized as the same object. Accordingly, the image resampling process is not
recommended for addressing issues of unavailable images with a particular spatial resolution
due to its poor results. Different distributions of coral reef life-forms obtained from the
multiresolution images were potentially caused by the size of the spatial resolution itself. As
evidence, different spatial resolutions have different spectral responses from the object
composition. Accordingly, the distributions of coral reef life-forms are different from one
satelliteimage to another (Figure 4 and Table 7). The classification results of the satellite

image with 6m spatial resolution were not included in the comparison because the
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generalization ofthe spatial resolution was believed to produce less representative

distribution.
Table 7. The classification schemes of coral reef life-forms
3m Scheme 6m Scheme 10m Scheme
Branching Branching Branching

s Branching Staghorn Branching Staghorn Branching Tabular
o Foliage Foliage Foliage Staghorn
8. Branching Tabular Branching Tabular Massive
w Massive Massive Massive Branching
= . . Massive Branching .
)
m ‘<’(’ Massive Branching Tabular Massive Staghorn
m 51 Massive Foliage Massive Branching Massive Tabular
] Massive Staghorn Massive Staghorn
é Massive Tabular Massive Tabular
@)
o Staghorn Tabular

Based on the highest accuracy of the maps produced from each satellite image and
classification scheme (Table 6), the coral reef life-forms captured in PlanetScope (3m) and
Sentinel-2A MSI (10m) were best mapped using the 10m scheme. Unlike in the two satellite
images, the coral reef life-forms featured in PlanetScope Resampling (6m) were best mapped
using the 3m scheme. However, not all life-forms were applicable for classification. Eight
classes of coral reef life-forms were consistently classified in all images and schemes, namely
branching, tabular branching, massive, massive branching, massive staghorn, massive
tabular, staghorn, and tabular. As seen in Tables 8, 9, and 10, each life-form was properly
classified for each image with high UA and PA. Nevertheless, overestimate and
underestimate could occur. Therefore, the classes above can be used in the classification
schemes of coral reef life-forms in various images (Table 7).

Table 8. Confusion matrix of PlanetScope (3m) using the 10m scheme based on the CTA-
based classification result

References

Classes

1 2 3 4 5 6 7 8 9 Total UA %
1 62 0 7 22 13 12 0 2 0 118 52.54
2 3 37 2 3 6 7 6 10 74 50.00
3 0 0 0 0 0 0 1 0.00
4 18 4 3 43 7 7 19 1 103 41.75
5 11 0 0 0 43 17 1 8 11 91 47.25
6 0 2 0 0 0 4 0 0 0 6 66.67
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References
Classes
1 2 3 4 5 6 7 8 9 Total UA %
7 0 0 3 0 0 0 15 0 6 24 62.50
8 0 0 1 0 0 0 0 3 0 4 75.00
9 1 8 0 0 2 0 0 0 4 15 26.67
Total 95 51 16 68 65 41 30 38 32 436
PA (%) 65.26 7255 0.00 63.24 66.15 9.76 50.00 7.89 12.50
OA (%) 48.39
Legend:
1 :Branching 4 :Massive 7: Massive Tabular
2: Branching Tabular 5 :Massive Branching 8 :Staghorn
3: Foliage Staghorn 6: Massive Staghorn 9: Tabular
Table 9. Confusion matrix of PlanetScope (3m) using the 3m scheme based on the CTA-
based classification result
References
Class
2 3 4 5 6 7 8 9 10 11 12 Total  UA (%)
1 46 5 0 14 19 0 23 0 0 8 4 125 36.80
2 0 0 2 0 0 0 0 0 0 0 2 0.00
3 16 1 48 1 20 6 13 6 9 0 11 132 36.36
5 0 0 1 16 0 0 1 3 0 0 22 72.73
6 0 4 5 3 21 0 3 0 0 0 0 36 58.33
8 2 0 14 0 4 0 25 26 0 0 8 79 31.65
9 0 0 0 0 0 0 0 3 0 0 0 3 100
10 0 0 0 0 0 0 0 0 0 4 0 0 100
12 1 0 0 7 0 0 5 0 0 15 33 45.45
Total 65 10 74 9 64 41 6 69 36 16 8 38 436
PA (%) 70.77 0 6486 0 2500 5122 0 3623 833 25.00 0 39.47
OA (%) 41.00
Legend:
1 :Branching 4 :Foliage 7: Massive Foliage 10 :Staghorn
2: Branching Staghorn 5 :Massive 8 :Massive Staghorn 11 :Staghorn Tabular

3: Branching Tabular

6: Massive Branching

9: Massive Tabular

12 :Tabular

Table 10. Confusion matrix of Sentinel-2A MSI (10m) using the 10m scheme based on the
CTA-based classification result

References
Class
1 2 3 4 5 6 7 8 9 Total UA%
1 83 0 5 28 17 20 0 3 0 156 53.21
2 7 46 0 12 2 0 0 14 81 56.79
3 0 0 11 0 0 0 0 0 11 100
4 0 5 0 28 8 0 5 3 49 57.14
5 2 0 0 0 38 17 0 5 68 55.88
6 0 0 0 0 0 10 0 0 0 10 100
7 0 0 0 0 0 13 0 0 18 72.22
8 3 0 0 0 0 30 4 37 81.08
9 0 0 0 0 0 0 6 6 100
Total 95 51 16 68 65 41 30 38 32 436
PA (%) 87.36 90.19 68.75 41.17 58.46 24.39 43.33 78.94 18.75
OA (%) 60.78
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Legend:

1: Branching 4: Massive 7: Massive Tabular
2: Branching Tabular 5: Massive Branching 8: Staghorn

3: Foliage Staghorn 6: Massive Staghorn 9: Tabular

The classification schemes of coral reef life-forms are constructed from three satellite
images with different spatial resolutions. Three schemes of classification with varying
numbers of classes have been built in this study (Table 3). Some classes in these schemes
depict similar types of coral reef life-forms, such as branching, tabular branching, massive,
massive branching, massive staghorn, massive tabular, staghorn, and tabular. Nevertheless,
some classes are only found in a particular scheme because their generation depends on the
uniquely formed image segments (Phinn et al., 2012). Each satellite images of which indeed
produces classification schemes with different suitability for coral reef life-form mapping.
Here, suitability is defined by the highest OA in each image. Table 6 shows that PlanetScope
(3m) and Sentinel-2A MSI (10m) images are suitable using the 10m scheme, whereas
PlanetScope Resampling (6m) image using the 3m scheme.

PlanetScope (3m) is not suitable using the 3m and 6m schemes because the statistical
value of each pixel in its segment is too precise. Consequently, the same objects have varying
pixel values, causing too many misclassifications (Purkis, 2018). Meanwhile, the 10m
scheme produces higher accuracy than the 3m and 6m schemes because the classification
wasbuilt from images with a lower spatial resolution (general information) (Zhang et al.,
2013). As a result, variations of pixel values in a segment are considered one life-form class
so that the said segment can be classified according to the input sample (Phinn et al., 2012).

PlanetScope Resampling (6m) is more suitable using the 3m scheme because the
generalization during the spatial resolution resampling results in similarities. In this case, the
10m scheme is not suitable for use because the effect of generalization increases the
homogeneity of image statistics to PlanetScope (3m) instead of the Sentinel-2A MSI (10m),
even though the level of precision is different. Several studies have shown that the higher the
number of classes used, the lower the accuracy (Wicaksono, 2016; Wicaksono et al., 2019a).
However, the contrary is true for this study, where the findings correspond to Zhang et al.
(2013) instead. They used two classification schemes consisting of group level (3 classes) and
code level (12 classes) and found that the latter produces a higher accuracy (86.7%) than the
former (84.3%).
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Sentinel-2A MSI (10m) is more suitable using the 10m scheme because it produces
classes that are more general than the 3m and 6m schemes. The classified types of coral reef
life-forms in the Sentinel-2A MSI image will not be optimal if the used classification scheme
is built from images with more detailed spatial resolutions. For example, if two different
classes from the 3m or 6m scheme occupy a segment, one that appears dominantly will be
selected over the other, creating low accuracy. On the contrary, if the used classification
scheme is built from the same image, each sample of each class undoubtedly corresponds to
the previously formed segments. Consequently, each segment can be classified more
accordingly to the input sample, leading to a higher OA than the other schemes.

The selected satellite images can map the life-forms of coral reefs with overall
accuracies of 48.39% (PlanetScope 3m, CTA, 10m scheme), 40.83% (PlanetScope
Resampling 6m, CTA, 3m scheme), and 60.78% (Sentinel-2A MSI 10 m, CTA, 10m
scheme). Multiresolution images produce classifications with multilevel accuracy (Mumby &
Edward, 2002), and satellite imagery with a more detailed spatial resolution can yield higher
accuracy (Goodman et al., 2013). However, the highest accuracy in this study is shown by
images with a lower spatial resolution (10m) because the more detailed ones, i.e., 3m and 6m,
cannot represent a community or a dominant class of coral reef life-forms. In addition,
Sentinel 2 MSI also has a fairly consistent image quality (Hedley et al., 2018; Wicaksono et
al., 2021) compared with PlanetScope, whose pixels between scenes are inconsistent and
SNR is of poor quality (Wicaksono & Lazuardi, 2018). Based on the percentage, the coral
reef life-forms are covered with diverse objects, meaning that the resulted spectral response is
a function of various classes.

Sentinel-2A MSI (10m) has successfully produced the highest accuracy, followed by
PlanetScope (3m) and PlanetScope Resampling (6m). The resampling process generalizes the
spectral response value of the image, and the results are less suitable for representing a
variety of objects because the spectral response is the mean value of the surrounding pixels.
In other terms, the spectral response produced in the resampling process shows similarities
among different objects. These numerous cases of misclassifications contribute to the overall
accuracy of PlanetScope Resampling (6m), which is lower than that of PlanetScope (3m).
Furthermore, the difference in OA can be caused by the quality of the used satellite image.
For instance, despite the high spatial resolution, the pixel sharpness of the PlanetScope (3m)
image is still lower than Sentinel-2A MSI (10m) that has a lower resolution. Furthermore, the

results obtained from the three satellite images have different UA and PA.
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When the accuracies are compared, the CTA algorithm evidently produces the best
and most consistent accuracy (Zambon et al., 2006) of life-form classification (Wabhidin et al.,
2015). It allows the proper classification of coral reef life-forms in each of the three satellite
images. The CTA and SVM algorithms produce different OA by averagely 12%, which, in
terms of OA, is significant. The SVM algorithm provides a low accuracy because not all
coral reef life-forms are classified. On the contrary, the CTA algorithm has a better capability
to classify coral reef life-forms, especially in schemes that create a large number of classes.
Although the accuracy derived in this study is merely 40-60%, the results are in line with
previous similar studies (Phinn et al., 2012; Roelfsema et al., 2013; Wahidin et al., 2015;
Wicaksono, 2016). Although Sentinel-2A MSI (10m) can create a coral reef life-form map
with higher accuracy than other images, the level of information obtained from it is
somewhat general. Meanwhile, PlanetScope (3m) has lower accuracy, but it can map coral
reef life-forms in more detail and involve precise information compared with Sentinel-2A
MSI (10m).

4. Conclusion

Our results have shown that both PlanetScope (3m) and Sentinel-2A MSI (10m) can
be used to map coral reef with higher complexity. This finding indicates that multiresolution
images can be used to produce complex coral reef life-form maps with different levels of
information details. In our case, the classification scheme on multiresolution images shows
that the coral reef life-forms in PlanetScope and Sentinel-2A MSI images can be mapped
using the 10m scheme, whereas the ones in PlanetScope Resampling (6m) image are mapped
according to the 3m scheme. Parang Island has eight types of coral reef life-forms that can be
classified consistently in each satellite image, namely branching, branching staghorn,
tabular branching, massive branching, massive staghorn, massive tabular, staghorn, and
tabular. Based on the statistical analysis and accuracy assessment, the maximum overall
accuracies of the coral reef life-form maps produced from PlanetScope (3m), PlanetScope
Resampling (6m), and Sentinel-2A MSI (10m) images are 48.39% (10m scheme), 40.83%
(3m scheme), and 60.78% (10m scheme), respectively. The accuracy obtained in our work
can be used as a reference for future works of coral reef life-forms mapping. Possibly,
variations in accuracy is expected since coral reefs life-forms may vary significantly between
areas. Finally, the future availability of detailed coral reef map at regular basis will be
beneficial to assist coastal manager in determining and monitoring the effective action to

managed their area sustainably.
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