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Moderate to high resolution satellite imageries are commonly used in mapping mangrove cover from local to global scales. In addition to extent information, studies such as mangrove composition, ecology, and distribution analysis require further information on mangrove zonation. Mangrove zonation refers to unique sections within a mangrove forest being dominated by a similar family, genus, or species. This can be observed both in natural and planted mangrove forests. In this study, a mapping workflow was developed to detect zonation in test mangrove forest sites in Katunggan-It Ibajay (KII) Ecopark (Aklan), Bintuan (Coron), Bogtong, and Sagrada (Busuanga) in the Philippines and Fukido Mangrove Park (Ishigaki, Japan) using Sentinel-2 imagery. The methodology was then applied to generate a nationwide mangrove zonation map of the Philippines for year 2020. Combination of biophysical products, water, and vegetation indices were used as classification inputs including leaf area index (LAI), fractional vegetation cover (FVC), fraction of photosynthetically-active radiation (FAPAR), Canopy chlorophyll content (Cab), canopy water content (Cw), Normalized Difference Vegetation Index (NDVI), modified normalized difference water index (MNDWI), modified chlorophyll absorption in reflectance index (MCARI), and red-edge inflection point (REIP). Mangrove extents were first mapped using either the Maximum Likelihood Classification (MLC) algorithm or the Mangrove Vegetation Index (MVI)-based methodology. The biophysical and vegetation indices within these areas were stacked and transformed through Principal Component Analysis (PCA). Regions of Interest (ROIs) were selected on the PCA bands as training input to the MLC. Results show that mangrove zonation maps can highlight the major mangrove zones in the study sites, commonly limited up to genera level only except for genera with only one known species thriving in the area. Four zones were detected in KII Ecopark: Avicennia zone, Nypa zone, Avicennia mixed with Nypa zone, and mixed mangroves zones. For Coron and Busuanga, the mapped mangrove zones are mixed mangroves, Rhizophora zone and sparse/damaged zones. Three zones were detected in Fukido site: Rhizophora stylosa-dominant zone, Bruguiera gymnorrhiza-dominant zone, and mixed mangrove zones. The zonation maps were validated using field plot data and orthophotos generated from Unmanned Aerial System (UAS) surveys, with accuracies ranging from 75 to 100%.
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INTRODUCTION
Different methodologies are being tested using Sentinel-2 data for applications such as land cover mapping and monitoring (Addabbo et al., 2016; Topaloğlua et al., 2017), vegetation dynamics detection (Eklundh et al., 2012), vegetation stress mapping (Rao et al., 2017), and species identification (Immitzer et al., 2016). One significant application of Sentinel-2 is mangrove extent mapping either through supervised, unsupervised, object-based, or index-based classification techniques. Mangrove extent refers to the spatial boundary of a mangrove forest, classified up to the smallest pixel of the satellite images used. Mangrove extent maps are significant to detect the historical and current distribution of these forests, and to identify priority areas for protection and conservation. Accurate spatial information of mangrove extent is essential for both land-use planning and natural resources management. Published studies using Sentinel-2 images utilized different classification algorithms with varying reported accuracy levels. Supervised classification techniques such as Maximum likelihood classification (MLC), Support Vector Machine (SVM), Artificial Neural Network (ANN), and Random Forest (RF) were found to be efficient in classifying mangrove classes (Roslani et al., 2003; Giri and Muhlhausen, 2008; Deilmai et al., 2014; Kanniah et al., 2015; Ma et al., 2017; Liu et al., 2021). There are studies which did focus on index-based mapping where mangrove-specific indices were applied to different inputs bands and satellite data. (Zhang and Tian, 2013; Winarso et al., 2014; Gupta et al., 2018; Jia et al., 2019; Kumar et al., 2019; Baloloy et al., 2020). The latest mangrove extent estimate in the Philippines were generated using Sentinel-2 images and the derived Mangrove Vegetation Index developed by Baloloy et al. (2020). Prior to this, older nationwide mangrove maps were mainly derived from Landsat images with some reported misclassifications such as mangrove pixels being classified as water if located within small mangroves stands (Long and Giri, 2011; Ghandi and Jones, 2019). Sentinel-2 based maps provide better delineation of both large mangrove forests and small mangrove patches due to better spatial resolution than Landsat.
Mangrove zonation refers to unique ecological clusters within a mangrove forest being dominated by a similar family, genus, or species. Zonation can be found both in natural and planted mangrove forest. Mapping zonation is significant as it is a factor in determining biomass and mangrove forest productivity (Bunt, 1996; Naskar, 2004; Hogart, 2010). There are several characteristics of mangroves that could have potential to be used as interpretation keys to identify mangrove forest from other features or discriminate features within mangroves. These include mangrove location, zonation patterns, and properties of the canopy. Mangrove vegetation typically displays band-like zonation patterns that have been linked to various conditions such as soil type, exposure to wave action, salinity, freshwater inflow, and tidal influence (Aragones et al., 1998; Yuvaraj, et al., 2017). Textural and spectral characteristics of the canopy and leaves are the main features used to distinguish among mangrove communities (Ramsey and Jensen, 1996). Textural appearance depends on several factors, such as species composition, distribution pattern, growth form, density growth, and stand height (Diaz and Blackburn, 2003). Spectral variation of the canopy reflectance was described as a function of several optical properties, such as leaf area index (LAI), background reflectance, and leaf inclination (Diaz and Blackburn, 2003; Kuenzer et al., 2011). Therefore, mapping mangrove zonation will require a set of input data that can provide information on these spectral properties which will differ among the different zones. Sentinel-2 has enough spectral bands for derivation of products such as vegetation and biophysical indices, which can be automatically calculated in the Sentinel Application Platform (SNAP) tool developed by the European Space Agency, (2021) (ESA) for processing Sentinel data. It has four red edge bands known to be sensitive to biophysical features such as canopy water and chlorophyll content. Among the Sentinel satellite systems, Sentinel-2 was found to be superior to Sentinel-1 in mapping mangroves (Hu et al., 2020; Xiao et al., 2021).
Previous studies have utilized vegetation indices for mapping mangrove zonation. The study of Valderrama-Landeros et al. (2018) mapped mangrove areas using NDVI generated from Landsat-8, SPOT-5, Sentinel-2 and WorldView-2 data. Three mangrove zones were classified: Laguncularia racemose, Rhizophora mangle, and dead mangroves. NDVI value was calculated from each station designated based on field data. The results indicated that Landsat-8 had low overall accuracy at 64%, Sentinel-2 provided better results (78%), while WorldView-2, which has the highest spatial resolution, gave the highest accuracy value at 93%. In addition to NDVI, other vegetation indices and mangrove-specific indices can also isolate degraded from non-degraded mangroves zones (Winarso et al., 2014; Manna and Raychaudhuri, 2019). Meanwhile, biophysical products were rarely used as input to mangrove extent and zonation mapping methodologies. They are rather used as separate data to highlight specific functional traits within the mangrove forests such as leaf biochemical parameters (Wang et al., 2020), leaf area index (Tian et al., 2017), water content, and leaf chlorophyll content (Heenkenda et al., 2015; Pastor-Guzman et al., 2015; Zhao et al., 2019). There are recent mangrove studies that derived these biophysical products from Sentinel-2 data (Baloloy et al., 2018; Juniansah et al., 2018; Sun et al., 2018; Zhen et al., 2021).
In this study, mangrove zonation were delineated using Sentinel-2 derived biophysical products and vegetation indices. Mangrove extent was generated first to clip the areas where the zonation method was applied. Two mangrove extent mapping methodologies were utilized: (1) a supervised classification technique for the initial study sites and (2) an MVI-based mapping algorithm for the nationwide application. The Sentinel-2 based zonation workflow was developed and applied to the study sites in the Philippines and Japan. The identified zones were validated in the field to determine which zones corresponded to a species or genus-dominant zone, i.e., Rhizophora zone, Sonneratia zone, and Avicennia zone; and zones corresponding to general visible clusters such as mixed mangroves zone, damaged mangrove zones, and sparse mangrove zones.
MATERIALS AND METHODS
Study Sites
Four mangrove sites were selected: Katunggan-It Ibajay Ecopark in Aklan, Coron (Village or “Barangay” Bintuan), Busuanga (Barangays Bogtong and Sagrada), and Fukido Mangrove Park (Ishigaki, Japan) (Figure 1). Katunggan-It Ibajay (KII) is a 44.22 ha park located in Barangays Naisud and Bugtongbato, Ibajay, Aklan in northern Panay Island. KII houses a total of twenty-eight species, some of which are already century-old stands. Coron and Busuanga are municipalities in the province of Palawan. Coron comprises the eastern half of Busuanga Island, all of Coron Island, and about 50 other minor islets. Meanwhile, Busuanga covers the western one-third of Busuanga Island, as well as Calauit Island, which both are part of the Calamian Islands. Both sites have rich mangrove forests where two Marine Protected Areas (MPA) were declared: the Sagrada-Bogtong Marine Reserve in Busuanga and the Decalve Strict Protection Zone (Bintuan-Sangat Marine Park) in Coron (Garces et al., 2013). The last study site, Fukido Mangrove Park, is located in the northeastern part of Ishigaki Island, southwest of Ryukyu Islands, Japan. This estuary mangrove forest was designated as a national sanctuary by the Ministry of the Environment of Japan (Sharma et al., 2014). Rhizophora stylosa and Bruguiera gymnorrhiza are the only dominant species in the mangrove park (see Table 1). There are no reported areal estimates of the said park, while the estimated mangrove extent of the whole Ishigaki Island ranges from 80 to 87 ha (Alsaaideh et al., 2013; Baloloy et al., 2020). The zonation mapping workflow was applied to the whole Philippines using the 2019 MVI mangrove extent as the boundary.
[image: Figure 1]FIGURE 1 | Location of the study sites used in testing the workflow for mapping mangrove zonation: (A) Busuanga, (B) Coron and (C) Katunggan-It Ibajay Ecopark, Aklan in the Philippines and (D) Fukido Mangrove Park in Ishigaki, Japan. Sentinel-2 RGB image per site is shown in the map.
TABLE 1 | Common species and growth type of mangrove forests in the study sites.
[image: Table 1]Satellite Data Collection and Processing.
The acquisition dates of the Sentinel-2 satellite images are shown in Table 2. The Sentinel-2 Multispectral Imager Instrument (MSI) Level 1-C images covering KII Ecopark, Coron, Busuanga and Fukido Mangrove Park were downloaded from Sentinel Scientific Data Hub (ESA). The product is already orthorectified, georeferenced, and radiometrically calibrated into top-of-atmosphere (ToA) reflectance data. Atmospheric correction was carried using Sen2Cor standalone tool, but can be processed alternatively in the S2A Toolbox of the Sentinel Application Platform (SNAP). This processor uses image-based retrievals with Look-Up tables (LUTs) pre-calculated from the libRadtran model to minimize or remove atmospheric effects from level 1-C images (Main-Knorn et al., 2015). Sentinel-2 images with the least cloud cover and at least close to the drone survey date were selected. In the nationwide zonation mapping application, level-2A images within the 80 Sentinel-2 tiles covering the Philippines were downloaded. All level-2A bands were stacked and resampled to 10 m pixel size using SNAP (ver. 5.0) geometric operation tool.
TABLE 2 | Downloaded Sentinel-2 images used for the initial extent and zonation mapping of mangroves.
[image: Table 2]Vegetation and Water Indices
Normalized Difference Vegetation Index (NDVI), Modified Chlorophyll Absorption in Reflectance Index (MCARI) and Red-edge Inflection Point (REIP) are the vegetation indices selected as inputs for zonation mapping. NDVI is a common vegetation index that quantifies vegetation by measuring the difference between near-infrared, which vegetation strongly reflects, and the red light which vegetation absorbs. MCARI is an index that can measure the depth of chlorophyll absorption, and is sensitive to variations in chlorophyll concentrations and variations in LAI. MCARI values are not affected by illumination conditions, background soil reflectance, and reflectance from other non-photosynthetic materials. The REIP formula is based on linear four-point interpolation technique and it uses four wavebands (670, 700, 740, and 780 nm). This algorithm was developed for applications in biomass and nitrogen uptake measurement. Modified Normalized Difference Water Index (MNDWI), a water index sensitive to changes in the water content of vegetation canopies, was also generated to help map the mangrove zones. References and calculations applied to generate these products are shown in Table 3. All water and vegetation indices mentioned above were automatically generated for each Sentinel-2 input image using the SNAP vegetation and water radiometric tools, through the respective NDVI, REIP, MCARI, and MNDWI thematic processors.
TABLE 3 | Vegetation and water indices used in mapping the mangrove zonation using Sentinel-2.
[image: Table 3]Biophysical Products
Five biophysical variables were generated from the atmospherically corrected and resampled (10 m) Sentinel-2 data using SNAP tool: leaf area index (LAI), fractional vegetation cover (FVC), fraction of photosynthetically-active radiation (FPAR), leaf chlorophyll content (Cab) and canopy water content (Cw). These are outputs from the SNAP toolbox using tested, generic algorithms based on specific radiative transfer models. The generation of the variables were composed of three main steps: (1) normalization of the inputs, (2) implementation of the artificial neural network (ANN) algorithm and (3) denormalization of the output and (4) generation of quality indicator (Weiss and Baret, 2016).
LAI is half the developed area of photosynthetically active elements of the vegetation per unit horizontal ground area. It determines the size of the interface for exchange of energy and mass between the canopy and the atmosphere. FVC is the projected percentage of the total study area that is vegetated. It is one of the basic ecological characteristics which can provide quantitative information of the vegetation coverage status on the ground (Li et al., 2015). FAPAR corresponds to the fraction of photosynthetically active radiation absorbed by the canopy. This value depends on canopy structure, vegetation element optical properties and illumination conditions. Cab corresponds to the content of chlorophyll-a, and sometimes may include chlorophyll-b and carotenoids. Meanwhile, Cw corresponds to the moisture content of leaf or canopy.
Mangrove Zonation Mapping Workflow
Extent mapping must be done prior to zonation mapping to minimize the working area or study boundary (Figure 2). There are two mangrove mapping workflows utilized in this study. The first one is through a supervised classification algorithm, the MLC; and the second one is through an index-based algorithm with the use of MVI. The later method was applied to the nationwide zonation mapping to facilitate faster output map generation, while the MLC was applied to the four test sites for a more detailed mangrove delineation using local training data samples.
[image: Figure 2]FIGURE 2 | Overview of the methodology used in generating mangrove extent and zonation maps. There are two methods for generation the extent map, one is by MLC and another by the use of MVI. The products of extent mapping will be used as boundary to the zonation mapping, wherein vegetation, water, and biophysical products will be inputted as source products.
In the MLC method, the stacked atmospherically-corrected bottom-of-atmosphere (BoA) Sentinel-2 bands were used as input data to the supervised classification method. Region-of interests (ROIs) were selected for each land cover and land use classes such as mangroves, aquaculture, bare soil, built-up and other terrestrial vegetation. In setting these ROIs, optimized visualization of the Sentinel-2 data was done by displaying different sets of RGB and false color composites. With Sentinel-2, using a combination of 8–11–4 (NIR–SWIR–red) bands highlighted the mangroves as bright orange and red pixels, with corresponding NDVI that is higher than 0.8. To highlight aquaculture features in Sentinel-2, the 5-3–2 (vegetation red-edge 1–green–blue) band combination were displayed. Representative training samples were selected for the following specific classes: mangroves, dense vegetation, sparse vegetation, bare soil, built-up, reef, clouds, shadows, and water. The MLC algorithm in ENVI software was applied using the default parameter setting: single value probability threshold and data scale factor of 1. The output mangrove classes were then exported as shapefile. In the MVI workflow, mangrove areas were mapped by applying the MVI formula to the level-2 Sentinel-2 images. MVI measures the probability of a pixel to be a ‘mangrove’ by extracting the greenness and moisture information from the Sentinel-2 green, NIR, and SWIR-1 bands (Baloloy et al., 2020). The automated Google Earth Engine-based MVI Mapper was utilized in generating the updated mangrove map of the country for year 2019. The boundary shapefile for each Military Grid Reference System (MGRS) code for each Sentinel tile was uploaded for faster selection of area. The output MVI layers were cleaned from noise pixels in ArcGIS and ENVI, and was merged into a final shapefile showing the updated mangrove extent of the Philippines.
Mangrove zonation will be mapped after mangrove extent delineation (Figure 2). Compared to extent maps derived from the multispectral bands alone, additional inputs will be added to help detect mangrove zonation and communities. These inputs include the Sentinel-2 biophysical products and the selected vegetation and water indices in Table 3. After stacking the set of biophysical, water, and vegetation indices layers, subset images were generated by clipping it with the mangrove extent shapefiles generated through MLC. This will minimize both the processing area and the output file size. The subset images were then PCA-transformed into three bands where a new set of regions of interest (ROIs) were selected. PCA is a transformation technique that can reduce the dimensionality of large datasets and increase data interpretability while minimizing information loss (Jolliffe and Cadima, 2016). The PCA-transformed bands were subjected to an MLC classification in ENVI software using the default parameters. The first three PCA bands can already highlight the different zonation, and the function of the MLC is to export these visible zones into separate classes identical to the visualized PCA layer. Post processing steps involves sieving classes, conversion of the classes into shapefiles, and layout of the mangrove zonation maps.
Class Labeling and Accuracy Assessment
The developed zonation mapping methodology can map different zonation using Sentinel-2 data, but the equivalent class label or information for each zone must be identified using actual field data. The zonation maps were labeled and validated using field GPS points and orthophotos generated from Unmanned Aerial System (UAS). The handheld GPS used during field data collection has horizontal accuracy of approximately 3 m. Two types of UAS were used: one fixed wing (Sensefly eBee drone) and one copter-type (DJI Phantom 4 Pro drone). eBee was used more frequently due to its wider flight coverage while DJI Phantom Pro was used in the absence of strategic/safe take-off and landing sites. Flight plans were created in eMotion while orthophotos were generated using Pix4D software. Aside from the Philippine site validation, a field visit was also conducted in Fukido Mangrove Park to acquire drone images in addition to the baseline species density and distribution data acquired earlier by the authors. Onsite identification of mangroves was done following the nomenclature of Primavera and Sadaba (2012) and (Primavera et al., 2004). Guide to mangrove identification books were brought onsite. Accuracy of the maps were calculated by random point selection for the UAS validation, and by satellite pixel-field data agreement for the GPS validation.
RESULTS
Mangrove Extent Maps
MLC was the chosen supervised classification technique since it was reported to provide the most statistically robust results and is widely used in land cover mapping with high classification accuracy (Bolstad and Lillesand, 1991; Huang et al., 2007; Shalaby and Tateishi, 2007). Individual mangrove extent maps of KII Ecopark, Coron, Busuanga, and Fukido Mangrove Park were generated (Figure 3) using the designed mangrove MLC-based mapping workflow (Figure 2). The method was applied to the whole Coron and Busuanga Islands, while only parts covering the KII Ecopark and Fukido Mangrove Park were processed. The output extent shapefile successfully delineated the mangrove forest boundaries when checked with the false color composite visualization of Sentinel-2 bands. Very few noise pixels were generated in the non-mangrove areas, and these were cleaned during the post-processing phase in ArcGIS. The total mangrove area for each site was then computed.
[image: Figure 3]FIGURE 3 | Mangrove extent maps for (A) Busuanga, (B) Coron, (C) KII Ecopark and (D) Fukido Park generated using the MLC supervised classification technique implemented in ENVI software.
Mangrove Zonation Maps
Zonation refers to the occurrence of usually monospecific zones of mangroves parallel to shorelines. This horizontal distribution of mangrove is formed as affected by environment gradients such as salinity, elevation, geomorphology, nutrient availability, soil properties, and light availability (Friess and Watson, 2016). In this study, vegetation, water, and biophysical indices within the mangrove extent boundaries were utilized in distinguishing different zonation. Each class generated by the proposed workflow was treated as a unique zonation which must be labeled as to what zone they correspond to using available field data. These zones may represent areas with distinct species/genus assemblages, mangrove density or health, and even damaged spaces. This was made possible through spectral differentiation using information derived from the input Sentinel-2 indices.
In Bintuan, Coron and Bogtong-Sagrada, Busuanga subsites, the mapped mangrove zones are mixed mangroves (87 ha), Rhizophora zone (264 ha), sparse/damaged zones (127 ha), and two smaller unclassified zones (Figure 4). Both sites were dominated by the Rhizophora zone. As reported by Buitre et al. (2019), Coron and Busuanga have rich naturally growing Rhizophora species, including Rhizophora apiculata and Rhizophora mucronata. The selected Busuanga site is a riverine mangrove forest wherein the Rhizophora zone was detected closest to the river while the mixed mangrove zone was detected closer to the land, just behind the Rhizophora zone. Rhizophora species such as Rhizophora apiculata and Rhizophora mucronata were known to be “front mangroves” or those mangrove in the proximal zone. They are commonly found along rivers, stream banks, and creeks (Göltenboth et al., 2006). Because of their location towards the water front, they are exposed to regular tidal effect, soil accumulation, and continuous inundation. Meanwhile, mixed mangrove zone houses species behind the Rhizophora zones, including field-recorded stands of Nypa fruticans, Xylocarpus granatum, Bruguiera cylindrica, Lumnitzera littorea, and Soneratia alba. The common occurrence of mixed mangrove zones behind a Rhizophora-dominant zone were also reported by previous studies (Ruwa, 1993; Dulyapurk et al., 2007; The Fish Site, 2009; Yuvaraj, et al., 2017). The common species found in this zone include Bruguiera spp., Ceriops tagal, Excoecaria agallocha, Ficus sp., Heritiera littoralis, Hibiscus tiliaceus, Acrostichum aureum, Caesalpinia crista, Intsia bijuga, Xylocarpus granatum, and X. moluccensis (Dulyapurk et al., 2007; Yuvaraj, et al., 2017). In Coron, a large portion was dominated by sparse/damaged zone. These zones are areas with relatively thin mangrove cover and with the presence of disturbed mangrove trees (i.e., fallen trunks or branches) as seen in the UAS-generated orthophotos. This is mainly located within the front zone of the Coron site, directly exposed to the waves and wind. Very few Rhizophora trees were found near the damaged zone, except for those trees located in the less exposed, riverine sites. Two unclassified zones were found outside the validated area.
[image: Figure 4]FIGURE 4 | Generated mangrove zonation in Coron (A) and Busuanga (B) with the corresponding classes identified. Both sites were dominated by the Rhizophora zone, consist of Rhizophora species.
In KII Ecopark, four zones were mapped and these corresponded to the Avicennia zone (14 ha), Nypa zone (10.5 ha), Avicennia mixed with Nypa zone (9 ha), and mixed mangroves zones (11 ha) (Figure 5). Avicennia zone is the largest zonation, followed by the mixed mangrove zone. In KII, there are four species of Avicennia namely Avicennia alba, A. marina, A. officinalis, and A. rumphiana. The Avicennia zone located at the right middle portion of the site is dominated by the Avicennia rumphiana, while A. marina and A. alba are naturally more abundant on areas closer to the sea. Meanwhile, the Nypa fruticans zone were mapped near the river while the mixed mangrove zone was located in higher elevation areas, nearest to the non-mangrove vegetation in the upland. Compared to Coron and Busuanga, the zonation patterns in KII is more complex due to mixture of naturally growing and planted mangrove species. In Fukido Mangrove Park, three zones were mapped: Rhizophora stylosa-dominant zone (4.6 ha), Bruguiera gymnorrhiza-dominant zone (11.5 ha), and mixed mangrove zones (Rhizophora stylosa + Bruguiera gymnorrhiza) (Figure 5). Only these two species are found abundant on the said ecopark. The zonation map showed the common distribution of the said species, with Rhizophora trees occurring closer to the sea and the Bruguiera stands within the middle and landward zones.
[image: Figure 5]FIGURE 5 | Generated mangrove zonation in Katunggan-It Ibajay (KII, (A) and Fukido Mangrove Park (B) with the corresponding classes identified. KII was dominated by Nypa and Avicennia zones while the Fukido site was dominated by two specific species of the Rhizophora and Bruguiera genera.
During the class identification step, some output classes have corresponded to the same zonation, as observed in the case of Coron and Busuanga. Here, two output classes both corresponded to the areas dominated by Rhizophora. These classes were then merged into single class. In KII, two classes corresponded to the Avicennia zone, wherein one of these classes may have separated one specific Avicennia species. However, this can be hardly confirmed due to the limitation in spatial resolution and the natural mixing of the four Avicennia species found in KII.
Map Accuracy
The zonation maps were validated using field plot data using GPS-tagging and orthophotos generated from Unmanned Aerial System (UAS). Species density data of mangrove species was the main validation data used for Fukido Mangrove Park. For KII, a total of 87 GPS points were used to determine the accuracy of the four mangrove zones. The highest accuracy percentage was generated in the mixed mangroves zone (100%) while lowest in the Nypa zones (75%) due to the background effects of soil and water (Table 4). In Fukido Mangrove Ecopark, good results were obtained for the mangroves species, especially in mapping the Rhizophora stylosa dominant -dominant zone (Table 4). The location of the mangroves zones was comparable to the mangrove density data acquired in the field, as shown in Figure 6. The northwest region is dominated by Rhizophora stylosa while the western, southern and northeastern portion are dominated by Bruguiera gymnorrhiza. In filtering the field density data as validation points, the 7 m radius plot is considered ‘species x-dominated’ if the density of that species is at least 10% more than half of the total species population. Mixing of the two species were mostly observed in the central region of the Fukido mangrove forest, especially in areas where the two mangrove species coincide.
TABLE 4 | Map accuracy per mangrove zones in KII and Fukido Park using the zonation mapping workflow with input Sentinel-2 derived water, vegetation, and biophysical dataset.
[image: Table 4][image: Figure 6]FIGURE 6 | Side to side comparison between the field-acquired mangrove species-zonation data (B) and Sentinel-2 based zonation map (A) generated for Fukido Mangrove Park. Similar colors were assigned to each mangrove species for both data. There are two dominant species and a mixed zone.
In Coron and Busuanga, sets of validation data were derived from orthophotos generated from UAS (Table 5). From the orthophoto, random validation points were selected for the three classes: mixed mangroves, Rhizophora, and sparse/damaged zone. The output classes were overlaid in the UAS orthophotos in Figure 7 where visually distinct zonation were identified. The overall accuracy for both sites were considered high, with 94.4% accuracy in Busuanga and 95.6% in Coron. The highest user’s accuracy was computed for the sparse and damaged mangrove zone. Detection of mixed mangrove stands is also highly accurate, with values ranging from 94 to 97.5%.
TABLE 5 | Classification confusion matrix of mangrove zonation outputs in Coron and Busuanga, Palawan using the zonation mapping workflow with input Sentinel-2 derived water, vegetation, and biophysical dataset.
[image: Table 5][image: Figure 7]FIGURE 7 | Output mangrove zonation classes in Coron overlaid to the generated UAS orthophotos: mixed mangrove zone (A), Rhizophora zone (B) and damaged/sparse zone (C).
DISCUSSION
Mangrove Extent
The developed workflow on mangrove extent mapping can provide both the boundary shapefile for zone classification and the information on the total mangrove forest area. A total of 44.97 ha of mangroves was computed in KII Ecopark, close to the estimated 44.22 ha by SEAFDEC (2010). The two barangays (villages) where KII is located, Barangays Naisud and Bugtongbato, almost cover equal extent of mangroves with 22.43 and 22.54 ha, respectively. In Barangay Bintuan, Coron, there is 593 ha of mangroves while a combined area of 302.1 ha was computed in Barangays Bogtong and Sagrada, Busuanga. These huge mangrove forests are located within the Sagrada, Bogtong and Bintuan Marine Protected Area where patches of coral reefs and seagrass beds are also being protected. Similar to KII, the Fukido Mangrove Park has a relatively smaller area compared to Coron and Busuanga. Based on the MLC-based extent map, it currently supports a total of 20.04 ha of mangroves, around 25% of the total mangrove area in Ishigaki Island. Meanwhile, the nationwide MVI-based mangrove extent map of the Philippines generated an areal estimate of 227,808 ha of mangrove forests. Both the MLC and MVI-derived extent maps can be used to limit boundary for zonation workflow application and to facilitate optimal PCA transformation, which is dependent on local statistics. Despite the differences in the methodology, the MLC-derived mangrove extent is comparable to the MVI-derived data for KII, Coron-Busuanga, and Fukido ecopark.
Application of Sentinel-2 Dataset for Mangrove Zonation Mapping.
The utilization of Sentinel-2 derived biophysical products, water, and vegetation indices as classification inputs to the supervised classification were found to be useful in detecting different mangrove zones. These indices can reflect unique vegetation physiological key processes and characteristics which is significant in distinguishing between mangrove types. These indices were all derived from the SNAP software, facilitating rapid and automatic calculation from the input bands.
Five biophysical products were considered: LAI, FPAR, FVC, Cw, and Cab. LAI is one of the most important variables governing the canopy processes and is related to leaf and canopy chlorophyll contents, photosynthesis rate, carbon and nutrient cycles, dry and fresh biomass, and growing stages (Herrmann et al., 2011). The variation of LAI in mangrove ecosystems reflects the different environmental forces acting upon each location (Arafijo et al., 1997). FVC is one of the basic ecological characteristics reflecting many plant functions and attributes, including plant photosynthetic area and growth trend of vegetation (Wen et al., 2013; Gao et al., 2017; Zhang et al., 2019). Meanwhile, the FPAR is a key parameter in studying the exchange of fluxes of energy, mass, and momentum between the surface and atmosphere (Liu et al., 2013). In Coron and Busuanga, the highest value of LAI, FPAR, and FVC were generated within the Rhizophora zone, followed by the mixed mangrove zone (Table 6). The maximum average LAI, FPAR, and FVC of Rhizophora is 4.11, 0.86, and 0.82, respectively, higher compared to the equivalent statistics for mixed mangroves: 3.27, 0.79, and 0.74. Canopy chlorophyll content (Cab) can also aid in detecting zones since chlorophyll concentrations differs between mangrove species due to varying response to factors such as seasonal change. Similarly, the Rhizophora zone recorded the highest Ca value, while the sparse/damaged zone gave the least. These statistics clearly implies that the Rhizophora zone was mapped separately due to its high area of photosynthetically active elements of the vegetation as measured through LAI, high fraction of photosynthetically active radiation indicated by FAPAR, and high chlorophyll content as derived from LAI and Cab. The dense and homogenous patches of the Rhizophora proved its ability for efficient vegetative growth despite exposure to saltwater and frequent inundation in the proximal zone. The high Cab and LAI values of Rhizophora were seen to be affected by its green leaves, with high reflective upper leaf portion that is smooth, shiny, and with large dimension, usually within 3–10 cm leaf width (Duke, 2006). In comparison, other species in the middle zone such as Xylocarpus granatum has thick and leathery leaf surface, with less width size of 2–6 cm (Baba et al., 2016). The Rhizophora zone also showed the least minimal gap between vegetated pixel, measured by the FVC, as compared to the mixed mangroves and sparse/damaged zones. Rhizophora was described to grow closely and impenetrable compared to other species, creating dense uniform foliage in the upper part of the trees (Yuvaraj et al., 2017). High FVC values can also increase the total Cab and the plant photosynthetic area. This observation may differ between mangrove species stands, i.e. the Rhizophora trees found in the Philippine sites are more dense and have minimal canopy gaps than those Rhizophora stands (R. stylosa) in the Japan site. This observation will change the values of the FVC and other biophysical variable measured, although the separability between other classes may not be affected. The distribution of leaves in a mangrove stand may also affect the resulting FVC. In example, Ceriops tagal, usually in the middle and landward mangrove zone, has majority of its leaves clumped at the end of the twigs (Primavera, 1998; Costa et al., 2019), resulting to less vegetation canopy density when seen from above. The sparse/damaged zone recorded the least values for the biophysical and vegetation indices. This is expected as canopy density greatly influences the resulting vegetation greenness, vegetated area, chlorophyll concentration, canopy moisture, and rate of photosynthesis. The workflow can then separate damaged and sparse mangroves into a separate class. Aside from canopy, sparse mangrove zone may also include areas with reduced stem density, and combination of these factors will lead to reduction in the overall basal area.
TABLE 6 | Mean values of the input Sentinel-2 derived water, vegetation, and biophysical dataset per mangrove zonation identified in the four study sites: Coron, Busuanga, KII Ecopark and Fukido Park.
[image: Table 6]Canopy water content (Cw) can partly determine the photosynthetic efficiency which differs among plants and is dependent both to structural and biochemical changes. In Coron and Busuanga, more canopy water was found in the zone with more LAI, FVC, and other vegetation-related biophysical variables, and less in the sparse/damaged zone which recorded the least vegetated area. This observation confirmed that Cw only corresponds to the moisture content of leaf or canopy, and is less affected by background soil moisture. This is opposite to the observed values of MNDWI, which is more applicable in identifying surface water than canopy water (Guo et al., 2020). It actually helps in further differentiating zone by detecting areas with more background moisture, as a function of differences in elevation, distance from shore, and substrate type. The background moisture can also indicate the physicochemical properties of water and the changes in mineralogical composition within the substrate (Ajithkumar et al., 2008). In this study, higher MNDWI values were measured in zones with exposed substrate (i.e., sparse/damaged zone) than those with less gaps or with higher FVC (i.e. Rhizophora zone) (Table 6).
Only three vegetation indices were selected as input parameters in this study: NDVI, Modified Chlorophyll Absorption in Reflectance Index (MCARI), Red-edge Inflection Point (REIP) and Modified Normalized Difference Water Index (MNDWI). NDVI can be used to detect differences between vegetation types and was found to be an effective index for mangrove species discrimination analysis (Kovacs et al., 2004; Valderrama-Landeros et al., 2018). Meanwhile, MCARI gives a measure of the depth of chlorophyll absorption and is very sensitive to variations in chlorophyll concentrations. Taking in consideration the similar information that can be derived from their algorithms, MCARI can aid Cab in extracting chlorophyll information. Lastly, REIP was also included as an effective indicator of plant condition that might be related to a variety of factors such as LAI, nutrients, water content, seasonal patterns, and canopy biomass (Clevers et al., 2001; Pu et al., 2003; Delegido et al., 2008). The results for these vegetation indices are similar with that of the biophysical variables, wherein the Rhizophora zone has the greatest index values, while the sparse/damaged zone has the least. However, the vegetation indices provide additional observation in supplement to the biophysical products. In example, the mean NDVI values in the sparse/damaged zone is still between 0.82 and 0.86, indicating that the 50% canopy cover calculated with FVC is potentially measured from the reflectance of live mangrove stands. Addition of these data as input to the zonation workflow ensures better mapping between dense and sparse mangrove zones.
In KII Ecopark, the highest values of vegetation and biophysical variables were recorded in the mixed mangrove zone, followed by the Avicennia and the Nipa zones (Table 6). The mixed mangrove zone includes some trees of A. rumphiana, Sonneratia alba, Camptostemon philippinensis, Aegiceras corniculatum, Ceriops decandra, and Scyphiphora hydrophyllacea. These mangroves are located in areas with less exposure to flooding and wind, and is seen behind the taller trees in the Avicennia zone. This zone is also distinct in terms of background moisture, being located in higher elevation areas and having less exposed substrate (higher FVC). It has the least MNDWI value (−0.02), while the Nypa zones (least FVC) has the highest value of 0.07. The Avicennia zone provided the second highest values in the vegetation and biophysical indices. Compared to the Nypa zone, the Avicennia trees have greater canopy cover, ‘greener’ leaves, and wider leaf dimension. The vegetation greenness of Avicennia trees were reported to be significantly affected by salinity, with lower recorded pigments in areas with lower salinity (Abou Seedo et al., 2018). This was observed in KII where two initial output zonation classes were generated for Avicennia. Zonal statistics analysis has shown that the first larger class, located in the middle zone and closer to the river, has higher chlorophyll content (148 μg/ cm2) compared to the second class (126 μg/ cm2) located in the upper, less saline region. Very few pixels were included in the second class and thus was combined to the first Avicennia class. The Nypa zone naturally grows along the river margins which induced higher MNDWI values. Wetter substrate or open water associated with cycles of tidal inundation and/or periodic rainfall causes increase in MNDWI but causes reduction in the reflectance of the multispectral bands (Proisy et al., 2002). These bands are inputs to the vegetation index calculation, thus affecting the output index values. Compared to the Coron-Busuanga site, very few Rhizophora trees were seen in KII, and they were mapped under the mixed mangrove zone.
In Fukido Mangrove Park, the Bruguiera gymnorrhiza-dominant zone recorded the highest values of vegetation and biophysical variables, followed by the mixed Bruguiera and Rhizophora zone, and then the Rhizophora stylosa-dominant zone. Through field observation, the first zone looks healthier and denser than the later. More inundated areas were observed within the Rhizophora zone, thus with greater MNDWI than the Bruguiera zone. The trees within the Bruguiera zone has higher canopy water, chlorophyll content, LAI, and fractional vegetation cover. Bruguiera gymnorrhiza is commonly described as “large-leafed mangrove” due to its leaf dimension: 8–22 cm long and 5–8 cm wide (Allen and Duke, 2006). Comparing the abundance of species between the study sites, R. Stylosa is the sole Rhizophora species in Fukido Park while the Coron-Busuanga sites are dominated mainly by R. apiculata and R. mucronata. These two species have denser canopy and larger leaf dimension than R. Stylosa (Ragavan et al., 2015).
Mangrove Zone Accuracy and Limitation
Based on the map results, the zonation workflow successfully isolated the major mangrove zones as different classes. These mangrove genera were also the dominant mangroves seen during field visits. Among the sites, mapping mangrove zonation in KII is the hardest due to the complexity of species composition and the presence of both natural and planted areas. As observed in Figure 4, the locations of the zones in Coron and Busuanga were seen to be influenced by the distance from the river and coast while its delineation is solid and homogenous. The output zones show specific affinity and spatial preferences of species assemblages from the perspective of distance from water and elevation from mean sea level (Manna and Raychaudhuri, 2019). The scenario is different in KII (Figure 5) where zones were seen as patches distributed in different regions throughout the forest, including the detected Nypa and Avicennia zones. This observation suggests that the zonation workflow can also aid in determining if a certain mangrove forest is either planted or have grown naturally. Human-assisted mangrove growth may induce uneven growth among same species located in varying zones.
In KII, the highest accuracy result was generated in the ‘other and mixed mangroves zones’. This zone refers to areas that are not dominated by either Nypa fruticans or Avicennia species, but with very few other mangrove species individuals to be separated as another zone. Included in this zone are the Avicennia species, Xylocarpus granatum, Terminalia catappa, Camptostemon philippinensis, Sonneratia alba, Aegiceras corniculatum, Ceriops decandra, Scyphiphora hydrophyllacea, and Excocaria agallocha. Nypa fruticans trees are mostly mixed and surrounded by other mangroves which might contributed to a low accuracy of 75%. Canopy spacing of the Nypa fruticans are mostly large and random (low FVC), thus the presence of background water and soil reflectance between these trees might have affected the results. All mangrove zones generated high classification accuracies in Coron and Busuanga, including the sparse and damaged zone and the Rhizophora zone. Aside from being the most dominant genus in these sites, Rhizophora species have distinct reflectance properties as influenced by its leaf color (Setyawan and Ulumuddin, 2012), salt secreting-glands Samadder and Jayakumar (2015) and its wider and longer leaf spongy layer (Surya and Hari, 2018), in addition to the properties discussed earlier. The zonation workflow was also successful and differentiating between the Rhizophora Stylosa and Bruguiera gymnorrhiza species in Fukido Mangrove Park, with relatively high accuracy results. Previous studies have documented the spectral signature variation between the Rhizophora and Bruguiera species, significantly within the near infrared (Kamaruzaman and Kasawani, 2007; Hauser et al., 2015), red-edge, and water vapor absorption regions (Hauser et al., 2015; Prasad and Gnanappazham, 2016).
The utilization of derived vegetation and biophysical indices was previously reported to be more effective for mangrove characterization and biomass estimation than using directly the multispectral bands of Sentinel-2 (Baloloy et al., 2018). The Sentinel-2 derived products have highlighted specific mangrove features, which facilitated the creation of mangrove zonation. The PCA-transformation step further allowed accentuation of the object-intrinsic information, separating noise from useful information. When applied to the mangrove pixels, the resulting PC bands provided the most significant spectral variations within the mangroves, and combination of these PCA bands reflected species composition and biochemical/biophysical properties that are unique for each zone.
The proposed mangrove zonation workflow can map major zones of mangroves, but is usually limited up to genera level only due to the spatial limitation of the satellite data (10 m). The Avicennia zone in KII is composed of four species that cannot be further separated into smaller species-specific zones. The zonation map can also highlight and separate distinct canopy conditions such as damaged mangroves and sparse mangrove cover which will be helpful in identifying priority sites for reforestation and other mitigation measures.
This zonation workflow has utilized a total of nine vegetation, water, and biophysical inputs. To determine if the resulting classification accuracies will be further improved by adding more vegetation indices, a post-mapping analysis was conducted wherein additional inputs was included before PCA transformation. The selected indices, all within the SNAP Radiometric Indices Operator, are the Soil Adjusted Vegetation Index (SAVI), Transformed Soil Adjusted Vegetation Index, Modified Soil Adjusted Vegetation Index (MSAVI), Ratio Vegetation Index (RVI), Green Normalized Difference Vegetation Index (GNDVI), Weighted Difference Vegetation Index (WDVI), and Atmospherically Resistant Vegetation Index (ARVI). It was tested for the Busuanga site and the accuracy and kappa coefficients of the new output maps were compared with the original output. Results show that the additional vegetation indices did not improve the accuracy of the original input (94.4%), with values ranging only from 66 to 93%. The kappa coefficients is also higher with the original input (0.92) as compared with the application of additional indices (0.52–0.89). The results indicated that the original input can already highlight major mangrove zonation, with NDVI, REIP, MNDWI, MCARI, and the five biophysical products that are all associated with vegetation properties and functions. Some indices have enhanced while some have lessen the accuracy for one or more target classes: mixed mangrove zone, Rhizophora zone, and damaged and sparse zone. Addition of SAVI, for example, generated higher accuracy in mapping mixed mangroves (98%) than the original 9-band input, but it gave lower accuracy in mapping the sparse and damaged zone (90.7%). Low accuracy in this zone was also observed with the modified SAVI indices–the MSAVI and TSAVI. Since SAVI uses a soil-brightness correction factor, it is not well suited in isolating areas with sparse canopy cover as it is less sensitive to changes in vegetation density and greenness as compared to NDVI and MCARI. Meanwhile, the use of RVI and ARVI has increased the accuracy in mapping the Rhizophora zone but reduced the accuracy in mapping the mixed mangrove zones. The Rhizophora zone is usually denser than the other zones, and indices such as RVI are known to be efficient in mapping those vegetation with high density coverage, but is sensitive to atmospheric effects in sparse or mixed covers (Xue and Su, 2017). Further, the set of inputs consists of two or more additional vegetation indices has mostly resulted to lower overall accuracies, such as the use of RVI + GNVI (84%), GNVI + WDVI (88.7%), and SAVI + RVI + GNVI + WDVI + ARVI (69.4%). Multiple vegetation indices have reduced the accuracies due to redundant features extracted from the input data. Although PCA can trim down the significantly correlated variables, it will still create a new set of features that is a linear combination of these input features. Even a small increase in data multicollinearity will negatively affect the MLC results. The relationships between the predictors and the highly correlated variables can influence the resulting variance-covariance matrix. It is therefore important to check for data dimensionality and orthogonality of the additional vegetation indices prior to PCA and MLC. The original input dataset utilized in this study was found to be the optimal input for the zonation methodology with relatively high accuracies for all detected zones.
Nationwide Zonation Map
The proposed workflow was applied to a nationwide-scale mangrove zonation mapping in the Philippines. Level 2 Sentinel-2 products acquired in year 2020 were used as the satellite input, generating a large dataset of vegetation, water, and biophysical products. A range of three to seven zones were detected for each Sentinel-2 tile. The output nationwide mangrove zonation map (Figure 8) will be validated through ground GPS sampling and UAS in the upcoming mangrove field surveys.
[image: Figure 8]FIGURE 8 | Mangrove zonation map of the Philippines for year 2020 generated using Sentinel 2-derived indices and biophysical dataset. Zoomed-in mangroves zonation are shown for sample areas outside the initial study sites: (A) El Nido, Palawan, (B) Santa Cruz, Marinduque, (C) Del Carmen, Surigao de Norte, and (D) Pandukan and Kulassian islands, Sulu. The colors represent the different zonation per Sentinel-2 tile, but the corresponding actual mangrove zone for each color may differ between tiles. The generated zonation per satellite image ranges from three to seven zones, with varying clusters observed in different distances from the coast and rivers.
CONCLUSION
The developed methodology for mangrove zonation mapping can provide rapid delineation of mangrove extent and mangrove zonation by extracting information from Sentinel2-based biophysical, water, and vegetation products. In this study, we first utilized Sentinel-2 multispectral bands to extract the mangrove extent within four selected sites: KII Ecopark in Aklan, Coron and Busuanga in the Philippines, and Fukido Mangrove Park in Japan. The method was applied across the sites and the resulting extent was comparable to available secondary data on mangrove areas. The extent map was used as a boundary to limit the working area for the mangrove zonation steps. Three to five zones were identified in the output zonation products within the study sites. The observed zonation was found to be affected by environment gradients such as salinity, elevation, geomorphology, nutrient availability, soil properties, and light availability; and these information were indirectly captured through Sentinel-2 products such as LAI, NDVI, MCARI, REIP, FPAR, fractional vegetation cover, background moisture, chlorophyll-a concentration, and canopy moisture layers. The capabilities of these derived variables to highlight canopy variation and mangrove zonation were discussed. The zonation workflow can detect major mangrove zones including single genus-dominant clusters, damaged areas, and sparse mangrove stands. The results of this study showed the potential of Sentinel-2 system for rapid mangrove zonation mapping especially when its vegetation, water, and biophysical products were utilized. The findings of this paper provide information on the current extent, zonation, distribution, and health status of the mangrove forests in the study sites as influenced by the prevailing biophysical and ecological conditions.
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