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Summary and thesis structure

Mangrove forests are of great ecological importance, have a high capacity for coastal
protection under climate change, and have high socio-economic value on a global scale.
These highly productive ecosystems are found in tropical and subtropical coastal regions
worldwide. Recently, their widespread degradation and loss have led to global attention
on enhancing regional-scale biodiversity. To date, species distribution mapping has only
been conducted at a local scale without systematic data collection, and consequently,
information at national, regional, and global scales remains limited. Mapping and
monitoring the spatio-temporal scale of mangrove species biodiversity is one of the most
important issues at national and regional level, when determining the degree of success
of rehabilitation and enhancement in our general understanding. This Ph.D. thesis is
organized into six chapters addressing mangrove species biodiversity and conservation
management. Furthermore, it investigates the long-term effects of environmental and
anthropogenic settings and processes on the spatio-temporal dynamics of mangrove
forest species diversity and zonation.

Synthesis of limitations and current advances in biodiversity assessment: Introduction
Chapter-1 focuses on identifying the status and limitations of existing in situ, remote
sensing, and modeling approaches for spatio-temporal assessment of mangrove forest
species biodiversity. This chapter also identifies the recent advances in methods for
quantifying landscape scale zonation and historic state using remote sensing by
integrating a more robust systematic sampling design, environmental and anthropogenic
settings, and temporal dynamics. Quantification based on a systematic sampling design
could improve the reliability of ecosystem-based spatial and intertidal zonation patterns.
Annual gap-free composites and radiometrically corrected time series data provide more
accurate information on the historic state and secondary succession of mangrove forests.

Magnitude of mangrove forest and its surrounding landscape change: Understanding
the changes in mangrove forests and their surroundings is crucial to determine how
mangrove ecosystems are constantly changing and influenced by various natural and
anthropogenic stressors. Chapter 2 elaborates on the methodological approach for
monitoring the spatio-temporal dynamics of mangrove landscapes. The main objective
of this study was to quantify the evolution of mangrove forests in Thailand’s Trat
Province over the last 30 years (1987-2017) using the aforementioned methodological
framework. The results revealed a significant decrease in agricultural area, while there
was an increase in mangrove forests, shrimp/fish farms, and bare land areas. The results
indicated that rehabilitation activities change the landscape dynamics of mangrove
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forests. This chapter also presents an exploration and potential of annual composites and
cloud computing platforms to generate consistent error-free and seamless images that
make it possible to achieve fast and accurate classification, making it easier to detect
constantly changing ecosystems.

Systematic transect plot inventories for species and structural diversity: Studies
focusing on mangrove species diversity and assessment of rehabilitation are often limited
to non-systematic field inventories describing spatial species assemblages with very
limited data, without considering intertidal zonation and occurrence of species related to
the environmental settings. Chapter 3 presents the field data sampling procedure for
assessing species and structural diversity and the success of rehabilitation projects
compared with adjacent natural mangroves. These data are freely available to users and
can be used to fit site- and species-specific above-ground biomass models and validate
satellite-based species height predictions across the intertidal zone.

Assessing the degree of success of rehabilitation interventions: Recent recognition of
the importance of mangrove forests has stimulated interest in rehabilitating and restoring
deforested mangrove landscapes in several parts of the world. Very few prior studies
have assessed the long-term effectiveness of rehabilitation efforts in terms of the time
required to stabilize rehabilitated forest stands, their structural development, and species
diversity. Chapter 4 evaluates thirty years of development of structure and species
diversity in rehabilitated mangroves using the ARMA algorithem and field survey data
in the Trat Province of Eastern Thailand. After thirty years, the rehabilitated mangroves
at the study site consisted of monocultures of Rhizophoraceae. The rehabilitated forest
showed high tree densities, low diameter at breast height, low basal area, and a very low
rate of recruitment.

Spatial diversity, intertidal zonation, and functional indicators of succession:
Quantitative examination of environmental settings on species zonation and spatio-
temporal dynamics at the landscape scale has rarely been attempted. Chapter 5 presents
a novel framework to assess the spatial and intertidal mangrove species diversity and
determine the historic state of the ecosystem. There was no single species zonation or
group of species zonation along the elevation gradients. However, the structural
parameters vary along the elevation gradient. The rehabilitated mangroves (30 years old)
appeared to be monocultured (Rhizophoraceae), while the species diversity among
regenerated forest stands varied at different locations. The effluent from shrimp farms
may partially contribute to the disturbance of natural mangrove stands. This chapter also
includes the fundamental concepts of modified ARMA. The findings provide insight into
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the current state and historic changes in the mangrove ecosystem in the Trat Province in
Thailand.

Spatio-temporal dynamics of mangrove species diversity: Regardless of advances in
remote sensing, various noise sources affect the satellites in coastal areas, and complex
forest structure, understanding of environmental and anthropogenic settings, and lack of
proper integration of systematic field inventories make it a notoriously difficult
ecosystem to study. To address this, Chapter 6 combines all information from the
aforementioned studies and introduces a state-of-the-art decision-support system that 1)
includes a systematic field inventory approach; 2) tests the temporal consistency and
change (modified ARMA) while reducing spectral noise caused by various
contaminations; and 3) links the field inventory and dynamics to remote sensing for
monitoring mangrove species diversity. The proposed approach reveals the potential of
freely available satellite sensors, which can be powerful tools, and provides a significant
advantage over traditional methods for monitoring complex mangrove species diversity.

Dynamics of
species diversity

Improved Rehabilitation
Landscape change X i
inventory monitoring
Good practices Gain or loss Systematic data

Spatio-temporal dynamics of species diversity and
functional indicators

Zonation &
succession

Degree of success

Flow diagram of thesis structure
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Résumé et structure de la thése

Les foréts de mangroves sont d'une grande importance écologique car elles ont une grande
capacité de protection des cotes dans le contexte des changements climatiques. Elles ont aussi
une grande valeur socio-économique a l'échelle mondiale. Ces écosystemes hautement
productifs sont présents dans les régions cotieres tropicales et subtropicales du monde entier.
Récemment, leur dégradation et leur disparition ont attiré I'attention du public a propos de
I'amélioration de la biodiversité a 1'échelle régionale. Jusqu'a présent, la cartographie de la
répartition des especes n'a été réalisée qu'a I'échelle locale, sans collecte systématique de
données, et par conséquent, les informations a I'échelle nationale, régionale et mondiale
restent limitées. La cartographie et le suivi temporel de la biodiversité des especes de
mangrove est I'une des questions les plus importantes au niveau national et régional, lorsqu'il
s'agit de déterminer le degré de réussite de la réhabilitation ou de I'amélioration de notre
compréhension générale. Cette these de doctorat est organisée en six chapitres traitant de la
biodiversité des especes de mangrove et de la gestion de la conservation. En outre, elle étudie
les effets a long terme des parametres et des processus environnementaux et anthropiques
sur la dynamique spatio-temporelle de la diversité des especes et de I'organisation spatiale
des foréts de mangrove.

Synthese des limites et des avancées actuelles en matiere d'évaluation de la biodiversité
(Introduction). Le chapitre 1 se concentre sur l'identification de 1'état et des limites des
approches in situ, de télédétection et de modélisation existantes pour 1'évaluation spatio-
temporelle de la biodiversité des especes de la forét de mangrove. Ce chapitre identifie
également les progres récents dans les méthodes de quantification de la zonation a I'échelle
du paysage et de l'état historique a l'aide de la télédétection en intégrant un plan
d'échantillonnage systématique plus robuste, les parametres environnementaux et
anthropiques et la dynamique temporelle. La quantification basée sur un plan
d'échantillonnage systématique peut améliorer la fiabilité des modeles de d’organisation
spatiale et intertidale basés sur 1'écosysteme. Les composites annuels et les données de séries
chronologiques corrigées radiométriquement fournissent alors des informations plus
précises sur l'état historique et la succession secondaire des foréts de mangroves.

Evaluation des changements au sein de la forét de mangrove et du paysage environnant.
La compréhension des changements dans les foréts de mangrove et leur environnement est
cruciale pour caractériser comment les écosystemes de mangrove sont en constante évolution
et influencés par divers facteurs de stress naturels et anthropiques. Le chapitre 2 détaille
I'approche méthodologique pour le suivi de la dynamique spatio-temporelle des paysages de
mangrove. L'objectif principal de cette étude était de quantifier 1'évolution des foréts de
mangrove dans la province de Trat en Thailande au cours des 30 dernieres années (1987-2017)
en utilisant le cadre méthodologique susmentionné. Les résultats ont révélé une diminution
significative de la zone agricole, tandis qu'il y avait une augmentation des foréts de

12



mangrove, des fermes a crevettes/poissons et des zones de sols nus. Les résultats indiquent
que les activités de réhabilitation modifient la dynamique du paysage des foréts de
mangrove. Ce chapitre présente également le potentiel des composites annuels et des
plateformes de cloud computing pour générer des images cohérentes, sans erreur et sans
raccord, qui permettent d'obtenir une classification rapide et précise, facilitant ainsi la
détection des écosystemes en constante évolution.

Inventaires systématiques de parcelles le long de transects pour caractériser la diversité
des espéces et des structures. Les études axées sur la diversité des especes de mangrove et
I'évaluation de la réhabilitation se limitent souvent a des inventaires de terrain non
systématiques décrivant les assemblages spatiaux d'especes avec des données tres limitées,
sans tenir compte de la zonation intertidale et de 'occurrence des especes liées au contexte
environnemental. Le chapitre 3 présente la procédure d'échantillonnage des données de
terrain pour évaluer la diversité des especes et des structures et le succes des projets de
réhabilitation par rapport aux mangroves naturelles adjacentes. Ces données sont librement
disponibles pour les utilisateurs et peuvent étre utilisées pour ajuster des modeles de
biomasse aérienne spécifiques au site et a I'espece ainsi que pour valider les prédictions de
hauteur des especes mesurées par les satellites dans la zone intertidale.

Evaluer le degré de réussite des interventions de réhabilitation. La reconnaissance récente
de l'importance des foréts de mangrove a stimulé l'intérét pour la réhabilitation et la
restauration de ces paysages déboisés dans plusieurs régions du monde. Tres peu d'études
antérieures ont évalué 1'efficacité a long terme des efforts de réhabilitation en termes de temps
nécessaire pour stabiliser les peuplements forestiers réhabilités, leur développement
structurel et la diversité des especes. Le chapitre 4 évalue trente ans de développement de la
structure et de la diversité des especes dans des mangroves réhabilitées en utilisant
l'algorithme ARMA et des données d'enquéte sur le terrain dans la province de Trat, dans
l'est de la Thailande. Apres trente ans, les mangroves réhabilitées sur le site étudié restent
constituées de monocultures de Rhizophoraceae. La forét réhabilitée présente une forte
densité d'arbres, un faible diametre a hauteur de poitrine, une faible surface basale et un tres
faible taux de recrutement.

Diversité spatiale, zonation intertidale et indicateurs fonctionnels de la succession.
L'examen quantitatif des parametres environnementaux sur la zonation des especes et la
dynamique spatio-temporelle a 1'échelle du paysage a rarement été tenté. Le chapitre 5
présente un nouveau cadre pour évaluer la diversité spatiale et intertidale des especes de
mangrove et déterminer 1'état historique de 1'écosysteme. Il n'y a pas eu de zonation unique
d'especes ou de groupes d'especes le long des gradients d'élévation. Cependant, les
parametres structurels varient le long du gradient d'élévation. Les mangroves réhabilitées
(30 ans) semblent étre mono-espece (Rhizophoraceae), tandis que la diversité des especes
parmi les peuplements forestiers régénérés variait a différents endroits. Les effluents des
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fermes a crevettes peuvent de leur c6té contribuer a la perturbation des peuplements naturels
de mangroves. Ce chapitre comprend également les concepts fondamentaux de la méthode
ARMA modifiée. Les résultats donnent un apercu de 1'état actuel et des changements
historiques de 1'écosystéme de mangrove dans la province de Trat en Thailande.
Dynamique spatio-temporelle de la diversité des espéces de mangrove. Malgré les progres
de la télédétection, diverses sources de bruit affectent les satellites dans les zones cotieres. La
structure complexe de la forét, la compréhension des contextes environnementaux et
anthropiques et le manque d'intégration des inventaires systématiques sur le terrain en font
un écosysteme notoirement difficile a étudier. Pour y remédier, le chapitre 6 combine toutes
les informations des études susmentionnées et présente un systeme d'aide a la décision de
pointe qui 1) comprend une approche d'inventaire systématique sur le terrain ; 2) teste la
cohérence et le changement temporel (ARMA modifié) tout en réduisant le bruit spectral
causé par diverses contaminations ; et 3) relie I'inventaire et la dynamique sur le terrain a la
télédétection pour surveiller la diversité des especes de mangroves. L'approche proposée
révele le potentiel des capteurs satellites librement disponibles, qui peuvent étre des outils
puissants, et peuvent offrir un avantage significatif par rapport aux méthodes traditionnelles
pour le suivi de la diversité complexe des especes de mangrove.

Rehabilitation Dynamics of
monitoring species diversity

-

Zonation &
succession

Spatio-temporal dynamics of species diversity and
functional indicators

Schéma de la structure de la these
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General Introduction

Background and synthesis

Mangrove forest in Trat province of Thailand

This chapter has been produced from: Pimple, U., Simonetti, D., Sitthi, A., Podest, E., Peters, R., Berger, U,
Leadprathom, K., Gond, V. (2021) Enhancing mangrove spatio-temporal diversity pattern monitoring: a
past and future earth observation data perspective, Submitted for publication
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Abstract:

The United Nations Decade on Ecosystem Restoration (2021-2030) lists coastal ecosystems such
as mangrove forests as a restoration priority. Given the urgent need for mangrove forest
restoration, our study objectives were to assess the problems in collecting the large-scale spatial
information required for effective restoration interventions and identify appropriate solutions.
Spatially explicit knowledge of mangrove species and forests (natural and restored) can help to
improve restoration effectiveness and is often needed on a large scale. To date, multiple-species
distribution mapping has only been conducted on a small scale without systematic field data
collection. Despite advances in applying remote sensing to mangrove forest studies, there are still
challenges in understanding and addressing the issues related to the contaminants and other
factors affecting satellite observation quality. In addition, the application and effectiveness of
modeling approaches are constrained due to inadequate field inventories and a lack of data on
temporal changes. An increasing number of studies are reporting field data, using remote
sensing, and modeling mangrove species distributions. However, a recent assessment of the
status, limitations, and challenges for field data collection caused by coastal environmental
conditions and the potential of recent developments in earth observation data is lacking. Here,
based on a literature review, we identify and discuss the factors hindering adequate reporting
and spatial-scale monitoring. In addition, we identify the factors interfering with remote sensing
observation and discuss the best practices to overcome these problems using reproducible
examples from a site in eastern Thailand. The results show how inadequate data collection and
reporting has led to incomplete information. However, a systematic remote sensing-based
sampling design, diversity quantification in relation to environmental gradients, and
consideration of secondary succession can provide a complete diversity assessment. Tidal
inundation adversely affects the spectral and structural properties of satellite data; however, the
consistency and quality of such data can be improved using low tide image composites.
Moreover, composite time series are useful in determining historical change. The recent
development of earth observation sensors, cloud-computing platforms and machine and deep-

learning architectures provide promising possibilities for diversity monitoring.
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1.1 Mangrove ecosystems and their species diversity

Mangrove forests consist of a dominant group of woody trees (+ 70 species), shrubs, and
fern species (25 genera and 19 families) that are distributed in the coastal intertidal areas
of tropical and subtropical regions around the world (Alongi, 2009; Duke, 2017;
Tomlinson, 2016) with a pronounced gradient of species diversity from the new world
(only 12 species) to the Indo-West-Pacific (58 species) (Ellison et al., 2020; Macintosh and
Ashton, 2002; Ricklefs et al., 2006). They occupy the interfaces between the land and sea,
as they are salt-and flood-tolerant to varying degrees (Kumari et al., 2020). Mangrove
forests can be composed of a variety of different tree and shrub species are not necessarily
closely related taxonomically. However, they all possess similar eco-physiological
characteristics and structural adaptations that enable them to live in anaerobic and saline
soils (Ball, 1988; Tomlinson, 2016). Mangrove forests notably have the following features:
(1) trees are a major component of the community; (2) species exhibit morphological
adaptations of aerial roots and vivipary; and (3) they exhibit adaptations to saline
environment like salt exclusion and secretion (Craft, 2016; Srikanth et al., 2016;
Tomlinson, 1986). Mangrove forests are among the most productive ecosystems in the
world because they provide several important ecosystem services including storm
protection and wave dissipation, food, timber, fuel for local communities, and nursery
beds for juvenile fishes, shrimp, and other marine invertebrates (Barbier et al., 2011; Craft,
2016). Mangrove ecosystems also export organic matter to neighboring areas (Lopez-
Medellin and Ezcurra, 2012), and are among the most carbon-rich forests in the tropics,
serving as long-term carbon sinks for sequestration (Collins et al., 2017). As natural
carbon sinks, they play a significant role in the global carbon cycle, accounting for 10—
15% of all coastal carbon storage despite covering only 0.5% of the global coastal area
(Alongi, 2014; Nobrega et al., 2019). Furthermore, mangroves play an important role in
the functioning of adjacent ecosystems, such as terrestrial wetlands, peat swamps, salt-
marshes, seagrass beds, and coral reefs (Macintosh and Ashton, 2002; Sandilyan and
Kathiresan, 2012).

Mangrove forests have relatively low levels of species diversity compared to other
tropical forest habitats, such as tropical rainforests and coral reefs (Duke et al., 1998; Lee
et al., 2017). Despite the low tree species diversity, trees in mangrove forests have a wide
range of structural and functional attributes that promote their survival and propagation

in the harsh conditions of coastal intertidal zones (Duke et al., 1998). The diversity of
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mangrove trees is associated with ecological factors that control species distributions in
different environmental conditions (Tomlinson, 2016; Twilley et al, 2017). The
distribution of mangrove species is not only determined by the number of species at a
certain location but also in the ability of each species to adapt to a wide range of
environmental conditions (Fig. 1.1) (Duke et al., 1998; Hogarth, 2013; Twilley et al., 2017).
The micro-topography of the landscape and tidal inundation drive the intertidal zonation
of mangrove forest species and are considered an ideal proxy for other environmental
factors that contribute to tree growth, including salinity, soil texture, and redox potential
, and nutrient availability (Hickey and Bruce, 2010; Leong et al., 2018; Ma et al., 2020).
Considering the above influencing factors, the mangrove species within each
geographical region are largely a product of local scale diversification processes. Random
distribution of mangrove species may take place depending on environmental settings
and various competing processes offsetting one another (Daru et al., 2013; Ellison et al.,
2000).

Mangrove forests occupy only 0.5 % of the world’s coastal areas (Giri et al.,, 2011).
However, despite their limited total area, they are widely distributed from 30° N to 30° S
(Kuenzer et al., 2011; Zong, 2006). According to Duke et al.(1998), mangrove species are
primarily distributed in two hemispheres, the Atlantic East Pacific and the Indo-West
Pacific, and in six biogeographic regions (United Nations Environment Program, 2014):
(1) western America and the eastern Pacific, (2) eastern America and the Caribbean, (3)
western Africa, (4) eastern Africa and Madagascar, (5) Indo-Malesia and Asia, and (6)
Australasia and the western Pacific (Fig. 1.2). Mangrove biodiversity is almost five times
higher (58 species compared to 12) in the eastern hemisphere than in the western
hemisphere (Ellison et al., 2020; Macintosh and Ashton, 2002; Ricklefs et al., 2006).
Ricklefs et al.(2006) and (Ricklefs and Latham, 1993) summarized several explanations
for species diversity and distribution in this region. The presence of region-specific
dominance of geophysical circumstances, adjacent diverse terrestrial flora, and a wet,
humid climate may have been contributing factors (Duke, 2017; Macintosh and Ashton,
2002; Ricklefs and Latham, 1993).
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Figure 1.1 Linkage of mangrove biodiversity to local settings (Derived from: (Twilley, 2018, 2008; Twilley
et al, 2017; Twilley and Rivera-Monroy, 2005)): hierarchical classification system that describes the
structure and function patterns of mangroves based on global (temperature and precipitation) (Osland et
al., 2017) geomorphological (regional), and ecological (local) factors that control the concentration of
nutrient resources and regulators in soil along gradients from the fringe to more interior locations by the
shore. Resource gradient: environmental attributes such as light, water, nutrients, space, and other
variables that are consumed and contributed to mangrove growth. Regulator gradient: salinity, sulfide, pH,
and redox that are non-resource variables contribute to tree growth. Hydroperiod gradient: the period of

time during which mangroves are inundated by tidal water.
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Despite their importance, mangroves are threatened globally, and an estimated one-third
of mangrove forests have been lost over the past half-century (Thomas et al., 2018; Valiela
et al., 2001). According to the FAO (2007), the extent of mangroves decreased from 18.8
million hectares to 15.2 million hectares between 1980 and 2005. A recent baseline study
found that mangroves had a global extent of 13.76 million hectares (Bunting et al., 2018),
indicating significant further losses. Rates of mangrove deforestation have declined
globally, although countries like Myanmar and Malaysia are still facing high loss (Friess
et al., 2019; Goldberg et al., 2020). Furthermore, between 2000 to 2016, 62% of global
mangrove losses and 80% of the losses in the Southeast Asian region were the direct result
of the replacement of forests with aquacultural and agricultural enterprises (Goldberg et
al., 2020). Friess et al.(2019) summarized national and subnational estimates of mangrove
loss in the late twentieth century due to aquaculture and other human-induced
conversions for various countries across the tropics. Not only are mangroves losing aerial
coverage, but they are also declining in terms of species diversity and ecosystem services
(Macintosh and Ashton, 2002). According to Polidoro et al.(2010), on a global scale, about
16% of mangrove species are at an elevated threat of extinction, and current mangrove
exploitation rates are expected to continue. Considering the accelerating rate of
exploitation, the loss of species poses serious ecological and economic consequences,
especially in regions with low species diversity and an elevated rate of species loss. For
example, the highest percentage of threatened species is observed in the Atlantic and
Pacific coastal regions of Central America. Forty percent of mangrove forest species are
listed in threatened categories (Polidoro et al., 2010). Under the United Nations Decade
on Ecosystem Restoration (2021-2030) lists coastal ecosystems such as mangrove forests
as a restoration priority. However, in high diversity regions, regardless of high loss rates,
very little is known about the loss of individual localized species or local diversity loss.
Bryan-Brown et al.(2020) noted that simply reporting total loss rates or changes in the
extent of mangrove forests is inadequate for spatial scale conservation interventions if
there is insufficient information on the spatial assemblage of the habitat that remains.
However, very limited information is available on the spatio-temporal changes in
mangrove species communities (Polidoro et al., 2010). Furthermore, Polidoro et al.(2010)
identified the need for species-specific information and the importance of refining
conservation practices for threatened species in the Indo-Malesia and Asia region (Fig.
1.2B).
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1.2 Spatial and temporal aspects of mangrove species distribution

Mangrove species share a common ability to grow in saline conditions; they appear in
predictable mono-specific zones parallel to shorelines, tidal channels, and the banks of
rivers and streams influenced by fluvial and marine processes (Polgar and Jaafar, 2018;
Snedaker, 1989, 1982). Variation in microtopography and tidal inundation drive the
intertidal zonation of mangrove forest species (Hickey and Bruce, 2010; Leong et al.,
2018). Several early studies documented zonation patterns perpendicular to the coastline
(Peters et al., 2020b; Rabinowitz, 1978) in general accordance with Watson (1928), who
showed the zones of different species following shoreline contours. Researchers often try
to prove zonation using Watson (1928), but the fact that this concept is purely
hypothetical and used to illustrate the concept of inundation classes is not usually stated
(Ellison, 2002; Tomlinson, 2016). Moreover, they are not accurate representation zonation
because intertidal and spatial patterns are more complex (Buckley, 1982; Bunt et al., 1985;
Bunt and Williams, 1980; Peters et al., 2020b). Several studies also note that larger-scale
zonation and distribution patterns are still not well understood and that strong zonation
patterns are rarely observed in the field (Bullock et al., 2017; Ellison et al., 2000; Snedaker,
1982).

The minimum amount of field data required to assess landscape-scale species diversity
and zonation is a complete list of species in the forest, measurements of the edaphic
parameters and elevations, as well as the measurements obtained in contiguous quadrats
or fixed-area sampling along the intertidal zone of the transects (Castaneda-Moya et al.,
2006) (Ellison, 2002). Ellison (2002) provided a detailed review and four possible
explanations why many studies have failed to observe zonation patterns: (1) the lack of
proper statistical methods to test zonation patterns; (2) the lack of appropriate spatial
scales for observation and analysis; (3) the lack of consideration of human impacts that
have disrupted zonation patterns; and (4) the “null hypothesis” that zonation does not
exist in mangrove forests. Several studies published after 2002 only analyzed randomly
sampled plots or transect lines without considering spatial and intertidal zonation. In
addition, most of these studies reported only dominant species and structural
parameters, and they identified zonation without quantification in relation to inundation
level or micro-topography (Ellison, 2002). Furthermore, the consideration of topographic
variability and the effects of various anthropogenic settings and factors were sparse.

Natural disturbances such as lightning, insects, diseases, tropical storms, and changes in
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the sea level could also influence zonation patterns (Bullock et al., 2017; Piou et al., 2006).
In addition, land-use changes, such as the conversion of forest to shrimp farms or
agriculture, alter the topography or natural elevation gradient, changing the key
biophysical variables responsible for zonation (Elwin et al., 2019; Hickey and Bruce,
2010). Among other stressors, shrimp farm waste or effluent from industries also
strongly affects ecological functions and negatively impacts species diversity (Capdeville
et al., 2018; Vaiphasa et al., 2007). The inclusion of the parameters mentioned above in a
systematic field survey and their quantification in relation to various environmental and
anthropogenic stressors have rarely been considered while reporting the intertidal and

spatial distribution of mangrove species.

Rehabilitation and restoration of mangrove forests are often aimed at conservation,
coastal protection, wood production for economic purposes, or the mixed-use of
mangroves to produce high sustainable yields (Andradi-Brown et al., 2013). In previous
decades, rehabilitation and restoration practices have occurred in several deforested
mangrove areas around the world (Andradi-Brown et al., 2013; Ellison et al., 2020;
Macintosh and Ashton, 2002; Pimple et al., 2020). Globally, several rehabilitation and
restoration projects have been reported, including those in Thailand, Pakistan, Australia,
Bangladesh, Sri Lanka, Vietnam, Philippines, Malaysia, Indonesia, India, Florida (USA),
Mexico, Columbia, Brazil, China, and Kenya (Asaeda et al., 2016; Bosire et al., 2003;
Goessens et al., 2014; Lopez-Portillo et al., 2017; Phan et al., 2019; Pimple et al., 2020;
Proisy et al., 2018; Sillanpaa et al., 2017).

The terms rehabilitation and restoration are often used synonymously, but they actually
have distinct definitions (Schmitt and Duke, 2020). The term “mangrove rehabilitation”
refers to the simple plantation of mangroves over disturbed, degraded, damaged, or
destroyed land, without any site assessment or subsequent evaluation of the functioning
of the created ecosystems (Andradi-Brown et al.,, 2013; Field, 1999; Macintosh and
Ashton, 2002). The term “mangrove restoration” refers to actively supported measures to
return a formerly degraded mangrove ecosystem to its original condition before it
became degraded, in terms of species diversity, functioning, and hydrological regime
(Andradi-Brown et al., 2013; Dale et al., 2014; Macintosh et al., 2002; Pimple et al., 2020).
The term regeneration refers to the forest distribution that follows a natural recovery
without conservation interventions (FAO, 2019). We reviewed the literature to identify
the species responses that could occur during succession in rehabilitated, restored, and

regenerated mangrove forests. Numerous studies have compared the native and
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rehabilitated mangrove communities and reported significant contrasts in tree density,
species composition, and structural diversity (Asaeda et al., 2016; Luo et al., 2010; Pimple
et al.,, 2020; Walters and Walters, 2004). However, there is insufficient scientific
information on the secondary succession of species diversity in rehabilitated, restored,
and regenerated mangrove forests (Asaeda et al., 2016; Bosire et al., 2003; Luo et al., 2010;
Pimple et al., 2020; Reis-Neto et al., 2019; Ren et al., 2008; Smith, 1987; Van Loon et al.,
2016). These successions are rarely considered and reported while accessing the spatial
scale diversity at specific sites. Furthermore, there are a very few mangrove ecosystem in
the world that has not been influenced by human activities (Ellison, 2002). This raises the
question of whether the rehabilitated, restored, and regenerated mangroves are truly
returned to the species diversity present before degradation occurred. Furthermore, most
quantitative baseline studies use single occurrence surveys and lack reports on the

temporal changes in species diversity at the study sites.

Numerous natural and anthropogenic stressors or processes could change the
assemblages of mangrove species. The reporting of gradual or abrupt changes and their
effects on species diversity is crucial for baseline biodiversity monitoring studies, yet such
practices are rarely used. Most previous studies also report the species diversity and
structural parameters without consideration of proper sampling strategies, surface
elevation or tidal regimes, and secondary succession (Abino et al., 2014; Joshi and Ghose,
2014; Nehru and Balasubramanian, 2018; Rahman et al., 2019; Shah et al., 2016; Sillanpaa
et al., 2017).

The above information implies that many studies have failed to report reliable zonation
and diversity distribution patterns due to lack of 1) systematic field data collection, 2)
quantification of species diversity pattern in relation to various environmental gradients,
3) effects of conservation and other anthropogenic interventions on the diversity of
secondary successions. This leads to complications when such information is used with
earth observation data for mapping and monitoring mangrove forest species diversity.
Our paper reviews the knowledge gaps and identifies and discusses the best practices for
enhancing spatial scale species diversity monitoring using recent developments in earth
observation data. Moreover, it discusses 1) the challenges and importance of systematic
tield surveys, 2) factors affecting the quality of remote sensing data, 3) how to overcome
the remote sensing data challenges and the best practices. In addition, we review the
possible benefits of integrating earth observation data when predicting spatial scale
diversity.
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1.3 Objectives

This review intends to identify solutions to the challenges and limitations of quantifying
and monitoring spatial scale mangrove species diversity using earth observation data.
Knowledge about the best practices for using earth observation data and designing
systematic field inventories is helpful for individuals concerned with decision-support
systems and mangrove species diversity protection. In particular, such information
would be invaluable for conservation and sustainability practitioners, including those
working on the United Nations Restoration Declaration Decade (2021-2030) agenda for
mangroves, Reducing Emissions from Deforestation and forest Degradation plus
(REDD+), or climate change mitigation and carbon sequestration strategies at local,
national and regional scale. The objectives of this review are to 1) identify discrepancies
and challenges in traditional field inventory data collection approaches, 2) provide an
overview on historical and current remote sensing data usage and challenges, 3) provide
an overview on current state and challenges associated with prediction and modeling of
diversity, 4) Identify the best practices for enhancing the monitoring of spatio-temporal
dynamics of mangrove species diversity. An in-depth theoretical and practical
understanding of the main factors hindering adequate mapping of mangrove ecosystems
was also explored by analyzing recent literature and reproducible examples from a study

site in the Trat Province of eastern Thailand (Fig. 1.3).

1.4 Demonstration site

This study site, located along the eastern coast of the Gulf of Thailand and bordering
Cambodia, is under investigation by a project entitled “Monitoring and Restoration for
Sustainable Coastal Ecosystems (RESCuE: https://rescue-pro.net/).” This study site
contains a large area of natural mangrove stands characterized by the most common
native species found in Thailand, and large areas have been restored without adequate
site assessment, resulting in a Rhizophoraceae monoculture in most of the rehabilitated
zone. Over the past 30 years, these stands have reached the same height as the natural
stands but have been unable to reproduce the species diversity found in a natural forest
(Pimple et al., 2020). The study area contains a zone of landward forest that had been
destroyed for shrimp farming and agricultural activities but has subsequently
regenerated naturally (Pimple et al., 2020, 2018). The following 18 mangrove genera occur
in the study area: Sonneratia alba, Sonneratia ovata Backer, Avicennia alba, Avicennia marina,

Bruguiera cylindrica, Bruguiera gymmnorhiza, Bruguiera sexangula, Ceriops tagal, Ceriops
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decandra, Excoecaria agallocha, Intsia bijuga, Lumnitzera littorea, Lumnitzera racemosa,
Rhizophora apiculata, Rhizophora mucronata, Xylocarpus granatum, Xylocarpus moluccensis,
and Scolopia macrophylla (Pimple, 2020; Pimple et al., 2021, 2020). Figure 1.3 presents the
available field inventory data used for mangrove species monitoring (Pimple, 2020;
Pimple et al., 2021, 2020) and testing the proposed best practices in this review. The
locations of Transects 1, 2, and 3 presented in Figure 3 are from recently published studies
(Pimple, 2020; Pimple et al., 2021, 2020).

222000 224000 226000 228000 230000 232000 234000 236000 238000 240000 242000 244000 246000
s = . _ , . 3 2

Transect 01
‘ransect 02
Transect 03

222000 224000 226000 228000 230000 232000 234000 236000 238000 240000 242000 244000 246000

Figure 1.3 Location and available inventory data at the demonstration study site in the Trat Province,
Thailand. Transects 1, 2, and 3 indicate the locations for the systematic transect plot placement for intertidal
mangrove zonation using Sentinel-1 and -2 data. The green dots are the locations of stratified sample plots

collected at a 10 x 10 m size. Note: only locations where the survey was completed are shown here.
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1.5 Difficulties and challenges for diversity monitoring and predictions

1.5.1 Field inventory data

Data on mangrove tree species, structure (height and diameter at breast height (DBH)),
vegetation complexity, successional stages, and various environmental parameters are
important in understanding the requirements for the maintenance of genetic richness,
ecological functions, and ecosystem resilience (Dale, 1999; Dale et al., 2014). However,
systematic data collection approaches when determining species diversity and zonation
in mangrove studies are rarely considered (Dale et al., 2014; Sandilyan and Kathiresan,
2012). Studies focusing on mangrove species biodiversity are often limited to non-
systematic field inventories, describing spatial species assemblages with minimal data
without considering intertidal sampling or quantifications relating to surface elevation
or tidal inundations (Baderan et al., 2018; Ellison, 2002; Sreelekshmi et al., 2020; Torres-
Fernandez del Campo et al., 2018). The use of inadequate data collection criteria and
reporting impacts the study methodology and results in several ways, including sub-
optimal location choices and numbers of survey samples, misused resources, and
incomplete baseline species zonation and distribution information of mangrove
ecosystems (Dale et al, 2014). All these effects can lead researchers to overlook

information on rare species unique to specific study sites.

Mangrove forests are notoriously difficult landscapes to study. Besides biting insects and
potentially dangerous wildlife, the tidal fluctuations, soft muddy substratum, and
complex forest structure present a significant challenge for logistics and field
measurements (Kovacs et al., 2011; Lee et al., 2017; Leong et al., 2018). However, samples
collected near canals or easy access points may not represent the actual species zonation
or assemblage at that particular location. Other problems include sky blockages, caused
by dense canopy structures, and challenging ground conditions, which may affect the
measurements (real-time kinematic GPS, total station survey, drone), and mean that the
spatial accuracy of measurements is not guaranteed (Kaartinen et al., 2015; Rick C. Leong
et al., 2018; Pirti et al., 2010). Hence, a highly robust systematic sampling design is
required for mangrove species biodiversity assessments. Furthermore, the careful
consideration of influencing factors, the history of modified landscapes, and conservation

interventions must also be included.
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1.5.2 Remote sensing data

Biodiversity is a measure of the number and variety of biotic species found within a
defined geographic region (Kuenzer et al., 2014). The species richness of mangrove forests
is one of the characteristics of mangrove ecosystems. Environmental conditions and
biological factors are responsible for controlling species richness in different
geomorphological and ecological settings (Twilley et al.,, 1996). Traditional in situ
mangrove species biodiversity monitoring is limited in time and space and difficult to
conduct due to the harsh environment, costs, and time-consuming nature (Wang et al.,
2019; Wang and Gamon, 2019). Remote sensing has consequently proved useful in
mapping and monitoring mangrove ecosystems (Bunting et al., 2018; Kuenzer et al., 2011;
Lucas et al.,, 2017; Pham et al., 2019b; Wang et al., 2019). In previous decades, remote
sensing data such as aerial photographs and satellite imagery have been used extensively
to characterize the extent of mangrove habitats, their species composition, health status,
and the spatio-temporal changes caused by various stressors and conservation
interventions (Adade et al., 2021; Kuenzer et al., 2011; Wang et al., 2019). Since 2011, there
have been five major review papers and one book chapter focusing on the remote sensing
of mangrove species diversity and related monitoring challenges (Cardenas et al., 2017;
Heumann, 2011; Kuenzer et al.,, 2011; Lucas et al., 2017; Pham et al., 2019b; Wang et al.,
2019). Kuenzer et al.(2011) provided a detailed overview of the sensitivity of optical and
Synthetic Aperture Radar (SAR) for detecting mangrove species’ spectral signatures,
backscatter coefficients, and influencing parameters. They also reviewed the commonly
used sensors and their methodologies, advantages, and limitations. Heumann (2011)
summarized the new high-resolution and hyperspectral imagery and methods for
characterizing mangrove species composition. Cardenas et al.(2017) provided the status
for the usage of freely available satellite imagery, the importance of temporal scale, and
the data processing limitations. Lucas et al. (2017) highlighted the range of remote sensing
data used in previous studies to describe the multiple dimensions of mangrove forests,
including the spatial scales, temporal frequencies, spectral responses, and three-
dimensional state. Pham et al. (2019) provided an overview of studies undertaken after
2010, focusing on remote sensing and machine learning applications to distinguish
mangrove species. Recently, (Wang et al., 2019) identified key milestones in applying
remote sensing for mangrove-species mapping in the previous four decades. They noted
that further research was required to determine whether temporal information could be

used to identify mangrove species and predicted the future direction that research would
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take. The identification of species on a spatial scale or their association is not yet fully
defined. Moreover, significant challenges that have not been adequately addressed in
remote sensing studies include the spectral characteristics of mangrove species and the
effect of environmental conditions on imagery (Wang et al., 2019). Furthermore, despite
advances, the integration of environmental conditions and secondary succession has

rarely been considered.
1.5.2.1 Spectral reflectance in multispectral imagery

Influence of clouds and shadows

Frequent thick clouds and cloud shadows in mangrove zones are one of the first problems
encountered when selecting optical satellite imagery (Baetens et al., 2019; Wang et al.,
2019). Cloud cover, shadows, haze, and missing values influence several analysis
processes, including atmospheric corrections. Moreover, the effects on spectral
reflectance (Fig. 1.4) may cause biased vegetation indexes leading to the misidentification
of species and their temporal dynamics. The challenges of cloud cover and shadows have
been well-documented in previous studies (Cardenas et al., 2017; Kuenzer et al., 2011).
Cloud shadows change the spectral quality of the pixels under the shadowed area, and
some researchers have only performed cloud pixel masking, leaving the shadow pixels
untreated (Islam et al.,, 2019). Despite these challenges, several methods have been
developed to automatically screen clouds and cloud shadows from optical images (Zhu
and Helmer, 2018). In very cloudy regions, multi-spectral sensors might only provide a
few or not even a single cloud-free image throughout the year, which limits the complete
monitoring of changes in mangrove ecosystems Hence, the inclusion of consistent time
series to monitor secondary succession in mangrove species is still relatively rare (Hauser
et al., 2020).
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Figure 1.4 The best single date Landsat imagery from 1987 (upper left) to 2017 (bottom left) in Trat province,
Thailand, in pseudo-color-composite (SWRI-1, NIR, RED) (Pimple et al., 2018). The cloud, shadow, and
other atmospheric contaminants are observed throughout the year.

Changing surface reflectance with tidal inundation

Another challenge in mapping diversity at large spatial scales is the presence or absence
of water beneath the mangrove canopy. The spectral reflectance of mangroves is strongly
altered by high and low tidal inundations, especially in submerged, sparse, and scrub
forest stands (Kuenzer et al., 2011; Lucas et al., 2017; Rogers et al., 2017; Xia et al., 2018).
This phenomenon further complicates mangrove zonation across different temporal
scales, especially if adjacent cloud-free scenes have been acquired at different tidal stages
(Rogers et al., 2017). We also lack an understanding of the effect of tidal levels on spectral
reflectance values in mangrove forests (Wang et al., 2019).

The first study focusing on identifying mangrove species (IKONOS and QuickBird) was
published in 2004 (Wang et al., 2004; Wang et al., 2019). We have reviewed studies since
2004 that have focused on identifying mangrove species using high (IKONOS, QuickBird,
RapidEye, GeoEye, WorldView-3, and Pleiades) and medium resolution multispectral
imagery (Landsat, ASTER, SPOT-5, and Sentinel-2 MSI). The benetfits of high-resolution
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imagery for mangrove species identification have been recognized (Lucas et al., 2017),
but the influence of high and low tidal inundations on spectral reflectance have not been
considered (Heenkenda et al., 2014; Huang et al., 2009; Jia et al., 2014; Neukermans et al.,
2008; Rahman et al., 2019; Wang et al., 2004; Wang et al., 2008, 2016). Furthermore, studies
that attempted mangrove species identification using medium resolution satellite data
did not account for the tidal influence (Bullock et al., 2017; Ghosh et al., 2016; Myint et
al., 2008; Valderrama-Landeros et al., 2018, Wang et al., 2018). However, the lack of
availability of tidal data, field-data collection costs, poor accessibility, and the cost of

temporal images (for commercial products) may have contributed to these limitations.

Recent studies have tested the performance of various multi-spectral imagery (high and
medium resolution) in both low and high tide conditions and identified several
improvements that could be made (Proisy et al., 2018; Rogers et al., 2017; Xia et al., 2020,
2018; Zhang et al., 2017). Rogers et al. (2017) reported that spectral properties could
become increasingly homogeneous under specific tidal conditions, unlike using a single-
date image, which could result in non-homogeneous spectral responses over the same
area over different times. Xia et al. (2018) found that the spectral signatures of seaward
low-stand mangroves greatly varied during high and low tide. Furthermore, combined
high and low tide images may result in the under- or overestimation of mangrove areas
(Xia et al., 2020; Zhang et al., 2017). The above review suggests that spatial and temporal
data not only aid species identification but that the mapping accuracy extent greatly
depends on image acquisition time and tidal level. Figs. 1.5 and 1.6 present examples of
the effects of low and high tide on the Landsat OLI-8 and Sentinel-2 MSI imagery
observed in the Trat province of Thailand. During low tide, the reflectance values for
seaward (orange circle: dominated by Sonneratia abla and Rhizophora zone) and scrub
(black circle: dominated by Ceriops tagel species with height less than 2 m) mangroves are
higher for the NIR (band 5 for Landsat-8 and band 8 for Sentinel-2), SWIR-1 and SWIR-2
(bands 6 and 7 for Landsat-8 and bands 11 and 12 for Sentinel-2) bands than during high
tide. Hence, the homogenization of the spatio-temporal spectral signature is crucial in

mangrove studies.
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Figure 1.5. Effect of tidal inundation on the reflectance of Landsat-8 (OLI) TOA images. Satellite acquisition

time (approximately 10:00-10:30 am local hour) at Trat Province of Thailand. (a) False-color composite
(SWIR-1, NIR, and Red) of Landsat-8 (OLI) image (January 27%, 2017) at high tide (3.49 m); (b) False-color
composite of Landsat-8 (OLI) image (May 10%, 2017) at low tide (2.00 m); (c) Spectral variability at seaward
location during tidal fluctuations (orange circle); (d) Spectral variability at dwarf stand (mid zone) location

during tidal fluctuations (black circle). Note: in the graph, the spectral reflectance is scaled by 100 for

visualization purposes. The pixel values shown here are the average value of 3 x 3 pixels.
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Figure 1.6 Effect of tidal inundation on the reflectance of Sentinel-2 (MSI) TOA images. Satellite acquisition
time (approximately 10:00-10:30 am local hours) at Trat Province of Thailand. (a) False-color composite
(SWIR-1, NIR, and Red) of Sentinel-2 MSI image (December 25, 2018) at high tide (3.36 m); (b) False-color
composite of Sentinel-2 MSI image (May 4, 2018) at low tide (1.76 m); (c) Spectral variability at seaward
location during tidal fluctuations (orange circle); (d) Spectral variability at dwarf stand (mid zone) location
during tidal fluctuations (black circle). Note: in the graph, the spectral reflectance is scaled by 100 for
visualization purposes. The pixel values shown here are the average value of 3 x 3 pixels.
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1.5.2.3 SAR imagery

In recent years, the use of SAR data in mangrove research has increased. Microwave radar
at X, C, L, and P bands has been used to identify different mangroves (Lucas et al., 2017,
2007; H. Zhang et al., 2018). Santiagoa et al. (2013) and Ottinger and Kuenzer (2020)
summarized the usage of X, C, L, and P bands for various mangrove applications,
including species identification. A combination of the studies by (Lucas et al., 2014) and
(Adeli et al., 2020) provides a detailed review of the development of various SAR sensors
up to the year 2020. The main benefits of the SAR sensors are that they are consistent and
systematic and allow for observations of the land surface by day or night regardless of
cloud cover or almost any type of weather condition (Lucas et al., 2014; Zhen et al., 2018).
The SAR imagery is sensitive to vegetation structure and moisture content, and the signal
can penetrate the canopy and indicate whether the vegetation is inundated. This
information is complementary to optical imagery; however, only a few studies have
exploited SAR'’s full potential to identify mangrove species (H. Zhang et al., 2018). Radar
backscatter over mangrove ecosystems depends on local environmental conditions, such
as tidal inundation, which can affect the backscatter response. Wang and Imhoff (1993)
modeled radar backscatter at L-band from mangrove forest stands and reported higher
backscatter for inundated conditions than non-inundated conditions. Darmawan et al.
(2015) investigated the impact of tidal inundation on ALOS PALSAR polarimetric
measurements on HH and HV and found that the tidal regime affected the backscatter
coefficient. Furthermore, Lucas et al. (2017) noted that the effect of tidal inundation on L-
band HH polarization: the ability of sensors to detect inundation, depends on the amount
of overtopping canopy material and the openness of the forest canopy. The partially or
tully submerged mangroves and low vegetation areas, such as sparse and dwarf forest
stands on the seaward and low elevation areas (inundated during high tide), are likely to
show such variations in satellite observations (Fig.1.7). Lucas et al. (2017) also found that
backscatter increased with increasing above-ground biomass up to a saturation point
(which is frequency-dependent) and, after that, the observed backscatter decreased due
to dense aerial root systems. Polarimetric information from SAR images can be used to
classify mangrove type and structure (Brown et al., 2016; Hong et al., 2015). However,
Simard (2019) states that it is difficult to map the extent of mangroves using SAR alone,
especially when the adjacent landcover is another forest type. Instead, Simard (2019)
suggests using a combination of optical and SAR methods and optimizing the unique

information content of each sensor in order to characterize the mangrove ecosystems.
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Herein, literature is reviewed focusing on the application of SAR and combined multi-
spectral imagery with SAR for mangrove species identification such as: Landsat-8 and
RADARSAT-2 (Zhen et al., 2018); ALOS PALSAR (Santiagoa et al., 2013); Worldview-3
and RADARSAT-2 (H. Zhang et al., 2018); ALOS PALSAR, ALOS PRISM, and IKONOS
(Brown et al., 2016); ALOS PALSAR-2 and RADARSAT-2 (Ferrentino et al., 2020);
Sentinel-1 SAR and Sentinel-2 MSI (Pham et al., 2019a); Worldview-2 and Tandem-X SAR
(Rahman et al., 2019). In these reviews, the tidal influence on SAR backscatter values was
not considered. Nevertheless, the recent developments in SAR-based earth observation
areas may potentially enhance the spatial scale of mangrove species mapping. The
recently added and free public access to the 10-meter resolution Sentinel-1 SAR dense

time series could improve mangrove forest monitoring (Wang et al., 2019).
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Figure 1.7 Effect of tidal inundation on the backscatter coefficient of Sentinel-1 SAR imagery. Satellite
acquisition time (approximately 11:00 am local hours) attributed to tidal heights over a single year (2018)
at Trat province of Thailand. (a) RGB composite (VV, VH, and VV/VH) of Sentinel-1 SAR image (December
26, 2018) at high tide (3.35 m); (b) RGB composite (VV, VH, and VV/VH) of Sentinel-1 SAR image (June
17t, 2018) at low tide (1.12 m); (c) Backscatter coefficient variability at seaward location during tidal
fluctuations (orange circle); (d) Backscatter coefficient variability at dwarf stand (mid-zone) location during

tidal fluctuations (black circle). Note: the pixel values shown here are the average value of 3 x 3 pixels.
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1.5.3 Temporal inconsistencies and gaps in mangrove monitoring

The estimation and consistent monitoring of mangrove diversity provide forest
managers, ecologists, and conservationists important information to support forest
management and related policy decisions. Despite the importance of multi-temporal
changes in mangrove forest management and diversity conservation, the amount of this
information is still limited. The lack of consistent field measurements makes remote
sensing a valuable tool for mapping temporal dynamics (Thompson et al., 2015; Wang
and Gamon, 2019). The influence of clouds, shadows, haze, and missing pixel values
limits the temporal consistency in coastal regions (Fig. 4). Furthermore, it becomes more
complicated if images are collected in two tidal stages (i.e., low and high tide), as this
alters the temporal spectral response of individual pixels. In these situations, submerged
or small and sparse mangrove spectral responses can be misinterpreted during the
analysis. Remote sensing images are usually influenced by variations in atmospheric
conditions, hence the need for radiometric corrections. The relative normalization of
multi-temporal images to a common relative scale ensures the spectral homogeneity of
each pixel (Bodart et al., 2011). However, the differences in local environmental and
atmospheric conditions and the high variability of mangrove ecosystems require

standardized and robust image-processing methods (Kuenzer et al., 2011).

1.5.4 Diversity modeling

The analysis given above shows that assessing current mangrove species diversity is
essential to inform and enhance the spatial and temporal monitoring capabilities of these
ecosystems (Sarker et al., 2019). Modeling approaches, such as stacked species
distributions, macro-ecological and ordination and stochastic methods have been used to
elucidate mangrove species spatial distribution patterns, stands, richness, and
compositions (Mateo et al., 2017; Sarker et al., 2019). Few studies have explored the role
of disturbances such as hurricanes or lightning strikes on the maintenance of species
richness in mangrove communities or quantified the recovery of the mangroves (Krauss
and Osland, 2019; Osland et al., 2018; Piou et al., 2006; Vogt et al., 2014). The lack of
information on stressors and biotic and abiotic variables (Victor H Rivera-Monroy et al.,
2017b), which are generally assumed to be temporally constant, limits the prediction of
mangrove species distributions. Rivera-Monroy et al. (2017) noted that mangrove spatial
distribution modeling is still limited to extrapolating small amounts of observational data

to the global scale, validation, and uncertainty analysis. Aside from the boundary
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conditions of the modeling domain (study site or transect), knowledge of the time series
of forest structure and terrain topography is also required. The lack of adequate field
inventories and data on temporal changes have constrained the effectiveness and
application of modeling approaches (Berger et al., 2008; Victor H Rivera-Monroy et al.,
2017b).

1.6 Discusssion on good practices for diversity monitoring and predictions

1.6.1 Systematic sampling design for characterization of spatial scale diversity

Mangrove species distribution at any site is attributed to the different responses of
individual species to topography, tidal regimes, coastal processes, variability in canal
networks, and edaphic variables over a larger spatial scale. The edaphic variables are the
physicochemical properties of sediments and water, such as particle size fractions
(texture), bulk density, particle density, pH, organic matter, salinity, cation exchange
capacity, field capacity, and nutrients (Das et al., 2019; Ellison et al., 2000). As well as the
natural factors, anthropogenic controls play an important role in modifying species
diversity at specific sites. Depending on the site-specific local settings such as
topography, tidal regimes, coastal processes, canal networks, and edaphic variables,
mangrove ecosystems can take the form of: (1) a single species zonation: a single tree
species monoculture zone systematically arrayed over the landscape; (2) grouped zone:
two or more species grouped across the intertidal zone; and (3) random placement or no
zonation: species are randomly placed over the landscape (Ellison et al., 2000; Victor H

Rivera-Monroy et al., 2017a).

We have found three references describing good sampling practices while reporting
intertidal species zonation in mangrove forests (Castaneda-Moya et al., 2006; Dale, 1999;
Ellison, 2002). These authors have identified the minimum data and sampling strategies
required to assess spatial distribution, as follows: (1) the sampling must be performed in
contiguous quadrats or fixed-area sampling along a transect of the intertidal zone; (2)
there must be a complete list of species for the study site; (3) there must be a measure of
the abundance of each species and where they occur in the given landscape; and (4) a
measure of the edaphic parameters and surface elevation. Dale (1999) noted that in
zonation studies, researchers should describe and quantify spatio-temporal
characteristics and then relate them to observed characteristics and processes, such as
growth, succession mortalities, and the species diversity status. The temporal

characteristic is rarely considered in mangrove zonation studies. Good sampling practice
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must include the four strategies mentioned above (as a minimum) with consideration of
anthropogenic settings and the temporal dynamics of succession (Pimple et al., 2021).
However, ecological baseline monitoring studies rarely consider the long-term effects of
various stressors at the spatio-temporal level. Recently, Pimple et al.(2021) proposed that,
in addition to the above-mentioned parameters, the temporal dynamics, anthropogenic
settings, and human factors should also be considered when studying the baseline and

zonation patterns of mangrove forests (Fig. 1.8).
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Figure 1.8 Monitoring spatial scale species diversity and zonation using a transect line plot. The orange
boxes indicate the physical factors related to elevation, tidal inundation, and landscape modification. The
yellow boxes indicate the natural influencing factors as well as those induced by humans. The pink boxes

indicate the various phases that could be observed over time in a given ecosystem (Pimple et al., 2021).

A systematic sampling design across mangrove forest landscapes is crucial to obtain a
complete species list covering the spatial area, elucidate the intertidal distribution, record
changes in mangrove structural features, and knowledge of conservation interventions
(Pimple et al., 2020). Considering the difficulties in conducting field inventories, the
sampling design needs to be efficient (less time-consuming), precise, and cost-effective.
Recently, remote sensing-based spatially balanced sample approaches, such as area
proportional stratified random sampling, have been investigated (Grafstrom et al., 2014;
Kohl et al., 2006; Olofsson et al., 2014; Wallner et al., 2018). In such inventories, the study
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site can be partitioned into predefined clusters, where the proportion of forest species can
be measured using spectral and structural properties of remote sensing imagery. In
traditional mangrove ecological studies, the combination of remote sensing-based spatio-
temporal dimensions has not been used for zonation and distribution analysis. Distinct
spectral and structural heterogeneity of forest landscapes could be useful prior to the
sampling design stage. Recent developments, such as low-cost high resolution or freely
available high-resolution imagery such as Sentinel- SAR, Sentinel-2 MSI, and
PlanetScope, and low-cost UAV (drones), have the potential to significantly improve the
sampling design and reduce the associated costs (Hu et al., 2020; Matese, 2019, 2020;
Miller et al., 2019; Wang et al., 2019). For example, Pimple et al. (2021) used Sentinel-1
and-2 imagery to establish spectral and structural heterogeneity across the landscape and
select the transect line locations. The spectral variations in time series pixels, such as those
for Landsat and Sentinel-2 composites, could further relate to the various phenomena
that occur at specific sampling locations due to various stressors and processes (Otero et
al., 2019; Pimple et al., 2021, 2020). Such an innovative sampling design enables a higher
inventory precision, lower number of samples, the identification of possible locations for
establishing transect lines (seaward to landward), an understanding of the temporal
dynamics, and reduced costs. The spectral and structural variability can be further used
in remote sensing-based classification approaches and accuracy assessment.
Quantification or statistical testing of zonation (Clarke et al., 2008; Ellison et al., 2000)
based on systematic sampling design can yield more reliable outcomes compared with
traditional random sampling approaches. Furthermore, mangrove environmental
conditions (or characteristics) should be considered for zonation, distribution, and
mapping processes. There is considerable uncertainty in the upscaling of small or non-
systematic species diversity field measurements to the large spatial scales of remote

sensing data.

To understand mangrove biodiversity, it is important to comprehend the extent of
mangrove species” habitats at multiple different scales, their interactions, and how they
are changing over time (disturbance, rehabilitation, and regeneration) (Lucas et al., 2017).
Rivera-Monroy et al. (2017b) provided a macro-ecological conceptual framework dealing
with the distribution, abundance, energies, and interactions of networks of individuals
and species across a spatio-temporal scale. Advances in satellite remote sensing have
opened up new possibilities for monitoring mangrove species at various spatial,
temporal, and thematic scales (Cardenas et al., 2017; Pham et al., 2019b; Wang et al., 2019).
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1.6.2 Overcoming the challenges of remote sensing data for monitoring mangrove
diversity

Recent studies show that the development of cloud computing services (such as Google
Earth Engine (GEE)), composite approaches, and machine learning methods could be
used to overcome the above issues for mangrove forests (Chen et al., 2017; Hauser et al.,
2020; Pham et al., 2019b; Pimple et al., 2020; Rogers et al., 2017; White et al., 2014). The
composite approaches allow for the definition of a set of criteria to select the best
observations on a per-pixel basis within defined periods, such as distance to cloud and
cloud shadows (Griffiths et al., 2014; Thompson et al., 2015).

1.6.2.1 Obtaining consistent best quality composites

Most previous studies have used single-date cloud-free imagery to determine the forest
extent and spatial distribution. Recently, time-series based compositing approaches of
medium resolution imagery and the availability of open-source and free-to-use for
research, education, and nonprofit cloud-computing platforms such as the GEE, are
facilitating the large-scale environmental monitoring, analysis, and processing of high
volumes of earth observation imagery, which has limited the number of missing pixels
caused by the cloud and shadow masking (Hauser et al., 2020; Pimple et al., 2020; White
et al., 2014). Figure 1.9 presents the cloud, shadows, haze, and missing value-free annual
composites from 1987 to 2017 at the demonstration site (Pimple et al., 2018). Such gap-
free and error-free time series are useful for providing consistent objective information
on the changes in the rehabilitated mangrove stands in landward (high elevation areas)
(Pimple et al., 2020). The annual composite could be used to provide extensive
information on how the mangroves changed over time. The forests with dense canopies
can be easily monitored using such composite imagery. However, the sparse canopy,
low-height, or scrub intertidal mangroves are likely to be submerged or inundated
during high tide (Li et al., 2019; Xia et al., 2020). Therefore, the consistency and quality of
such composites may vary depending on observed pixels in low or high tide. However,
consideration of tidal fluctuations (low and high tide) during image acquisition is not yet

common practice.
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Figure 1.9. The annual cloud-free Landsat composites from 1987 (upper left) to 2017 (bottom left) for Trat
province, Thailand, in pseudo-color composite (SWRI-1, NIR, RED). The automatic rule-based algorithm
in the Google Earth Engine cloud-computing platform was used to remove contaminated pixels from all
the available imagery to create consistent annual composites (Pimple et al., 2018).

The separation of low tide imagery allows for submerged mangroves to be distinguished,
as their spectral values are similar to water during high tide (Zhang et al., 2017). In
addition, recent studies have demonstrated approaches to extract low tide acquisitions
from remote sensing data (Murray et al., 2012; Sagar et al., 2017). A multi-resolution tidal
modeling framework can be used to obtain Landsat acquisitions during the low tide
period (Sagar et al., 2018, 2017). We can also attribute the image acquisition time of the
satellite observations to local tidal gauge station data and further cross-check them with
the appropriate spectral signature for the Normalized Difference Water Infrared Index
(NDWII), as proposed by (Murray et al., 2012). Furthermore, this approach could be
extended to high-resolution time series (e.g., Sentinel-2 MSI, PlanetScope, or commercial

high-resolution imagery) to help monitor mangrove ecosystems.

Studies have indicated that the prior stratification of an area of interest (separation of

mangrove area) reduces spectral confusion, especially if the subject is terrestrial forest, or
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other green vegetation, or cultivated fields (Long and Giri, 2011; Pimple et al., 2017). The
prior stratification of mangrove and non-mangrove areas could avoid spectral mixing
with other terrestrial forests. A simple vegetation index based on a pixel-by-pixel image
multiplication technique with the Otsu threshold could be used for such stratification
(Mather and Koch, 2011; Otsu, 1979). The stratified mangrove area of interest can be
directly used as a subset for high-resolution imagery (preferably at low tide acquisition
time) in combination with machine learning techniques to identify the spatial scale of
species distribution. In addition, the Global Mangrove Watch dataset can also be used for

stratification at a national or regional scale (Bunting et al., 2018).

Despite the effectiveness of high-resolution techniques, they are often limited to use at
local or small scales due to their high purchasing costs, the small number of spectral
bands, small swath size, and low temporal frequencies (Lucas et al., 2017, Wang et al,,
2018). Therefore, studies with larger-scale spatio-temporal dynamics and species
distributions may only become possible with the development of new sensors and
algorithms (Wang et al., 2018, 2019). Studies prior to 2008 reported that the discrimination
of mangroves using medium resolution satellite sensors such as Landsat and SPOT XS
(spatial resolution: 30 m and 20 m; temporal resolution: 16 and 26 days, respectively) was
not possible (Neukermans et al., 2008; Wang et al., 2018). However, since the recent
launch of Landsat-8 (Pasquarella et al., 2016) and Sentinel-2 MSI (Pasquarella et al., 2016;
Wang et al., 2018), many new Landsat-8 OLI time series based-approaches have emerged.
Compared to previous medium-resolution sensors, the lengths of the red, NIR, and SWIR
bands have been narrowed. In addition, the radiometric resolution and signal-to-noise
ratio have been significantly improved. These advances have improved the accuracy of
forest discriminations (Wang et al., 2018). Recent studies have explored the potential of
medium-resolution satellites (Landsat-8 OLI and Sentinel-2 MSI) for mangrove species
identification (Ghosh et al., 2016; Myint et al., 2008; Valderrama-Landeros et al., 2018;
Wang et al., 2018). The development of machine learning models, deep learning
architecture, and data integration techniques for mangrove species identification is an
emerging field. Recent publications show the potential for these new methods and
techniques for studying mangrove forest biodiversity using remote sensing (Pham et al.,
2019b; Wang et al., 2018). Depending on the type of zonation and species assemblages
(single, grouped, no-zonation, or randomly placed), the species extent on the ground,

and the diversity of species in the study sites, the homogeneous mangrove species groups
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could be well discerned. Furthermore, the integration of SAR-based complementary data

with optical imagery may further enhance mangrove species identification.

1.6.2.2 Trajectories of secondary succession of diversity

The spectral variation hypothesis suggests that the spectral variability of multispectral
images or vegetation indices could be used as a proxy to assess forest biodiversity
(Palmer et al., 2002; Torresani et al., 2019). Satellite image pixels with high spectral
heterogeneity correlate with landscape structure and complexity, reflecting forest
heterogeneity (Oldeland et al.,, 2010; Torresani et al., 2019). Similarly, the spectral
variation in the time series of a single pixel is related to the various phenomena that occur
over a certain period due to various environmental and natural stressors and processes.
Therefore, spectral variability of the time-series imagery or vegetation indices could be
used as a powerful proxy for temporal changes or the succession of species biodiversity.
We have reviewed recent literature focusing on time series analysis to derive a set of
possible conditions to characterize temporal dynamics for every single field survey or
classification training or testing location and link them to the recently observed species
diversity and structural data (Fig. 1.10) (Chazdon et al., 2016; Otero et al., 2019; Pimple
et al., 2020; Ryo et al., 2019; Wulder et al., 2019).

Temporal approaches consider the time and magnitude of various natural and
anthropogenic disturbances along the spatial and intertidal gradients while reporting
spatial zonation patterns. In this case, the changes could be studied through time and
used as a proxy to interpret the observed diversity and structural differences and link
them to underlying stressors or processes. Furthermore, in complex, diverse landscapes
(where many species co-exist), temporal approaches could be used to classify the
landscape into natural, rehabilitated, or regenerated forest types. Pimple et al.(2021) used
the Normalized Difference Infrared Index (NDII) to characterize succession stages for

mangrove species diversity as follows (Fig. 1.10).

1. Biodiversity of undisturbed forest stands: The undisturbed mature mangrove
forest stands have relatively stable spectral signatures over many years. In this
state, mangroves are expected to be structurally more complex and diverse.

2. Biodiversity of rehabilitated forest stands: The spectral or vegetation index
values are expected to increase gradually and return or come close to those of the
undisturbed forest stands or state before the disturbance. The rehabilitated

mangroves are usually monoculture stands and structurally less complex. This
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Proxy for structural complexity

characteristic is a good indicator when evaluating the success and failure of
rehabilitation projects.

Biodiversity of regenerated forest stands: The spectral or vegetation index values
are expected to increase gradually and return or come close to those of the
undisturbed forest stands or the state before the disturbance. Normally, in these
forest stands, the disturbance is followed by natural recovery without any
rehabilitation or restoration effort, indicating post-disturbance recovery and
secondary succession. The regenerated stands are relatively more diverse and
structurally more complex. A careful assessment of such sites is required as the
final diversity may vary depending on the availability of seedlings.

Biodiversity of permanent disturbed forest stands: The spectral or vegetation
index values drop abruptly with a clear breakpoint, and no gradual increase or
return is observed over time. Forest stands are subjected to permanent loss of
species biodiversity.
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Figure 1.10 Illustration of expected mangrove forest diversity response types following periods of stability
or disturbance induced by various biotic, abiotic, and anthropogenic disturbances. ST: stable or
undisturbed state (dark green); RH: rehabilitation (dark blue); RG: regeneration (light blue); and DT:
disturbance with no recovery (purple); the known plantation year is indicated by a black vertical line; the

start of the NDII upward trend after rehabilitation is indicated by a dashed line; the quasi-stability year for
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all forest types is indicated by two sized dash lines. In the graph for structural complexity and species
diversity, the brown color indicates no diversity and less structural complexity, while the green color
indicates high diversity and structural complexity (left to right). Note: b, ¢, d, and e are the pictures of actual
field data of diversity development collected in the Trat province of Thailand (Pimple et al., 2021).

Some studies have shown that both structural and spectral signatures are required to
improve mangrove species identification (Zhen et al., 2018). In addition, consistent and
gap-free time series without atmospheric contamination and tidal effects are required to
provide continuous objective information for the spatial identification, accurate extent
assessment, and temporal changes for rehabilitation, regeneration, and disturbances
(Hauser et al., 2020; Otero et al., 2019; Pimple et al., 2020, 2018). The consistent annual
composites are dependent on the availability of good pixels throughout the year. In the
regions where no data were available for annual compositing due to cloud consistent
cloud cover, multi-year composites could be generated according to user-predefined
rules (White et al., 2014). Furthermore, the Sentinel-1 SAR- and Sentinel-2 MSI-based
dense time series may have the potential to interpret the structural variations along with
spectral proxy over time. The recent development of cloud-computing platforms such as
GEE, Amazon Web Services (AWS), the System for Earth Observation Data Access,
Processing and Analysis for Land Monitoring (SEPAL), the Joint Research Center (JRC)
Earth Observation Data and Processing Platform (JEODPP), Data and Information
Access Service (DIAS) are hosting entire archives of remote sensing data including
Landsat, Sentinel-1 and Sentinel-2 and offering high-performance data processing
capabilities (Corbane et al., 2020; Gomes et al., 2020). These high-performance computing
platforms overcome the limitations associated with data selection, download, pre-
processing of row data, machine learning-based image processing, and classification
applications over larger scales. In the demonstration site (Fig 3), we used the GEE
platform to develop contamination-free pixel-based annual composites from the Landsat,

Sentinel-1, and Sentinel-2 data archives (Fig 1.9).

1.6.2.3 The role of remote sensing to enhance spatial scale biodiversity modeling

The goal of forest simulation models is to predict stand development under assumed or
observed environmental conditions or management strategies. As the design of
simulation models requires simplifications of selected core processes, an evaluation with
measured data is inevitable. Early mangrove models such as FORMAN (Chen et al., 2011)
and KiWi (Berger and Hildenbrandt, 2000) focused on interactions between the
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individual trees and considered the abiotic environment to be spatially homogeneous
and temporally invariable, without any feedback from individual trees. Particularly
when dealing with changing environmental conditions, an understanding of the
anthropogenic or natural disturbances or regime shifts in the past is required to
understand temporal stand development. Field inventories provide the most accurate
information but only provide a snapshot as frequent observations are seldom possible.
However, there are still discrepancies in current mangrove inventories and reporting.
Earth observation data may provide a substantial source for the temporal evolution of
mangrove stands, especially when dealing with larger spatial scales. For instance, for the
landward expansion of mangroves, Saintilan and Williams (2010) presented results from
28 photogrammetric surveys to document mangrove transgression into saltmarsh areas
in Australia. Armitage et al.(2015) classified Landsat-5 data with neural networks to
quantify mangrove expansion at the expense of saltmarsh vegetation in Texas.
Furthermore, Rodriguez et al. (2016) utilized time-series data from historical aerial
photography and high-resolution multispectral satellite imagery from 1942 to 2013 to
observe vegetation changes in a mangrove-saltmarsh ecotone in Florida (USA) and

related these changes to measurements of rainfall, temperature, and sea level.

Recent model developments considering mechanistic descriptions of abiotic processes,
dependencies, and feedback, and spatial gradients and heterogeneity have focused on
forecasts of spatially explicit stand phenomena, like a shift in mangrove to freshwater
hammock vegetation (Jiang et al., 2012; Sternberg et al., 2007; Teh et al., 2008), and
mangrove zonation patterns (Bathmann et al., 2020; Peters et al., 2020b). Such approaches
account for species and salinity-dependent water use and the feedback of transpiration
on pore water salinity. With increasing consideration of physical parameters like the mass
balance of water and related processes as salinization and counteracting dilution

processes by water fluxes, such models require more detailed spatial data.

To model and forecast stand development realistically, aside from vegetation maps,
researchers need detailed information on the abiotic environment as an inundation
regime at high spatial resolution, or digital elevation maps, accurate forest structure,
development, or the status of conservation interventions at the site. These models could
benefit greatly from the information gained from remote sensing methods. (Peters et al.,
2020b) indicated the potential of coupling modeling with remote sensing approaches.

Furthermore, Pimple et al. (2020) noted the possibility of using Landsat and Sentinel-2
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MSI time-series data to validate the performance of landscape and individual-based
models for rehabilitation projects. Data from vegetation and allometry patterns identified
from satellite images reflect the characteristic subsurface constraints; for example,
mangroves as the visible manifestation of coupled vegetation and hydrological processes
indicating subsurface properties. In a similar non-mangrove approach in the Yanqi Basin
in the northwestern part of China, Li et al. (2009) used spatial patterns in evaporation
maps derived from remote sensing data (NOAA-AVHRR) to deduce the underlying

aquifer properties.

Earth observation data has the potential to be used in either parameterizing or evaluating
mechanistic mangrove stand models. In addition, satellite data may provide important
information about the temporal evolution of mangrove stands, especially at larger spatial
scales. The modeling framework could benefit greatly from the recent advances in remote
sensing and UAV technologies. Wang et al. (2019) described remote sensing applications
such as SAR and LiDAR for mangrove vertical structure monitoring. The recent
development of satellite and UAV (Yaney-Keller et al., 2019) based SAR (Fatoyinbo et al.,
2008; Simard et al., 2006) and LiDAR (Guo et al., 2021) technologies have proved very
useful for the monitoring of mangrove structures. To the best of our knowledge, the
integration of earth observation data with the modeling frameworks mentioned above

has not yet been attempted for mangrove studies.

1.7 Summary of best practices

The current literature on mangrove species diversity monitoring suggests that many
studies based on field inventory focus on small sites. These studies lack a systematic field
sampling approach, as well as quantification or statistical testing of species zonation and
distribution in relation to various environmental and anthropogenic settings. In addition,
secondary succession is not considered while reporting diversity in a given site.
Therefore, it is very likely that in several studies, the sampling approaches are not wholly
representative of the entire population of mangrove species or their association, and
hence the reported findings are inconsistent. Most of the spatial scale diversities have
been reported without accounting for micro-topography or inundation regimes.
Fassnacht et al. (2016) discussed several issues related to field data collection in forestry,
indicating that the sampling strategy and criteria of species classes play a crucial role
while reporting forest diversity. Remote sensing-based stratified sampling gives more

precise estimates of diversity when spectrally and structurally homogeneous and
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individual strata (classes) are identified (Wallner et al.,, 2018). Furthermore, studies
attempting to identify mangrove species using medium or high-resolution satellite data
did not account for the tidal influence. In this case, there must be doubt about the
accuracy of the estimated mangrove extent or species classification if the images used for
analysis are obtained at different tidal stages. The consistency and quality of remote
sensing data can be improved using low tide imagery or composites (Rogers et al., 2017;
Sagar et al., 2017). In addition, an unbiased field inventory and remote sensing data will
undoubtedly improve the parameterization, effectiveness, and spatial application of
modeling approaches. Therefore, we recommend using remote sensing and UAV data to
facilitate large-scale modeling studies. Figure 1.11 shows the outline of best practices
based on this review, the results obtained at the demonstration site, and our experiences

that could be used to enhance the monitoring and modeling of mangrove diversity.

Practice 1. Considering low tide images: The selection of low tide imagery allows the
identification of submerged mangroves and maintains the spectral and structural
heterogeneity within different forest species or their associations. It should be noted that
low tide imagery may be affected by haze, clouds, and cloud shadows. Depending on the
available imagery, contamination-free annual or biannual median composites could be
used in such a situation. In multi-year analysis, radiometric normalization could be
performed to reduce variations caused by atmospheric conditions during image

acquisition.

Practice 2. Stratification of mangrove and non-mangrove area: The stratification of
mangroves as an area of interest reduces the spectral and structural confusion caused by
other vegetation categories (Long and Giri, 2011). However, studies using remote sensing
techniques to assess in more detail the diversity within mangrove forests are still
uncommon (Held et al.,, 2003). Stratification ensures the spatial scale spectral and
structural heterogeneity within mangroves only. The DEM and vegetation indices
parameters such as NDVL,NDII, and NDWTI are useful to detect low elevation vegetation
such as mangroves. A binary vegetation index per pixel image multiplication with the
Otsu threshold could be used for such stratification (Mather and Koch, 2011; Otsu, 1979).
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Figure 1.11 Summary diagram highlighting the comparison between reviewed traditional and proposed

best practices using earth observation data.

Practice 3. Systematic sampling design: The systematic sampling design must include
intertidal (transect plots) and spatial distribution of species and their associations across
the landscape. The sampling design is crucial for characterizing either site-specific
ecological distribution or remote sensing-based spatial distribution. Stratified sampling
can lead to more precise estimates once distinctive mangrove strata or thematic categories
of species and their associations are identified (Olofsson et al., 2014; Wallner et al., 2018).
Integration of structural and spectral values of Sentinel-1 and-2, UAV, and a preliminary
randomly surveyed sample could be useful to establish thematic categories and select the
locations, transect line (intertidal), and sampling plots across the landscape (Kohl et al.,
2006).

Practice 4: Quantification of diversity distribution (site-specific characterization): For
zonation and diversity baseline studies, quantification or statistical testing of species
zonation and distribution in relation to various environmental variables (e.g., topography
or inundation) must be performed (Clarke et al., 2008; Ellison, 2002; Ellison et al., 2000;
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Ma et al., 2020). In addition, the inclusion of anthropogenic settings such as the secondary
succession of diversity caused by rehabilitation, restoration, and regeneration must be
defined (Pimple et al., 2021). The diversity patterns of secondary succession vary from
site to site based on local environmental conditions, land modifications, and
rehabilitation practices (Pimple et al., 2020). This quantification enables the definition of
mangrove species diversity distributions such as single species zones, group zones (two
or more species are grouped), or no zones (random placement). This information is useful

in defining satellite spectral response to individual zones.

Practice 5: Remote sensing-based classification: Machine learning and deep learning
techniques can be used for classifying mangrove species using multi-spectral and SAR
data (Pham et al., 2019b). Cloud-computing platforms such as GEE are equipped with
machine learning algorithms (e.g., classification and regression tree (CRAT) and Random
Forest). In addition, other freely available open-source platforms such as R, Python, or
the Orfeo toolbox facilitate these algorithms (Fassnacht et al., 2016; Wang et al., 2019).
Practices 3 and 4 can be used for the selection of training and validation data for
classifiers. In addition, time-series-based approaches such as the automatic regrowth
monitoring algorithm (ARMA) can be used to distinguish rehabilitated and regenerated
mangroves from natural forest stands (Pimple et al., 2020). This information is useful for
separating natural Rhizophoraceae from rehabilitated stands to avoid spectral confusion

with other mangrove species during classification.

Practice 6: Modeling parameterization and validation: The information obtained from
Practices 1 to 5 could be used either in parameterizing or evaluating mechanistic

mangrove stand models.

1.8 Outlook on recent developments in remote sensing

Recent developments in remote sensing sensors include three major advancements. The
new satellite sensors include Landsat-8 OLI, Landsat-9, Sentinel-1 SAR and-2 MSI, and
PlanetScope, which are capable of producing larger scale high temporal frequency
(Csillik et al., 2019; Fassnacht et al.,, 2016; Masek et al., 2020). In addition, low-cost
Unmanned Aerial Vehicles (UAV) have already become an affordable and cost-efficient
tool to map a targeted area for many emerging applications in the arena of ecological
monitoring and biodiversity conservation (Adade et al., 2021; Diaz-Delgado and Miicher,

2019). The low altitude UAYV flights can easily provide sub-meter scale spatial resolution,
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which can be used as complementary information in large-scale surveys. Moreover, the
UAYV system can be deployed on-demand, providing temporal flexibility to respond to
specific needs. For example, it can monitor different inventories and use them during
tield surveys to identify homogeneity and forest structure to reduce the number of
samples (Baena et al., 2017). In addition, upcoming SAR satellites such as NISAR (L-band
and S-band sensors), a joint NASA and Indian Space Research Organization (ISRO)
mission scheduled to launch in late 2022, as well as the European Space Agency’s (ESA)
BIOMASS (P-band sensor), scheduled to launch around the same time, will increase the
capability of characterizing and monitoring mangrove ecosystems. Finally, ongoing
developments in satellites and airborne sensors, such as Light Detection and Ranging
(LiDAR) multi-spectral and hyperspectral devices, including UAVs, provide new
opportunities in the field of mangrove species diversity monitoring (Dainelli et al., 2021;
Fassnacht et al., 2016).

1.9 Conclusions

Mapping, monitoring, and modeling the spatio-temporal scale of mangrove species
biodiversity is a critical issue at the global, regional, and national scales when assessing
the success of conservation interventions. However, regardless of the current
technological advances, there is still a dearth of standardized reporting and monitoring
of mangrove species diversity and of reliable scientific data to inform improvements in
mangrove management practices. This is partly because the identification and prediction
of correct species zonation and spatial patterns is still limited, representing a significant
challenge that has not yet been adequately addressed in field-based ecological, remote
sensing, and modeling studies. In addition, despite advances in remote sensing, most
mangrove studies still lack the proper integration of environmental conditions (or

characteristics) and secondary succession.

This review has identified studies focusing on site-specific field inventory, remote
sensing, and modeling-based spatial scale mangrove species characterization. Traditional
tield-inventory-based ecological studies only report the species diversity, zonation, and
structural parameters without consideration of (1) a systematic sampling design (not
covering heterogeneity in the study site), (2) quantification in relation to topographic or
tidal variability, (3) effects of anthropogenic settings, and conservation interventions.
However, remote sensing-based mangrove species identification is affected by various

environmental and atmospheric contaminants in coastal areas. In optical imagery, the

51



spectral values are usually influenced by varying atmospheric conditions and tidal
inundation stages. In SAR imagery, the backscatter signal in mangrove forests is also
influenced by tidal inundation, resulting in poor quality data and unreliable estimates of
structural diversity, as well as biomass density of mangroves. In addition, a proper
understanding of species and their assemblages and spatially unbalanced insufficient
training and validation data affects spatial-scale species classification. Further, the
effectiveness and application of modeling-based approaches have been constrained due

to inadequate field inventories and data on temporal changes.

Our results showed the potential of using remote sensing-based mangrove stratification
to aid systematic sampling design methods. The optical and SAR-based methods could
help define heterogeneous mangrove species and their associations at a larger spatial
scale. Such stratification based on a systematic sampling design with quantification or
statistical testing of spatial zonation patterns could improve the reliability of results for
ecological and prediction studies. The cloud-free and low tide composites greatly
enhance the spectral and structural discrimination performance of freely available
medium andhigh resolution satellite sensors. In addition, composite-based time-series
data could provide comprehensive information on the historical state and secondary
succession of conservation interventions. Modeling frameworks could benefit
considerably from accurate information on the spatio-temporal evolution of mangrove

diversity, especially at larger spatial scales.
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1.10 Research questions

The previous sections have provided a comprehensive overview of the interaction of
mangrove species diversity and zonation with environmental and anthropogenic
settings. The micro-topography drives the extent of tidal inundation and intertidal
zonation of mangrove forest species and can be considered ideal proxies for other
environmental factors that contribute to forest growth and diversity (such as salinity, soil
texture, and redox potential). Studies linking the quantification of mangrove species
zonation patterns with respect to microtopography are rarely investigated. In addition,
information obtained from site-based biodiversity surveys is often limited to single
occurrences and lacks the historical state and dynamics of mangrove forest stands. The
inclusion of environmental settings (topography or tidal inundation) and functional
indicators when assessing the baseline of mangrove forests is crucial to provide a
complete picture of the viability, resilience, and dynamics of secondary succession. The
methodological framework based on remote sensing data remains limited and represents
a significant challenge for studying species diversity and zonation. Furthermore, despite
advances, the effects and uncertainty due to tidal inundation on satellite imagery are
poorly understood. This study aims to improve our understanding of the long-term
effects of environmental and anthropogenic settings on the spatio-temporal dynamics of
mangrove forest species diversity and zonation. Here we investigated the knowledge
gaps in terms of potential spatial diversity, intertidal zonation, and the historic state of
mangrove forest species and tested the role of environmental as well as anthropogenic
settings on diversification. The following hypotheses have been tested (H: Hypothesis; P:

Prediction).

Based on a detailed review, synthesis of limitations, current advances, four research

question(Q)s have been identified.

Q1. How have the spatio-temporal characteristics of the mangrove forest landscape

changed (gain or loss) over a period of three decades?

Q2. How did the species biodiversity and structural complexity of rehabilitated (planted)
forests develop, compared to the adjacent natural mangrove stands? This question
addressed two main issues: (1) How have rehabilitated mangroves develop over the last
three decades? and (2) whether the ecological parameters of rehabilitated mangrove

forest stands resemble those of the adjacent natural stands.
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Q.3 What is the sensitivity of environmental factors and anthropogenic settings (such as
topography and rehabilitation) to potential spatial diversity, intertidal zonation, and
historic state or knowledge gaps of mangrove forest species diversity? This question
addressed three main topics: (1) the species distribution patterns perpendicular to the
shoreline, (2) the spatial-scale intertidal zonation patterns in response to the elevation
gradient, and (3) the trajectories of functional indicators of diversity in response to

secondary succession.

Q.4 What is the potential of multi-source satellites to discriminate the spatial patterns of
mangrove forest types? This addressed: (1) evaluating the influence of tidal inundations
on satellite imagery, (2) exploring the potential of medium and high resolution freely
available satellite spectral response and machine-learning classifiers to select mangrove
dominant species, and (3) exploiting the composite-based spectral variability of time

series to determine the temporal change or secondary succession.
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CHAPTER 2

Assessing long-term dynamics of in mangrove forest ecosystem

Landsat composites over Trat province, Thailand

This chapter has been published as: Pimple, U., Simonetti, D., Sitthi, A., Pungkul, S., Leadprathom, K.,
Skupek, H., Som-ard, J., Gond, V. and Towprayoon, S. (2018) Google Earth Engine Based Three Decadal
Landsat Imagery Analysis for Mapping of Mangrove Forests and Its Surroundings in the Trat Province of
Thailand. Journal of Computer and Communications, 6, 247-264. https://doi.org/10.4236/jcc.2018.61025
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Abstract:

Monitoring and understanding the changes in mangrove ecosystems and their
surroundings are required to determine how mangrove ecosystems are constantly
changing while influenced by anthropogenic, and natural drivers. Consistency in high
spatial resolution (30 m) satellite and high-performance computing facilities are limiting
factors to the process, with storage and analysis requirements. With this, we present the
Google Earth Engine (GEE) based approach for long term mapping of mangrove forests
and their surroundings. In this study, we used a GEE based approach: 1) to create
atmospheric contamination free data from 1987-2017 from different Landsat satellite
imagery; and 2) evaluating the random forest classifier and post classification change
detection method. The obtained overall accuracy for the years 1987 and 2017 was
determined to be 0.87 and 0.96, followed by a Kappa coefficient 0.80 and 0.94. The change
detection results revealed a significant decrease in the agricultural area, while there was
an increase in mangrove forest, shrimp/fish farm, and bare land area. The results suggest

that major human activities are affecting the landscape dynamics within the study area.
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2.1 Introduction

Mangrove forests are located throughout the tropical and sub-tropical regions of the
world, and are claimed to be one of the most vulnerable ecosystems to be affected by
natural disturbances and human interference (Gilman et al., 2008; Jhonnerie et al., 2015;
Kanniah et al., 2015; Kuenzer et al., 2011). Mangrove forests are unique ecosystems that
provide important ecological services for coastal habitat and coastal protection (Giri et
al., 2007; Son et al., 2015). These ecosystems, however, are under high pressure due to
over exploitation, and are declining at an alarming rate (Giri et al., 2007; Kuenzer et al.,
2011). Interest in their conservation has increased recently due to their widespread
degradation, mangrove forest ecosystems have gained much publicity, particularly in
regard to conservation and rehabilitation (Andradi-Brown et al., 2013; Pimple et al., 2020).
Quantifying and monitoring the spatial and temporal dynamics of the mangrove
ecosystem is essential for a better understanding of the many coastal land and sea
processes. Traditionally, mapping a mangrove forest requires intensive field work, which
is costly in time and money, as mangroves are inaccessible or difficult to field survey
(Kuenzer et al., 2011; Zhang et al., 2014). Satellite remote sensing has a great potential for
mapping and monitoring changes in mangrove forests, as the space based technology
allows for collecting information from the landscape which is otherwise particularly
difficult to access (Jia et al., 2014; Son et al., 2015). Several studies have provided a detailed
summary with an overview of remote-sensing research activities, including critical
analysis, that has been performed in the last few decades (Kuenzer et al., 2011; Lucas et
al., 2017; Pham et al., 2019b; Wang et al., 2019). Also, they highlighted the importance of
understanding the local environment when using remote sensing-based mapping and
monitoring. In recent years, several studies have been published, illustrating hyper-
spectral airborne and space borne data applications, including AISA, CASI, HyMap,
AVIRIS, Daedalus, and EO-1 Hyperion (Giri et al., 2007; Green et al., 1998; Jia et al., 2014;
Yang et al., 2007). High resolution imagery applications such as IKONOS, QuickBird,
RapidEye and WorldView-3, have been very effective in discriminating mangrove forests
from other forms of land use (Huang et al., 2009; Myint et al., 2008; Wang et al., 2004;
Wang et al., 2004). However, limited spectral bands, complex data collection, and analysis
methods, along with their high cost, are major limiting factors in using hyper-spectral
and high resolution data (Aslan et al., 2016; Kuenzer et al., 2011; Son et al., 2015). Few
studies reported the use of RADAR data, with the inclusion of ALOS PALSAR, ERS-1/2

and Radarsat-1 SAR, as a tool in the mangrove classification framework, having found
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that classification and mapping accuracy requires improvement (Kovacs et al., 2006;
Kuenzer et al., 2011; Lucas et al., 2009; Rao et al., 1999). In previous studies, optical remote
sensing imagery, like the Landsat Multispectral Scanner (MSS), Landsat Thematic
Mapper (TM), and Indian Remote Sensing satellites (IRS), SPOT XS, and SPOT-5, have
been commonly used for mangrove forest mapping as the data is available via free access,
or at a low cost (Jia et al., 2014; Liu et al., 2008). The recent development in the series of
Landsat satellites, such as the Operational Land Imager (OLI)-8 and Senti-nel-2, have
added a new dimension to long term data. The availability of multiple spectral band
records over the long term, means the Landsat series can be used for accurate mapping
and monitoring of mangrove forests (Shapiro et al., 2015). Additionally, the application
of the non-parametric or machine learning classifiers are very efficient for land use and
land cover (LULC) mapping, even if still not abundant in mangrove mapping studies
(Jhonnerie et al., 2015).

In recent years, there has been an increase in high-performance cloud computing
platforms, such as the NASA Earth Exchange (NEX), Amazon Web Service (AWS) and
Google Earth Engine (GEE). These high performance cloud computing platforms allow
free access to the vast and fast growing earth observation data for global, as well as
regional studies (Giri et al., 2015; Midekisa et al., 2017). For example, GEE provides
preprocessed Landsat data (1982-present), along with the required disk space and
advanced classification machine learning algorithms (Giri et al., 2015).

In Southeast Asia, large areas of the coastal zones have been occupied by mangrove
forests (Thampanya et al., 2006). According to the Asian Development Bank Regional
Review on the Economics of Climate Change in Southeast Asia (Weiss, 2009), the
reduction in the size of mangroves resulted in coastal erosion in Thailand, and in
neighboring countries. While the extent of these changes remains limited, means of
sustainable management and future rehabilitation remains highly uncertain (Green et al.,
1998; Kuenzer et al., 2011; Vo et al., 2012). In recent decades, Thailand’s mangrove forest
area has substantially decreased as a result of human settlements, transport
infrastructure, agriculture, and aquaculture (NESDB, 2000; Thampanya et al., 2006).
According to NESDB, while inconclusive in most regions, 30% of mangrove forest was

lost during 1961-1996 due to the conversion of mangrove forest to shrimp farms.

Given the above factors, the main objective of this study is to quantify the presence of

mangrove forests in Thailand’s Trat Province over the last 30 years (1987-2017) using
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Landsat imagery and GEE cloud computing, as well as developing an operational wall-

to-wall change detection methodology based on long time series analysis.

2.2 Study site and methodology
2.2.1 Study area

The study area is in the Trat Province, eastern Thailand, on the border with Cambodia
and along the Gulf of Thailand (Figure 2.1). It covers an area of approximately 240 km?2
of which 106 km2 of mangrove forest. Since ever, local communities have benefit from
goods and services provided by the forest but in recent years, mangroves have been
heavily exploited for timber extraction, charcoal production and shrimp farms.
Chalermchatwilai et al. (2011) reported that, after the 1980’s, thanks to the effort of the

Department of Marine and Coastal Resources, Thailand has reaerated this area. Villagers

to this day, continue to use mangrove wood for various domestic purposes.

Figure 2.1. Location and extent of mangrove forest in Trat province of Thailand.

2.2.2 Landsat imagery

Data consists of Landsat TM, ETM+, and OLI Tier 1 top-of-atmosphere (TOA) reflectance
as obtained from GEE image collections. The red, green, blue, NIR, SWIR-1, and SWIR-2
spectral bands of the TM-5, 7 ETM+, and OLI-8 platforms, were considered in the analysis.

Jagged pixels at the edges of Landsat TM-5 images were removed using the 450 m inward
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buffer, which ensures the best available reflectance values for image analysis (Robinson et
al,, 2017). Annual composites were created by using the median reflectance values of the
col-lection (all images for a target year e.g. 1987, from 01/01/1987 to 31/12/1987) (Midekisa
et al., 2017), after been cleaned from cloudy or no-data pixels following the algorithm
proposed by (Simonetti et al., 2015), and available in GEE. The algorithm is driven by
predefined knowledge-based rules built upon the spectral signature collected on a global

scale, and generates a thematic output including a cloud mask.

The TOA imagery was atmospherically corrected using a Dark Object Subtraction (DOS)
method (Bruce and Hilbert, 2004). Using a forest normalization method, the median value
of the mangrove forest pixels was used to apply a linear shift to each spectral band
(Bodart et al., 2011) (Pimple et al., 2017). Prior to classification, the Normalized difference
vegetation index (NDVI) (Green et al., 1998; Higginbottom and Symeonakis, 2014), and
Normalized difference infrared index (NDII) (Jackson et al., 2004), has be computed to

mask the composite from residual clouds or no data.

The Landsat imagery used in this study from 1987-2017 was from the Landsat TM-5
(1987-2001, and 2003-2011), Landsat ETM+7 (2002) and Landsat OLI-8 (2013- 2017)
sensors respectively. The year 2012 was excluded from the analysis due to missing data.

2.3 Training and validation sampling design

One of the major issues of classifying historical images by using training and validation
samples, is often the lack of field data or so called ground-truth (Gomariz-Castillo et al.,
2019). The design of a systematic training and validation dataset across a specified area
is crucial for identifying major changes in mangrove forests over time. The design must
be a good representation of major Land Use Land Cover (LULC) classes, with the dataset
sufficiently large to provide reliable estimates (Pimple et al., 2017). The unsupervised
classification was performed on the Landsat OLI-8 year 2017 images to establish thematic
categories of LULC. The most recent image was chosen for stratification to avoid the effect
of the LULC change on training and testing design. Later the stratified random sampling
approach was used to estimate the total number of samples per class (FAO, 2016;
Olofsson et al., 2014). The stratification and selection of independent sample design
focused on each five-year interval to ensure a stable change identification (Olofsson et al.,
2014). In total, 414 sample locations (Figure 2.2) were selected for LULC classification:
class 1, active agriculture; class 2, bare land and urban areas (some agricultural land

without vegetation was included here); class 3, mangrove forest; and class 4, shrimp and
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fish farms. To establish each class, training samples were obtained: 150 for agriculture, 50
for bare land and urban areas, 164 for mangrove forest, and 50 for shrimp and fish farms.
Among these sample locations, 109 were randomly selected to be set aside as validation
samples. In March 2015 and October 2016, a field mission was conducted in the study
area to collect training and validation data for mangrove mapping. About 60 mangrove
forest samples were collected during these missions and were used along with a
combination of Google Earth images, high-resolution satellite imagery, aerial
photographs, and prior knowledge, for use as samples of the remaining classes. A
distance of 500 meters separated each sample to avoid spatial autocorrelation, while
training and validation pixels remained independent of each other. In the process of
classification, the reference training and testing data were first developed for each year

and then used in the classifier (Peiman, 2011).

(@) o ®)

Figure 2. 2. Locations of training and testing samples in the study area. (a) training and testing samples for

the year 1987; (b) training and testing samples for the year 2017. A total 414 points were created using the
stratified approach, of which 109 were used as testing points. The figure contains background of Google

earth engine map background.
2.4 Pixel based random forest classifier

We performed a supervised pixel-based classification using a Random Forest (RF), a tree
based classifier that includes K-decision trees (Goldblatt et al., 2016; Shelestov et al., 2017).
RF overcome the problem of overfitting by constructing an ensemble of decision trees
(Shelestov et al.,, 2017). Pelletier et al. (2016) reported that there are accurate and higher
performance RF classifiers in land cover classification studies. The RF classifier was used
to classify the extent of mangrove vegetation and other LULC in a study area, as shown
in Figure 2.1. We trained the RF classifier (20 trees) in the GEE environment with 305
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training samples to then classify the annual composite Landsat images into four LULCs:
active agriculture (orchid plants, coconut grows, oil palm and rubber plantation), bare
land/urban area/non-active agriculture plots, primary mangrove forest, and water bodies
(fish and shrimp farms, and other water resources including water canals within
mangrove forest). The categories were based on a detailed analysis of the study area and
reviewing previous studies and field surveys conducted for training and testing data. The
RF classifier was performed on red, green, blue, NIR, SWIR-1, and SWIR-2 spectral bands

of each annual composite.
2.5 Validation

During the classification process, composite from different years are trained and validated
individually. About 70% of the sample points are used to train the classifier, while the
remaining 30% of samples were used to test the accuracy and validate the RF classifier
(Figure 2.2). The RF classifier accuracy and Kappa statistics is assessed by an error matrix.
The final maps were compared with high resolution aerial imagery available in Google

Earth for visual refinement.

2.6 Post classification change detection

Several methods such as an image overlay, change vector analysis, image rationing, and
principal component analysis have been used in LULC mapping studies (Pelletier et al.,
2016). In this study, the “From-to” change detection algorithm (Post-classification
comparison), has been used to provide detailed information about the type of LULC
change (Foody, 2002; Forkuo and Frimpong, 2012; Singh, 1989). The main advantage of
post classification change detection is indicating the nature and magnitude of the LULC

changes that had taken place over a time.

2.7 Results

2.7.1 Cloud free annual composite of Landsat imagery

Clouds and shadows represent one of the main sources of issue while working with
optical remote sensed imagery such as Landsat, particularly when working in tropical
regions. Figure 2.3(a) illustrates the influence of clouds, haze and missing pixels on
Landsat series imagery, which could be the main limiting factor on the spatial and
temporal consistency of long-term mangrove ecosystem changes mapping and

monitoring. The cloud cover, shadows, availability of haze and missing data, influence
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many data analysis processes including inaccurate atmospheric correction, biased
vegetation indexes, mistakes in land cover classification and false detection of land use
and land cover change (Zhu and Woodcock, 2012). The cloud free seamless mosaic of
Landsat series imagery was created with a predefined knowledge-based rules built upon
the spectral signature (Simonetti et al., 2015). Annual composites were created by taking
median reflectance values of the collection. Seamless and cloud free image mosaics can
be important when mapping mangrove forests, because the cloud and seams can affect
the visual interpretation of training sample collection, or leading to erroneous
classifications (Zhu and Woodcock, 2012). Cloud free and seamless mosaic images would

likely improve the results of the forest normalization method described in section 2.2.2.
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Figure 2. 3 Landsat best single date and error free annual composites. (a) Best single date image in each
year; (b) Annual cloud free composites. Pseudo color (SWIR1, NIR, Red) Landsat imagery from 1987 (upper
left) to 2017 (bottom right). The red line shows the direction in which yearly images are presented.

The comparable visual results presented in Figure 2.3 (a) and (b), were acquired by
Landsat TM-5, ETM+ 7, and OLI-8. Their corresponding pseudo color composite (SWIR1,
NIR, Red) before and after pre-processing for Landsat TM-5, ETM+ 7 OLI-8 are shown in
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Figure 2.3 (a) and (b). Several images in Figure 2.3 (a) contains cloud, shadows, haze and
missing data. The automatic rule-based algorithm was used to remove contamination in
individual Landsat imagery. Figure 2.3 (b) illustrates the cloud, haze and missing data
free annual composite for the period of 1987 — 2017. In addition, the obtained composite
revealed more vivid tone when compared with the original imagery. The selected
contaminated pixels were tested using NDVI and NDII to mask the composite from
residual clouds or no data. Only a selected annual composite image was classified, and

stratified random samples generated.

2.7.2 Magnitude of mangrove forest and its surrounding change

In order to test the performance of consistent long-term imagery from different Landsat
sensors for mangrove forests and their surroundings, Landsat imagery was used
representing two time periods (1987 and 2017). The stratified buffer was generated
around the mangrove forest. An 850-meter buffer was generated to delineate the
potential loss or gain of mangrove forest (Figure 2.1) within the surrounding
landscape. The buffer was designed and based on the change in mangrove pixels
within the study area using Normalized Differential Vegetation Index (NDVI),
Normalized Difference Infrared Index (NDII), Digital Elevation Model (DEM), and
Automatic Classification (Alsaaideh et al., 2013; Green et al., 1998; Higginbottom and
Symeonakis, 2014; Jia et al., 2014; Simonetti et al., 2015; Yilmaz et al., 2008) A visual
refinement has been carried out for year 1987 and 2017 (Landsat TM-5, ETM+ 7, and
OLI-8 imagery respectively), to ensure the high quality of the mask over the time

interval.

Independent training and validation data was used for the years 1987 and 2017. The
LULC maps for the years 1987 and 2017 were based on Landsat TM-5 and OLI-8
satellite imagery that were prepared with four LULC types: class 1, active agriculture,
class 2, bare land and urban area (some agricultural land without vegetation was
included here), class 3, mangrove forest and class 4, shrimp and fish farms. Figure 4
shows the final classification of the RF classifier, which consists of classified maps of
the study area, for the year 1987 and 2017.

Table 2.1 shows the results obtained from the classified map of 1987 and 2017. An overall
accuracy of 0.87 and 0.96, followed by a Kappa coefficient 0.80 and 0.94, were obtained.
As a result, the performance of the RF classifier for the year 2017 produced a higher

accuracy classification map with an overall accuracy of 0.96. On the other hand, the
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classification performance in 1987 was less than that when compared with the year 2017.

However, the classification confused agriculture (class 1), and bare land (class2), for the

year 1987, due to the similar spectral response and scarcity of ground truth data. Jia et al.(

2014), also reported the high performance of Landsat OLI-8 when compared with that of
Landsat TM-5 and ETM+ 7.
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Figure 2. 4 Land use and land cover change from 1987 — 2017. (a) Year 1987; (b) Year 2017

Table 2. 1. Error matrix and accuracy statistics for classification for the years 1987 and 2017

LULU in 1987 Class 1 Class 2 Class 3 Class 4
Class 1 28 5 1 0
Class 2 4 3 2 0
Class 3 2 0 50 0
Class 4 0 0 0 14

Overall accuracy =0.87; Kappa statistics= 0.80

LULU in 2017
Class 1 40 0 2 0
Class 2 2 17 0 0
Class 3 1 0 58 0
Class 4 0 0 0 12

Overall accuracy =0.96; Kappa st

atistics= 0.94

Note: Class 1, active agriculture; Class 2, bare land and urban area (some agricultural land without
vegetation was included here); Class 3, mangrove forest; and Class 4, shrimp and fish farms; LULC: land

use land cover

Table 2.2 summarizes the results of the LULC change in the study area of each LULC
class. The agriculture and mangrove forest was the main LULC in 1987 with 49.18 % and
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34.20%, followed by bare land/urban areas and water bodies/shrimp farms with 9.80 %
and 6.82 % respectively. Agricultural area decreased from 49.18% (111.36 km?) in 1987 to
41.25 % (93.40 km?) in 2017, while, mangrove forest area increased from 34.20% (77.43
km?) in 1987 to 36.17 % (81.90 km?) in 2017. Additionally, some of the disturbed mangrove
forest area has shown significant recovery (Figure 2.5 a, b, c and d). The bare land/urban
areas increased from 9.80% (22.17 km?) in 1987 to 11.08 % (25.10 km?) in 2017. Shrimp/fish
farms progressively increased from 6.82 % (15.16 km?) in 1987 to 11.49 % (26.02 km?). The
decline in active agriculture was observed to be 7.93% between 1987 and 2017. Bare
land/urban areas and shrimp/fish farms did experience an expansion during the period

of 1987 to 2017. Another increased rate of change was observed in the mangrove forest.

Table 2. 2. Change in LULC in study area

LULC 1987 2017 Change (1987-2017)
Km? % Km? %
Class 1 111.36 49.18 93.40 41.25 7.93
Class 2 22.17 9.80 25.10 11.08 -1.28
Class 3 77.43 34.20 81.90 36.17 -1.97
Class 4 15.46 6.82 26.02 11.49 -4.67
Total area 226.42 100 226.42 100

Note: Class 1, active agriculture; Class 2, bare land and urban area (some agricultural land without
vegetation was included here); Class 3, mangrove forest; and Class 4, shrimp and fish farms; LULC: land
use land cover
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Figure 2. 5. Mangrove recovery over a historic agriculture area. (a) Pixels classified as agriculture in 1987;
(b) Original Landsat TM-5 (1987) imagery with Pseudo color (SWIR1, NIR, Red) composites; (c) Pixels
classified as mangrove in 2017 (recovery after rehabilitation); (d) Original Landsat OLI-8 (2017) imagery
with Pseudo color (SWIR1, NIR, Red) composites

2.7.3 LULC transition from 1987 to 2017

The transition matrix was used to analyse the rates of LULC conversion from one LULC
to another for the years 1987 and 2017. The corresponding probablities of change are
shown in Table 2.3. There was a major conversion of agriculture to bare land (15.15 km?)
and from agricuture to mangrove forest (8.40 km?) during this period. At the same time,
mangrove forest changed to shrimp/fish farm (4.72 km?), and bare land was converted to

shrimp/fish farms.

Table 2. 3 Land use land cover change matrix between 1987 and 2017

LULC type Class 1 Class 2 Class 2 Class 4 Total in 1987
Class 1 68.08 13.57 11.59 7.39 100.64
Class 2 15.15 6.94 3.32 3.45 25.88
Class 3 8.40 3.91 63.97 5.24 81.53
Class 4 0.61 1.59 4.72 8.53 15.46
Total in 2017 92.25 26.02 83.61 24.62 226.42

Note: Class 1, active agriculture; Class 2, bare land and urban area (some agricultural land without

vegetation was included here); Class 3, mangrove forest; and Class 4, shrimp and fish farms; LULC: land
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use land cover; The bold numbers indicate that there is no change in area of LULC over the study period

2.8 Discussion
2.8.1 Overcoming the limitation of Landsat imagery for monitoring mangrove

Landsat series imagery are very helpful for detecting long term changes in mangrove
ecosystems. Wijedasa et al. (2012) have highlighted several limitations of existing Landsat
satellites, challenging the wall-to-wall mapping of wetland ecosystems, such as Landsat-
5, which no longer has global coverage; and a mechanical fault in the Scan-Line Corrector
(SLC-Off) on the Landsat-7 satellite, with a 22-25% data loss with each image. Other
limitations also factor into the mix, including the presence of atmospheric contamination
such as cloud, haze and missing data in Landsat imagery, which are major limitations in

long term mapping and monitoring of costal ecosystems (Cihlar, 2000; Mwita et al., 2012).

In this study, knowledge-based predefined rules were used to remove the contaminated
pixels from all the available imagery and used the annual median reflectance value of the
collection for a consistent annual composite. Consistent imagery over a long time series
will likely support detection of other spectrally non-stubble changes such as forest
clearing, regrowth and undisturbed ecosystems (Helmer and Ruefenacht, 2005).
Consistent error free and seamless composite images make it possible to achieve fast and
accurate classification, making it easier to detect LULC change (e.g In this study, the

machine learning Random Forest classfier was tested).

The annual composites from 1987-2017 are virtually seamless regardless of the presence
of atmospheric contamination and sensor artifacts such as the SLC-Off (Landsat-7)and
missing pixel data. Benefits introduced by implementing this methodological framework
in GEE are threefold: (a) easy and user friendly programming environment; (b) virtually
unlimited processing power with high computationally efficiency; (c) raw satellite data
are already available on GEE servers hence no need to retrieve and download huge
amount of data (less local resources). The annual composites from 1987-2017 are not used

in this chapter. These composite imagery were used in Chapter-4.
2.8.2 Change in land use and land cover

The results show that a significant change occurred in land cover, particularly in

mangrove forests, in the surrounding areas of Trat, between 1987 and 2017. It appears
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that agriculture, bare land and shrimp farms had undergone major changes. However,
there is very little research has been conducted study of these changes. The mangrove
forests made a significant recovery over time. This trend is indicative of the local
community’s awareness for mangrove forest conservation and in the detrimental effect
that shrimp farming can have on mangrove forest conservation. Szuster (2006) reported
on the expansion of shrimp farming (1972 -1995), and low-salinity shrimp farming (1996-
2002). He also reported that recently (2003-2004), the Thai government’s policies
restricted the expansion of low-salinity shrimp farming within the freshwater regions of
the country. The result of this study suggesting that the rapid change in agriculture, bare

land, and shrimp farms, and their interconversion, are a major driver of the change.
2.8 Conclusion

This paper presents a new strategy in attempting to achieve error free 30 year annual
composites of Landsat satellites imagery for mapping mangroves and their surrounding
LULC changes on the GEE cloud computing platform. This strategy uses pre-defined
knowledge-based rules to remove contaminated pixels from all available imagery and
uses annual median reflectance values in the collection. A fast, accurate and stable
detection of change in agriculture, bare lands, mangrove forests, and shrimp/fish farms
generated from consistent seamless mosaic and the RF classifier, demonstrates these
results. The study area experienced drastic interchange between agriculture, bare land
and shrimp/ fish farms, while mangrove forests had made a recovery over a period of

time.

The study contributes to the application of cloud computing GEE and its potential for
costal ecosystem mapping and monitoring. The provided reliable and consistent long
term satellite data and high-performance classification approach could be beneficial for
tinding changes in mangrove ecosystems and their surroundings to fill the gaps
necessary for forest management, conservation, as well as in understanding their carbon

sequestration potential.
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CHAPTER 3

Systematic transect plot inventories for species and structural diversity

This chapter has been published as: Pimple, U. (2020) Dataset on plot inventories of species diversity and
structural parameters of natural and rehabilitated mangrove forest in the Trat Province of Thailand, Data
in Brief, Vol.30. https://doi.org/10.1016/j.dib.2020.105500
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Abstract:

This chapter describes how the rehabilitated mangroves evolved over 28 years and
whether the ecological parameters of rehabilitated forest resembled those of the adjacent
natural mangroves. This chapter presents the data collection inventories for species and
structural composition of rehabilitated and adjacent natural mangrove forests in the Trat
Province of eastern Thailand. The species type, their girth at 1.3 m breast height, tree
height, and the number of seedlings for each of the thirteen species, (Avicennia alba,
Bruguiera cylindrica, Bruguiera gymnorrhiza, Bruguiera sexangula, Ceriops tagal, Excoecaria
agallocha, Intsia bijuga, Lumnitzera littorea, Lumnitzera racemosa, Rhizophora apiculata,
Rhizophora mucronata, Xylocarpus granatum, and Xylocarpus moluccensis), of the mangrove
forests were collected. The data were collected in 10 X 10 m size plots from the seaward
to landward end along with the stand age of the rehabilitated mangroves. The data was
analysed using the Importance Value, Complexity Index, Simpson’s Dominance Index of
diversity and Simpson’s Reciprocal, and Shannon-Weaver Index to distinguish various
diversity and structural parameters.
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3.1 Mangrove inventories data specification

The Table 3.1 presents the mangrove field inverntoreis data specification.

Table 3. 1 Mangrove field inventory data specification

Subject

Specific subject area
Type of data

How data were acquired

Data format
Parameters for data

collection

Description of data
collection

Data source location

Data accessibility

Related research article

Biological sciences

Forestry, Forest ecology and management, Restoration

Excel file

Species diversity and structural parameters were obtained using the
systematic sampling design (fixed-area sampling), across the mangrove
forest landscape. Procedure of data sampling described in Sampling
design, paragraph 2.2 in Data and methods of Pimple et al.[1].

Raw, analysed

Mangrove species richness and structural characteristic variables were
aggregated at the plot level. The following dendrometric parameters were
measured from each tree species of each plot: forest type, tree diameter at
breast height, tree height, crown cover, and the number of seedlings

The systematic sampling design (fixed-area sampling) across the
mangrove forest landscape. A transect line was systematically established
perpendicular to the coastline (i.e. With seaward and landward limits),
recording the species distributions along the intertidal zones

The transect line (from 239249 m E, 1350069 m N to 240518m E ,1352337
m N (UTM Zone 48 datum)) was 2.67 km in length, from the shoreline
(seaward end) to the end of the forest (landward end).

URL: http://dx.doi.org/10.17632/tdbm9dgw9r.1

Pimple, U., Simonetti, D., Hinks, I., Oszwald, J., Berger, U., Pungkul, S.,
Leadprathom, K., Pravinvongvuthi, T., Maprasoap, P., Gond, V. (2020). A
history of the rehabilitation of mangroves and an assessment of their
diversity and structure using Landsat annual composites (1987-2019) and
transect plot inventories. Forest Ecology and Management, 462, 118007.
https://doi.org/10.1016/j.foreco.2020.118007
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3.2 Value of the data

1) The species richness, structural parameters, number of seedlings per plot and stand
age, between rehabilitated and adjacent natural mangrove stand is very important to
assess the degree of success or failure of rehabilitation management practices in the
region.

2) The data presented here is crucial for understanding the evolution, and potential
changes in future ecological variables of rehabilitated mangrove ecosystem.

3) The data can be used to compare the structure and species communities in other
mangrove forests.

4) The data can be used to fit site and species specific above ground biomass models and
conversion factors which are very important to estimate the carbon sequestration
potential of rehabilitated mangroves compared with adjacent natural stands.

5) The data can be used to validate the satellite based species and height predictions

across the intertidal zone.

3.3 Data description

The data presented here is the original data that relates to the research article “A history
of the rehabilitation of mangroves and an assessment of their diversity and structure
using Landsat annual composites (1987-2019) and transect plot inventories” (Pimple et
al., 2020). The data is presented as a single .xlsx file, with the title “DataTrat2019”. The
data sheet contains parameters of indigenous and rehabilitated mangrove forest that
includes plot number, province (location), forest type, species, number of trees in each
plot, abbreviations (as used in article (Pimple et al., 2020) for the name of the species),
branches, mean girth at breast height, mean height per species, number of seedlings per
plot, and age (only applicable for rehabilitated mangroves).

3.4 Experimental design, materials, and methods

A transect line was systematically established perpendicular to the coastline (i.e. with
seaward and landward limits), covering the species distributions along the intertidal
zones. In total, 24 plots (10 m x 10 m), were established with 100 m apart. Each plot was
used to determine the stand composition and diversity, and distributions among the
intertidal zones. Field inventories were performed in December 2019. The data were
analysed and interpreted. Plots 1 to 15 were in the adjacent natural zone, while plots 16
to 24 were in the rehabilitated mangrove zone. The number of seedlings per plot were
counted manually. The plantation dates of the rehabilitated mangroves were obtained
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from the Trat provincial office of Department of Marine and Coastal Resources, Thailand.
The species in each plot were compared to determine the species diversity and structural
variations between the rehabilitated and adjacent natural mangroves. The data was
interpreted using diversity and structural indices (Importance value, Complexity index,
Simpson’s dominance index of diversity and Simpson’s reciprocal, and Shannon-Weaver
index) to derive species diversity, dominance and structural variability (described in
Araujo and Shideler (2019) and Oksanen et al. (2020).
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CHAPTER 4

Assessing degree of success of rehabilitation interventions

Rehabilitated mangrove forest in Trat province of Thailand

This chapter has been published as: Pimple, U., Simonetti, D., Hinks, 1., Oszwald, ]., Berger, U., Pungkul,
S., Leadprathom, K., Pravinvongvuthi, T., Maprasoap, P., Gond, V. (2020) A history of the rehabilitation
of mangroves and an assessment of their diversity and structure using Landsat annual composites (1987—
2019) and transect plot inventories, Forest Ecology and Management, Vol. 462. https://doi.org/10.1016/
j.foreco.2020.118007
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Abstract:

Recently, there has been renewed interest in the ecosystem services of mangroves such
as carbon sequestration or coastal protection, and consequently, the development of tools
providing an effective and automatic monitoring of the dynamics of mangrove land
coverage including rehabilitated or naturally regenerated forest stand is increasingly
demanded. Satellite-based time series analysis in coastal areas can be limited by
atmospheric contaminations, such as haze, and clouds and their shadows. Here, we
present an “automatic regrowth monitoring algorithm” (ARMA) using the Google Earth
Engine (GEE), based on Landsat inter-annual median composites from 1987 to 2019 with
30 m spatial resolution. The species and structural diversity were assessed using transect
plot inventories. The Landsat-based normalized difference infrared index (NDII) and
information obtained from plot inventories were used to assess the characteristics of the
natural and rehabilitated mangrove forests. The ARMA identified the starting year of the
rehabilitation project using the satellite data, the required stability period after the
rehabilitation, and the stand age in the year 2019. The information obtained from the field
survey data were linked to the results obtained using the ARMA. After 28 years, the
rehabilitated mangroves at the study site consist of monocultures of Rhizophoraceae,
while the undisturbed and naturally regenerated mangroves had greater species
diversity. Nevertheless, the rehabilitated mangroves were found to reach the height of
the adjacent natural mangroves. The period required to reach a stable NDII value (similar
to natural stands) after rehabilitation ranged from 7 to 13 years. The careful assessment
of the NDII upward trend was crucial for the performance of the ARMA. The application
presented here shows, however, that the system can be used to evaluate both small- and
large-scale rehabilitation projects. The results of this study provide valuable baseline
information for the site assessed and for its comparison with other rehabilitated
mangroves in Thailand. Due to the technical potential, we are convinced that the ARMA
system is suited to investigate changes in mangrove coverage dynamics, in general,
including gain (as presented here), but also mangrove losses, due to disturbances such as
degradation or forest diebacks.
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4. 1 Introduction

Mangroves are highly productive forest ecosystems, that are found in tropical and sub-
tropical coastal regions around the world (Duke, 2017, Tomlinson, 2016). The trees in
mangrove forest provide various services for fauna such as food, breeding grounds, and
spawning areas, as well as for people such as fish, medicine or wood for fuel, timber
poles, and boats (Asaeda et al., 2016; Bosire et al., 2003; Dahdouh-Guebas and Koedam,
2008). Mangrove forests are also carbon-rich, creating significant carbon sinks that play
an important role to mitigate climate change (Donato et al., 2011) (Li et al., 2019).
Nevertheless, mangrove ecosystems are currently under high pressure due to both
natural and anthropogenic stressors (Li et al., 2019). They are impacted by climatic
changes, such as sea- level rise, shifts in temperature patterns, and changes in the
atmospheric gas composition and moisture levels, over long temporal scales (Victor H.
Rivera-Monroy et al., 2017). Additionally, anthropogenic impacts from land use, rapid
urbanization, shrimp farming, overexploitation of wood, and coastal construction
significantly affect the spatial distribution and performance of mangroves over time
(Barnuevo et al., 2017; Victor H. Rivera-Monroy et al., 2017).

Recent recognition of the importance of mangrove forests has stimulated interest in
restoring and rehabilitating deforested mangroves in several areas of the world,
including Thailand (Andradi-Brown et al., 2013; Macintosh et al., 2002; Otero et al., 2019).
In this context, the term mangrove restoration refers often to actively supported measures
in order to return a formally degraded ecosystem back, as effectively as possible, to its
“original” condition, in terms of its species diversity and hydrological regime (Andradi-
Brown et al., 2013; Dale et al., 2014; Macintosh et al., 2002). However, the term mangrove
rehabilitation refers to the simple plantation of mangrove seedlings over degraded
mangrove land, without adequate site assessment or subsequent evaluation of the
achieved ecosystem functioning at the ecosystem level (Field, 1999; Macintosh et al.,
2002). Moreover, the majority of rehabilitation projects in southeast Asia tend to
implement monoculture plantations (usually Rhizophora apiculata) (Ellison, 2000), often
without an adequate site assessment or consideration of ecological principles. For this,
rehabilitation projects are generally not able to sustainably restore ecosystems, but they
can provide forest cover and initiate successional sequences. While monoculture or
single-species plantations could be the first step towards rehabilitating mangroves
(Ellison, 2000), a continuous monitoring and detailed assessments of forest structure and
related features (e.g., natural regeneration or succession stages) are required to
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understand the recovery processes of the particular rehabilitated ecosystem (Ren et al.,
2008).

Several rehabilitation projects throughout the world have previously been reported,
including those in Thailand, Pakistan, Australia, Bangladesh, Sri Lanka, Vietnam, and
Kenya (Bosire et al., 2003). However, there is limited knowledge regarding the
effectiveness of the natural development, survival, and growth characteristics of stands
being rehabilitated through these projects, compared to the stands of native (indigenous)
forests, over time. For example, Lewis et al. (2019) identified unverified claims of
allegedly successful large-scale mangrove rehabilitation projects in Senegal. There had
been no previous detailed reports on the monitoring of mangrove rehabilitation projects,
and satellite-based analyses failed to identify any success. Alexandris et al. (2013)
conducted temporal analyses of 10 projects (24 sites in six countries: United Arab
Emirates, Madagascar, Kenya, Senegal, Solomon Islands, and Indonesia), to assess the
extent of the recovery of the mangroves after the implementation of the rehabilitation
projects. The authors detected no change or only slight changes at these sites. However,
the proposed monitoring methods were hindered by persistent cloud coverage and
atmospheric contamination, as well as limited field survey data. Nehru and
Balasubramanian (2018) summarized the recovery of mangrove ecosystems following a
tsunami in the Nicobar Islands. The authors noted that the previously used remote
sensing-based approaches in this area lacked integration with the well-documented field
surveys. In comparison, Piou et al. (2006) conducted a study to quantify the recovery of
the mangroves after hurricane Hattie in Calabash Cay, Belize. They used indirect
measurements to estimate mangrove destruction due to a lack of directly available data.
Such studies could benefit from using satellite-based time series to track the recovery of
mangroves after damage or rehabilitation. The minimum amount of data required to
assess the species and structural diversity of the mangrove forests using remote sensing
includes a complete list of species in the forest, measurements of the edaphic parameters
and elevation, as well as the measurements obtained in contiguous quadrants along the
intertidal zone transects (Castaneda-Moya et al., 2006).

Structural heterogeneity is an important attribute of mangrove ecosystems (Luo et al.,
2010). Many physical and biological factors influence the population dynamics,
community structure, canopy dominance, and succession of rehabilitated mangroves
(Protfitt and Devlin, 2005). The spatial patterns of natural mangroves depends on their
soil properties, disturbance history, and the displacement of propagules under varying
tidal influences (Luo et al., 2010; Proffitt and Devlin, 2005). Hydrological factors, such as
salinity and soil inundation, could affect the initial functional outcomes of rehabilitated
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mangroves (McKee and Faulkner, 2000). Several studies have reported large contrasts
between native and rehabilitated mangroves, in terms of their forest structures, species
diversity, and tree density (Asaeda et al., 2016; Barnuevo et al., 2017; Ren et al., 2008;
Walter, 2004). The degree of success for rehabilitation projects varies by site. For example,
Asaeda et al. (2016) and Barnuevo et al. (2017), among others, reported the failure of
rehabilitated mangroves to mimic natural forests over a 60 year period in the Banacon
and Olango Islands of the Philippines. Ren et al. (2008) reported the dominance of a single
species (or monoculture) in rehabilitated mangroves over a 10-year period in Leizhou
Bay, South China. In contrast, Luo et al. (2010) found that, after 50 years of rehabilitation,
the mangroves in Shenzhen Bay, South China, had a similar stand structure, spatial
arrangement of selected stand characteristics, and species associations, as those of natural
mangrove forests. Globally, there is mixed evidence for the effectiveness of rehabilitation
projects, due to the limited supporting scientific evidence, the lack of standardized
ecological restoration practices, and appropriate socio-political reasoning at local scales.
Understanding the structural features and spatial patterns of rehabilitated mangroves is
key to assessing the successes and failures of rehabilitation projects. This also leads to an
understanding of the processes that underlie mangrove dynamics, including intra- and
inter-specific interactions, as well as the effects of various environmental heterogeneities
(Luo et al., 2010).

Abundance, as well as relative and absolute density, frequency, and basal area, are
commonly used to assess mangrove forest structural parameters. The fundamental
Shannon-Weaver diversity, Simpson’s diversity, and Simpson’s dominance (reciprocal
index of Simpson) indices, as well as the importance value and complexity index, are
widely used independently and in tandem with other indices, to assess mangrove forest
diversity and structure (Blanco et al., 2001; Cintrén and Schaeffer Novelli, 1984; Hill, 1973;
Holdridge, 1967; Morris et al., 2014; Shannon and Weaver, 1963; Simpson, 1949). Blanco
et al. (2001) confirmed that the maximal tree height is a strong estimator for the
development of mangrove forests that are uniformly developed, have closed canopies, or
are monospecific (such as rehabilitated mangroves). This is because trees that reach the
top of the canopy receive the most sunlight, which prevents shadowed individuals from
receiving enough sunlight to compete. Due to the difficulty of estimating tree height
within most mangrove forests, the average height of the three tallest trees at a particular
site has been found to act as a more reliable estimate of the height of the mangrove canopy
(Araujo and Shideler, 2019).

Remote sensing methods have been applied to monitor tree plantations, such as those of
rubber, eucalyptus, and pine (McMahon and Jackson, 2019; Ye et al., 2018; Zhu et al,,
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2018). Recent developments in cloud computing platforms, advanced cloud and shadow
detection algorithms, and time series analyses provide a valuable set of tools with the
potential to provide information about the way in which mangroves have developed over
time (Chen et al., 2017; Otero et al., 2019; Pimple et al., 2018; Rogers et al., 2017). Time
series data from over three decades of freely available satellite-based imagery from
sources, such as Landsat, have previously been used to monitor changes in mangrove
forests and their associated phenology (Otero et al., 2019; Pimple et al., 2018; Rogers et
al., 2017). Satellite-based time series analyses could help assess and quantify the extent of
the evolution of mangrove forests, as well as their increasing or decreasing trends over
time. This information could be used as an indicator of the changes to the structural
features of the forests (Banskota et al., 2014). Understanding the satellite-based spatio-
temporal success and failure dynamics of rehabilitation projects or naturally disturbed
forests and their recovery, combined with well-documented field surveys, are key in
determining the long-term stability and sustainability of forests. Moreover, earth-
observation data in combination with field data, can help fill the information gaps that
arise from using field data alone (Boisvenue et al., 2016).

In the past, mangroves in Thailand were damaged as they were often converted to
agricultural land, bare land, or used for shrimp and fish farming (Pimple et al., 2018).
Many of these mangrove forests have made significant recoveries over time. This trend
reflects the increased awareness and recognition of the importance of mangroves, the
hard work of local communities to rehabilitate mangrove forests, and the Thai
government policies that restrict the expansion of low salinity shrimp farming (Szuster,
2006). In this study site, to the best of our knowledge, no prior study has assessed the
effectiveness of rehabilitation in this forest type in terms of identifying and reporting the
correct starting year of rehabilitation projects; assessing the time required to stabilize the
forest; or the structural development, species diversity, and tree density in adjacent
natural and rehabilitated mangroves.

This study assessed the viability of a prototype algorithm to identify the starting year of
a rehabilitation project, the number of years required to reach stability, and the stand age,
structural development, and species complexity, compared to the adjacent natural
mangrove stands. We focused on the Trat Province of Thailand and assessed whether the
rehabilitated mangroves at this site were able to mimic the diverse structural complexity
of the natural mangroves after 28 years. To evaluate the importance of the temporal
dynamics using data from the latest biodiversity inventory, we evaluated: (1) how the
rehabilitated mangroves evolved over the last 28 years; and (2) whether the ecological
parameters of the rehabilitated forests resembled those of the adjacent natural stands.
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4.2 Data and Methods
4.2.1 Study site description

The study area for this investigation was the Trat Province, located along the eastern coast
of the Gulf of Thailand and bordering Cambodia (Figure 4.1). The mangrove forest covers
approximately 106 km? is located at longitude 102.61° and latitude 12.21°, and has a
tropical climate, with seasonal monsoons. The rainy period is from June to November,
with an average annual rainfall and mean temperature of 4500 mm and 26.5 — 29.8 °C,
respectively (Chalermchatwilai et al., 2011). The study site was selected based on two
conditions: (1) the availability of all common natural species (Chalermchatwilai et al.,
2011) and (2) the presence of a large rehabilitation area adjacent to the natural mangrove.
Preliminary field surveys were conducted during March 2015, October 2016, and
December 2017 to determine the availability of the species, the location and extent of the
rehabilitated areas, and the structural patterns of the mangroves in a landward direction.
In this study site, the mangroves were rehabilitated without adequate site assessment or
subsequent evaluation at the ecosystem level; and there was no supporting scientific
evidence for the current success or failure of these rehabilitated mangroves.

4.2.2 Sampling design

The systematic sampling design (fixed-area sampling) across the mangrove forest
landscape was crucial for the identification of the major mangrove species and the
changes in the mangrove structural features. A transect line was systematically
established perpendicular to the coastline (i.e., with seaward and landward limits),
covering the species distributions along the intertidal zones (Figure 4.1). The transect line
(from 239249 m E, 1350069 m N to 240518m E ,1352337 m N (UTM Zone 48 datum)) was
2.67 km in length, from the shoreline (seaward end) to the end of the forest (landward
end).
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Figure 4. 1. Location of study site in the Trat province of eastern Thailand. The figure presents the spatial
distribution of the transect line plots used in the analysis. The red square indicates the locations of the 10 x
10 m transect plots along the transect line.

In total, 25 plots (10 x 10 m), were established with 100 m distances between them, to
determine the species composition and diversity of the stands, as well as the distributions
among the intertidal zones. The 10 x 10 m plot sizes were chosen because they were
manageable to survey, considering the larger spatial scale and sample sizes. This plot size
ensured that no species or structural parameters overlapped when comparing the
rehabilitated mangroves with the natural stands. The pure spectral values could be
achieved if the plot sizes were less than or equal to the spatial resolution of the satellite
imagery. Additionally, this plot size fits with the 10 m spatial resolution of the European
Space Agency (ESA) Sentinel MSI-2 satellite, launched in 2015, that currently provides
free imagery with a spatial temporal resolution of 5 days. Furthermore, several previous
studies that have focused on natural and rehabilitated mangroves, have used similar plot
sizes to estimate their diversity and structural parameters (Araujo and Shideler, 2019;
Asaeda et al., 2016; Barnuevo et al., 2017; Macintosh et al., 2002; Ren et al., 2008). Of these
plots, plots 1 to 15 were in the adjacent natural zone and plots 16 to 24 were in the
rehabilitated mangrove zone. In each plot, species names, diameters at breast height
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(DBH), and tree heights were measured. In addition, the crown covers and number of
seedlings in the stands was recorded. DBH and tree height were measured with a tape
measure and clinometer, respectively. The field inventories data were collected in
December 2018. Dead trees were excluded from the height measurements, and in each of
these cases, the next living tree was measured instead.

4. 3 General description of the methodology

We first evaluated the historical changes along with the transect line plots in the study
area by collecting the available satellite data and identifying the spatial extents of the
anthropogenic events, both along and adjacent to the transect lines. Second, we
conducted a simplified transect line survey. This transect line provided the data with
which we benchmarked mangrove development, as precise locations, types, and
variations in the structures were identified along the transect line. Third, a detailed
analysis of the annual changes over the last 32 years was conducted using a time series
of the Landsat imagery. The study placed a strong focus on the long-term fate of the
rehabilitated mangroves and the extent to which their structures and diversity resembled
the adjacent natural stands. Moreover, we analyzed the possible changes in the transect
inventory observations and related these to the degree of success or historical
development of the rehabilitation projects. A flow chart of the integrated approach used
in this study is presented in Figure 4. 2.

4. 4 Species diversity and structural indicators

The compiled lists of the species in each plot were compared to determine the species
diversity and structural variations between the rehabilitated and adjacent natural
mangroves. Forest structural parameters, including abundance and relative and absolute
density, frequency, and basal area, were calculated using the data obtained from the
plots. The importance value (IV) of each species per plot was calculated using the transect
data. The IV was the sum of the relative density, relative dominance, and relative
frequency (Cintron and Schaeffer Novelli, 1984), calculated using equation 4.1:

Dens; BA; Fre;
D %100 + —2* 100 +——— * 100 41
i1 DeﬂSj i1 BAj i1 Frej

IVi =

where, IV}, Dens;, BA;, and Fre; are the importance values, relative density, relative basal
area, and relative frequency of the mangrove species i, respectively, and s is the number
of species.
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Figure 4. 2. Flow diagram showing the methodological framework. The figure presents the process for the
Landsat annual composite preparations, analysis of forest stability parameters, analysis of field inventory
data, and derivation of the biodiversity and structural indicators to determine the success of the

rehabilitated mangroves.

The complexity index (CI) was developed by Holdridge (1967), and incorporates the
number of species, stand density, basal area, and height of the individual trees in the plots
of the tropical vegetation and mangrove ecosystems (Pool et al., 1977). The CI was used
to estimate the structural development of the planted mangrove forest plots. The CI
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uniquely incorporates the height of the individuals, as well as the other parameters of the
mangrove trees, to measure the structural complexity of each transect plot (Araujo and
Shideler, 2019; Dahdouh-Guebas and Koedam, 2008), and it was calculated using
equation 4.2:

(No. species)*(No.trees)*(Basal area)*(Mean height)

Cl= 100

4.2

Diversity indices were used to define and enumerate the structure of the ecological
communities (Ohlmann et al., 2019). Simpson’s dominance index of diversity (1-D) and
Simpson’s reciprocal Index (1/D) were used to determine species dominance using the
basal area at breast height (1.3 m) in each 10 x 10 m plot, occupied by each species. The
Simpson’s index (D) was calculated using equation 4.3:

i (ni-1)
D=3~ (;_ 5 4.3

Where ni is the number of trees of the i*" species, and N is the total number of individuals.
The Simpson’s dominance index of diversity (1-D) ranges from between 0 and 1, with 0
indicating no diversity and 1 indicating a high level of diversity. In comparison, for the
Simpson’s reciprocal index (1/D), values below 1 represent monoculture mono-specific
forests, while values greater than 1 represent higher diversity.

The Shannon or Shannon-Weaver index is widely used to compare the diversity and
variance of species distributions between habitats, including mangrove ecosystems
(Abino et al., 2014), and is calculated using equation 4.4:

H=-Y, p,Inp, 4.4

where H' is the diversity index, Pi is the proportion of the individuals of species i, in
relation to the total number of individuals in the sample, and In is the natural logarithm.
This index uses the number of individuals of each species in each 10 x 10 m plot to
determine diversity. The higher the Shannon index values are, the higher the levels of
richness and evenness in the community; values typically range from 1.5 to 3.5 and rarely
reach 4.5 (Ifo et al., 2016).

4.5 Landsat imagery

The study dataset included data from Landsat TM-5 (1987-2001 and 2003 —2011), ETM+7
(2002, 2013), and OLI-8 (2013 -2019) that was obtained from the Google Earth Engine
(GEE) Tier 1 top-of-atmosphere (TOA) reflectance collection. The images were acquired
between January 1, 1987 and July 1, 2019. The Tier 1 Landsat collection is considered
suitable for the time series analysis, as it includes Level-1 Precision Terrain (L1TP)
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processed data with inter-calibrations across the different Landsat sensors. Only red,
green, blue, NIR, SWIR-1, and SWIR-2 bands were processed in the Universal Transverse
Mercator (UTM) zone 48 N projection. The entire collection was cleaned of clouds, cloud
shadows, and pixels with no-data, following the algorithm proposed by Simonetti et al.
(2015), which was extended for mangrove forestry by Pimple et al. (2018). This algorithm
is driven by predefined knowledge-based rules that have been built on spectral
signatures collected at a global scale. It generates a thematic output, including cloud and
cloud shadow casting and masking. To ensure that the reflectance values were pure and
suitable for long-term analysis, contaminated pixels were aggressively removed from the
individual images prior to the annual synthesis. Cases in which there were persistent
contaminated pixels (cloud cover with shadows) or no images available, could potentially
result in no data. To address this issue, a manual visual inspection of the output images
was required to assess whether single- or multi-year composites could be achieved. An
additional inward buffer of 450 m was applied to remove the jagged scene edge, ensuring
uniform analysis across the different acquisitions and sensors (Pimple et al., 2018;
Robinson et al., 2017). It is worth noting that in the cases with persistent contaminated
pixels (due to cloud cover, shadows, or haze), the final annual composites might contain
no-data values. This issue could be resolved by interpolating values from the previous
and following years (Otero et al., 2019). For instance, in 2012, Landsat ETM+ 7 showed
large quantities of no- data lines due to the Scan Line Corrector failure (Li et al., 2019). It
isimpossible to use Landsat ETM+ 7 images for this year, due to the heavy clouds causing
missing satellite-imagery pixels in the coastal regions. However, the issue was addressed
by visually inspecting the output, to assess whether single or multiple year composites
could be achieved. The proposed method in this study was able to select stable annual
composite pixels for Landsat ETM+ 7 imagery; thus, no interpolation was required.

4. 6 Mangrove forest normalization

Before calculating the TOA for the annual median composites, every Landsat image was
normalized using a dark object subtraction (DOS) method (Bruce and Hilbert, 2004), as
described in equation 4.5. This approach used the median values of the mangrove forest
pixels to apply a linear correction to each spectral band (Bodart et al., 2011; Pimple et al.,
2018), as follows:

Pagjusted® = Poriginal® — (Xmangroveo‘) + Xrefo‘)) 4.5

where, Padjusted® 15 the normalized median for band A, X is the median value

mangrove®
of the dense mangrove forestry of the sample site for band A, and X ) is the reference

dense mangrove forest value for band A, as computed for the well-known and stable
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locations identified using the Landsat OLI-8 images (2014-2018), and further validated at
a 10 m resolution using the sentinel-2 MSI imagery (see section 2.6) across the study area.
The per band extracted median reference values were 0.10238 (blue), 0.08208 (green),
0.05340 (red), 0.28267 (NIR), 0.06959 (SWIR-1), and 0.02379 (SWIR-2), respectively, in a
TOA reflectance of 0-1, and six processed bands.

Even though the Landsat Tier-1 collection ensured a quality sensor calibration and
stability over time, the TOA reflectance was often affected by atmospheric contamination,
including haze and residuals of thin clouds (especially in coastal areas). Cloud-free
annual composites were then created using the median reflectance values (per band) of
the processed data (Pimple et al., 2018; Sagar et al., 2017).

4. 7 Sentinel-2 multi-spectral instrument (MSI) high-resolution mask

The Sentinel-2 MSI images contained 13 UNIT 16 spectral bands, representing the TOA
reflectance, that were obtained from the GEE image collection. To ensure meaningful
comparisons between the sensors, the red, green, blue, NIR, SWIR-1, and SWIR-2 bands
of the Sentinel-2 were selected. Zhang et al. (2018) found that the Sentinel-2A MSI Level-
1C cloud mask product was not reliable. The annual composites for 2019 were created
using the median reflectance values of the collection, after being cleaned of clouds, cloud
shadows, and pixels with no-data. Sentinel-2 SWIR-1 and SWIR-2 bands were acquired
at 20 m spatial resolutions (Joint Research Center, 2019). To match the resolution of the
red, green, blue, and NIR bands, the SWIR-1, and SWIR-2 bands were resampled at a 10
m resolution, using the nearest-neighbor interpolation methods. Sentinel-2 MSI was used
to create a high-resolution mangrove forest mask for the year 2019, and subsequently, to
improve the extraction of the reference median values of the mangroves from the Landsat
imagery during the DOS normalization phase.

4. 8 Masking the mangrove forest area

As the proposed approach of the mangrove forest monitoring requires long-term earth-
observation data to study the success and failure of the rehabilitation projects, it is highly
recommended that its applications be limited to mangrove areas only. This is because the
separation of the mangrove and non-mangrove areas reduces the computational time and
avoids the contamination of other land use or land cover pixels. A “mangrove mask”
limits the algorithm to the pixels that were confirmed to be forested at the beginning of
the first monitoring period (DeVries et al., 2015), which can be confirmed using field data.
The mask of the mangrove forest for the year 2017, as proposed by Pimple et al. (2018),
has been improved using a second mask created with Sentinel-2 MSI for the year 2019.
The Sentinel-2 MSI high-resolution mask ensures that the stubble and remaining land use
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land cover pixels are separated. The Otsu threshold was used to quantify the distribution
of the mangrove and non-mangrove areas (Otsu, 1979). Then, visual mangrove forest
refinement was performed on Google Earth to produce a high-quality mangrove mask.
Pimple et al. (2018) reported the significant recovery of mangroves in the study area. We
used the optimal baseline map for the year 2019, where the natural and rehabilitated
mangroves were stable. The quality of this map was confirmed using field survey data
(conducted in December 2017).

4. 9 Normalized difference infrared index (NDII)

The normalized difference infrared index (NDWI) was introduced by Gao (1996) to
obtain the vegetation liquid water status using satellite imagery. However, Ji et al. (2011)
noted that in previous research, 13 normalized difference indices were used with the
same equation and reported that these indices were designed by independent authors
based on near infrared (NIR) and short-wave infrared (SWIR) bands obtained using
various satellite sensors, including Landsat TM, Satellites Pour I'Observation de la Terre
(SPOT)-VEGETATION, or Moderate Resolution Imaging Spectroradiometer (MODIS).
Moreover, Ji et al. (2011) suggested the use of the term normalized difference infrared
index (NDII) for the Landsat SWIR wavelength channel between 1.55 and 1.75 pm. In this
study we used the NDII based on the Landsat and calculated it as follows:

(NIR-SWIR) 4.6

NDII= (NIR+SWIR)

where, NIR is the reflectance in the near-infrared wavelength channel (0.70 — 0.90 um),
and SWIR is the reflectance in the shortwave-infrared wavelength channel (1.55 - 1.75
um) (Alsaaideh et al.,, 2013; Ji et al., 2011; Yilmaz et al.,, 2008). Jackson et al. (2004)
documented that NDII is sensitive to the mass or volume of water, rather than the
fractional percentage of the water. NDII is sensitive to the vegetation moisture content
and can be used as an indicator of the water content in the vegetation. It can also enhance
the vegetation moisture content in the Landsat imagery. NDII values fluctuate with
changes in the water content, ranging from -1 to 1. In this study, the NDII was computed
using the annual median composites rather than single images, avoiding post-process
filtering or interpolation. The NDII time series was used to analyze the status of the
rehabilitated and adjacent natural mangroves over time.

4.10 Time series of the natural, rehabilitated, and disturbed mangroves

The Landsat interannual time series can be used to characterize and analyze the annual
changes in the rehabilitated and natural mangrove forests, including abrupt changes
(such as logging, lightning, or a tsunami), disturbance-recovery trajectories, and gradual
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changes (Pasquarella et al., 2016). Huang et al. (2010) defined stable forests, disturbances,
and post-disturbance processes, as well as their relationships, using their spectral-
temporal properties. In this study, we have derived a set of conditions to characterize the
state of the forest over time, as described in the proceeding sections.

4.10.1 Stable mangroves

Undisturbed natural mangrove forests maintain relatively stable NDII signatures over
many years. Their stable or unchanging state is defined as the median values of all points
in the time series of the annual composite, minus one standard deviation. The one
standard deviation is used to account for the annual variability in the NDII, as follows:

NDIlgiapie = NDIljedian — NDIlgp 4.7

where NDIlsble represents stability or no change to the mangrove stand over time,
NDIImedian is the median of all annual median composites of the natural mangroves and
rehabilitated mangroves after the year 2002, and NDIIisp is the standard deviation of all
annual median composites of the natural mangroves. Additionally, we tested the
independent median values of the plantation plots after the year 2002 and compared
them with NDILswble to assure the quality of the applied threshold. The years 2002 — 2019
were chosen for this because all the mangrove stand types during this period showed
stable NDII values. Visual time series refinement was performed on each plot pixel to
ensure the high quality of the threshold.

4.10.2 Recovery: development of rehabilitated or naturally regenerated mangroves

Recovery is the period when the rehabilitated or regenerated mangrove forests reach the
stable state of the adjacent natural mangrove forests. The values of the NDII are expected
to return, or come close, to those of the adjacent natural mangroves (NDllswble) or their
state before the disturbance. The recovery time or required stability period is defined as
the number of years that the mangrove forest takes to return to a stable state (i.e.,
NDIIstbie). This is a good indicator of the success of mangrove rehabilitation efforts. To
determine the rehabilitation year, we first defined the reference year of the empty land
before rehabilitation, using the minimum value of the NDII (< 0.15) corresponding to low
photosynthetic activity (i.e., soil or shallow water). Second, we confirmed tree growth
using the upward trend of the NDII. Due to the spatial resolution of the Landsat imagery
(30 m), the NDII values of the young mangrove stands might remain low (< 0.15) for
several years, until the tree crowns and leaves are big enough to be detected. At these
early stages of mangrove development, the minimum NDII threshold can be the result of
the pixel background values for the soil and water. This limitation may lead to a
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significant difference between the satellite derived (predicted) and actual rehabilitation
dates. It is thus crucial to carefully assess this at the start of the year when there is a strong
upward trend in the NDII values (NDlImin year (adjusted)) from the actual year of
rehabilitation. During the first few years of the rehabilitation, young mangroves (lower
NDII values) can cause different or multiple lower threshold values for each plot. This
situation can lead to significant differences among the lower values or in the
rehabilitation years detected in an NDII time series of each plot. Therefore, the lower
NDII values may not be effective enough to describe the complicated and diversified
regrowth periods of the rehabilitated or naturally regenerated mangroves.

According to the Department of Marine and Coastal Resources, Thailand, in this study
area, the rehabilitation projects were initiated in 1991 (DMCR 1991). The pixel-based
analysis produced a strong upward trend only four years after the actual plantation year,
i.e.,, an upward NDII trend started in 1994. In this study, we have assumed that four years
of time is required to see a strong upward trend after the initial year when rehabilitation
began.

4.10.3 Disturbance

Sudden changes to the mangrove forest canopy (such as the disappearance of the canopy
or woody biomass) often results in an abrupt or sudden decline of the NDII values. Forest
disturbances were not observed during the study period or along the transect line plots;
however, this state was defined, so it may be implemented in disturbance scenarios.

4. 11 Outline of automatic regrowth monitoring algorithm

Section 4.10.2 explains the theory behind the monitoring and recovery of the rehabilitated
mangroves, while Figure 4.3 provides a graphical representation of how: 1) the starting
year of the rehabilitation project; 2) the number of years required to reach stability; 3) the
stability, wherein the NDII is greater than or equal to NDIlswbie; and 4) the stand age of
the rehabilitated mangroves, were automatically computed for every field survey plot
using the ARMA. ARMA accounts for an average delay of 48 months (four years)
between the Landsat computed and actual rehabilitation years. This approach allows it
to overcome the biased estimated rehabilitation year, between the forest cut or
rehabilitation and recovery, by analyzing the NDII trend in reverse. The following steps
were performed for each plot separately:
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Figure 4. 3. Illustration of automatic regrowth monitoring algorithm. (a) Flow diagram of the automatic
regrowth monitoring algorithm (ARMA); (b) Example plot representation of the normalized difference
infrared index (NDII) time series and ARMA-based change metrix.
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4. 12 Results

4.12.1 Species diversity and composition

In total, 554 trees were recorded in the 24 plots along the transect line, representing a
combined area of 2400 m?2. The tree counts ranged from 10 to 40 trees per plot (Table 4.1),
and the following 14 species were recorded: Avicennia alba, Bruguiera cylindrica, Bruguiera
gymmnorhiza, Bruguiera sexangula, Ceriops tagal, Excoecaria agallocha, Heritiera littoralis, Intsia
bijuga, Lumnitzera littorea, Lumnitzera racemosa, Rhizophora apiculata, Rhizophora mucronata,
Xylocarpus granatum, and Xylocarpus moluccensis.

The literature and field surveys showed that the dominant species were Rhizophora
apiculata, Ceriops tagal, and Xylocarpus granatum. However, Lumnitzera littorea, Excoecaria
agallocha, Sonneratia caseolaris, Avicennia alba, Bruguiera gymnorhiza, and Heritiera littoralis
had also previously been documented in the study area (Chalermchatwilai et al., 2011;
Suchewaboripont, et al., 2011). The coastline was occupied by Sonneratia caseolaris and
Avicennia alba. The next zone was dominated by Rhizophora apiculata, Rhizophora
mucronata, and Xylocarpus granatum (Chalermchatwilai et al., 2011; Suchewaboripont et
al., 2011). A third zone was dominated by a mixture of species, including Bruguiera
gymnorrhiza, Ceriops tagal, Lumnitzera littorea, and Excoecaria agallocha. In the landward
area, many of the forest zones were influenced by the mangrove rehabilitation, resulting
in monocultures of Rhizophora apiculata. However, some of the naturally colonized
species, such as Bruguiera gymnorrhiza, Excoecaria agallocha, and Intsia bijuga, were found
at the edges of the rehabilitated mangroves.

Table 4. 1 Statistics for the structural parameter

Natural Mangroves

DBH (cm) Height (m) Type
Plot No. of Species Mean  Min. Max. SD Mean Min. Max. SD
Trees

1 11 Aa, Bg, 16.83 9.55**  58.25%  13.93** 11.91 9 18 3.02 ST
Rm, Xg,
Xm

2 10 Bg, Ea, 20.16 8.28 35.97 11.75 12.4 10 16 241 ST
Xg

3 30 Bg, Ea, 10.9 4.77 19.42 3.41 13.1 8 15 1.94 ST
Xg
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4 10 Bg, Ra, 18.75 4.77 37.56 9.95 14.7 9 19 291 ST
Rm, Xg
5 13 Ra, Xg 18.82 4.93 34.06 6.83 15.69 7 25 6.32%* ST
6 21 Ea, Ra, 15.64 5.09 25.46 6.62 13.33 5 18 42 ST
Xg
7 18 Ra, Xg, 15.01 5.73 27.06 5.57 12.17 4 18 3.45 ST
Xm
8 13 Ea, Ra, 23.21** 9.55 38.83 10.15 22.23*  12** 30%* 4.62 ST
Xg
9 14 Ct, L, Ra 10.85 5.41 21.33 5.08 6.43 3 10 1.99 ST
10 15 Bg, Ct, 7.45 2.55 17.19 3.48 5.47* 3* 8* 1.3* ST
LI, Ra
11 30 Bg, Ct, 7.75 1.27* 12.1* 227 10.87 6 21 3.06 ST
Ea
12 32 Ct, Ea, LI 8.81 4.77 28.97 5.35 11 7 18 2.63 ST
13 13 Bc, Ea 9.86 4.62 18.46 4.57 11.92 7 22 4.63 ST
14 16 Bc, Ea 13.79 6.05 25.15 5.04 13.75 8 19 3.24 ST
15 26 Ea, Ra 6.48* 4.46 12.73 1.82* 8.38 5 11 1.42 ST
Median 15 13.79 4.93 25.46 5.35 12.17 7 18 3.02
Rehabilitated Mangroves
DBH (cm) Height (m) Type
Plot No. of Species Mean  Min. Max. SD Mean Min. Max. SD
Trees
16 40 Rm 6.46* 4.77 8.91* 1.23* 6.83* 6* 8* 0.78* RH
17 33 L1, Ra, 6.57 4.46 10.19 1.76 9.94 7 13 1.84 RH
Rm
18 24 Ra, Rm 7.58 2.55* 11.78 248 9.46 6 12 1.64 RH
19 16 Ra, Rm 9.52**  541** 12.73 1.98 12.31 10** 14 1.74 RH
20 27 Ra 8 3.18 12.41 2.26 12.04 8 16** 2.38 RH
21 18 Ra 7.36 286  13.69** 3.1 13** 8 15 2.79**  RH
22 33 Ra 7.22 4.14 11.78 1.86 11.67 6 15 2.59 RH
23 32 Ra 7.02 4.14 10.5 1.59 11.88 6 15 237 RH
Median 30 7.29 4.14 11.78 1.92 11.78 6.5 14.5 211
Naturally Regenerated Mangroves
DBH (cm) Height (m) Type
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Plot No. of Species Mean Min. Max. SD Mean  Min. Max. SD

Trees
24 29 Bc, Bg, 9.14 4.77 15.6 3.1 9.97 6 12 13 RG
Bs, Ea, Ib
Median 29 9.14 4.77 15.6 3.1 9.97 6 12 1.3

Note: Aa: Avicennia alba; Be: Bruguiera cylindrica; Bg: Bruguiera gymnorrhiza; Bs: Bruguiera sexangula; Ct: Ceriops tagal; Ea:
Excoecaria agallocha; Ib: Intsia bijuga; L1: Lumnitzera littorea; Lr: Lumnitzera racemosa; Ra: Rhizophora apiculata; Rm: Rhizophora
mucronata; Xg: Xylocarpus granatum; Xm: Xylocarpus moluccensis. ST: Stable natural stands (1-15); RH: Rehabilitated
stands(16-23); RG: Regenerated stands(24). Single asterisk(*): minimum value; Double asterisk (**): maximum value
(minimum and maximum values with asterisks are provided for each mangrove stand type).

Of the 524 trees identified at the study site, 293 (56 %) were Rhizophoraceae (Rhizophora
apiculata and Rhizophora mucronata), making it the dominant family. Rhizophora apiculata
was the most frequent species; as it accounted for 209 trees, representing 40 % of the trees
in the study area. This species was dominant in both the natural and rehabilitated stands,
in terms of basal area and tree density, which were 0.66 m? per 0.1 ha and 87 stems per
0.1 ha, respectively. As a result, Rhizophora apiculata had the highest IV (92.90) among all
of the observed species, followed by Xylocarpus granatum (43.50), Excoecaria agallocha
(43.40), Rhizophora mucronata (33.50), Bruguiera gymnorrhiza (28.10), and Ceriops tagal
(18.40) (Table 4.2).

Table 4. 2 Species composition of the mangrove community along the transect line

. . Relative Relative Relative
. Density (stems Dominance (m? Frequency . . Importance
Rank Species Density Dominance Frequency
per 0.1 ha) per 0.1 ha) (%) o o o Value (%)
(%) (%) (%)

1 Ra 87.00 0.66 62.50 39.70 29.00 24.20 92.90
2 Xg 18.00 0.51 33.33 8.20 22.40 12.90 43.50
3 Ea 23.00 0.38 41.67 10.50 16.80 16.10 43.40
4 Rm 35.00 0.18 25.00 16.00 7.80 9.70 33.50
5 Bg 18.00 0.20 29.17 8.20 8.60 11.30 28.10
6 Ct 17.00 0.09 16.67 7.80 4.10 6.50 18.40
7 Bc 8.00 0.11 12.50 3.70 4.70 4.80 13.20
8 Ll 7.00 0.08 12.50 3.20 3.60 4.80 11.60
9 Xm 1.00 0.03 8.33 0.50 1.20 3.20 4.90
10 Bs 3.00 0.03 4.17 1.40 1.10 1.60 4.10
11 Ib 2.00 0.02 417 0.90 0.70 1.60 3.20
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12 Aa 0.00 0.00 4.17 0.00 0.00 1.60 1.60
13 Lr 0.00 0.00 4.17 0.00 0.00 1.60 1.60

Note: Aa: Avicennia alba; Be: Bruguiera cylindrica; Bg: Bruguiera gymnorrhiza; Bs: Bruguiera sexangula; Ct: Ceriops tagal; Ea: Excoecaria agallocha; 1b: Intsia bijuga; LI:
Lumnitzera littorea; Lr: Lumnitzera racemosa; Ra: Rhizophora apiculata; Rm: Rhizophora mucronata; Xg: Xylocarpus granatum; Xm: Xylocarpus moluccensis

The biodiversity varied noticeably between the different stands (Table 4.3). Comparisons
of the diversity between the different zones with the Simpson's and Shannon's diversity
indices, showed that the diversity index was higher in adjacent natural stands (plots 1-
15), which had D, 1/D, and H’ values of 0.14 - 0.71, 1.17 -3.46, and 0.27 -1.39, respectively.
The rehabilitated stands in plots 16 -23 had very low biodiversity indices, as the D, 1/D,
and H’ values ranged from 0 - 0.30, 1 — 1.44, and 0 — 0.48, respectively. Species diversity
is directly related to the number of species present in a given plot, and as such, the D,
1/D, and H’ values of 0, 1, and 0, indicate monocultures. In comparison, the naturally
regenerated mangrove (plot 24) was more diverse, as D, 1/D, and H” were 0.73, 3.70, and
1.42, respectively. The ecotone between the rehabilitated mangroves and their adjacent
natural stands shows low biodiversity indices as D, 1/D, and H" were 0.14, 1.17, and 0.27,
respectively.

Table 4. 3 Forest structure indices of mangroves assessed in Trat, Thailand

Simpson’s Shannon Complexity Mean Stand
Index Index Index Diameter
Basal Area
Plot No (m?2 per 0.1 ha) 1-D 1/D H' CI MSD
Natural Mangroves
1 3:97 0.71 3.46 1.39 3491 2143
2 417 0.54 217 0.90 19.17 23.03
3 3.06 0.49 1.97 0.84 41.3 114
4 346 0.66 2.94 1.22 24.89 20.98
5 4.06 0.47 1.90 0.67 24.58 19.92
6 472 0.53 211 0.88 52.50 16.91
7 360 0.54 2.16 0.85 32.38 15.95
8 647 0.60 2.52 1.01 70.63 25.17
9 1.56 0.56 2.28 0.90 6.10 11.89
10 079 0.62 2.65 1.14 346 8.17
11 153 0.66 2.92 1.09 23.40 8.06
12 265 042 1.72 0.69 41.51 10.26
13 119 0.26 1.35 043 5.76 10.78
14 269 0.49 1.97 0.69 15.75 14.62
15 092 0.14 1.17 0.27 5.12 6.72

Rehabilitated Mangroves
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1.36

16 0.00 1.00 0.00 4.34 6.57
17 120 0.17 1.20 0.36 15.38 6.79
18 119 0.08 1.09 0.17 6.87 7.95
19 118 0.30 1.44 0.48 5.30 9.71
20 146 0.00 1.00 0.00 6.18 8.30
21 089 0.00 1.00 0.00 241 7.95
22 144 0.00 1.00 0.00 7.10 7.44
23 1.30 0.00 1.00 0.00 6.23 7.19
Naturally Regenerated Mangroves
24 211 0.73 3.70 1.42 34.69 9.63

4.12.2 Structural compositions of the species

The species and structural compositions of the transect line plots are presented in Tables
1 and 2. The total tree density and basal area in the transect were 219 stems per 0.1 ha and
2.28 m? per 0.1 ha, respectively. Mangrove forest structures are an important indicator of
the degree of success of rehabilitation efforts. Table 1 presents a summary of the natural
(1 - 15), rehabilitated (16 - 23), and naturally regenerated (24) mangrove plots. Different
compositions of the mangrove species resulted in notably different basal areas. For
instance, natural Rhizophora apiculata, Xylocarpus granatum, and Excoecaria agallocha had
the greatest basal areas compared with Ceriops tagal, Bruguiera gymmnorrhiza and
rehabilitated Rhizophora apiculata (Table 4.2 and 4.3 and Figure 4.4). Across the transect
line, there was a noticeable difference in the species in terms of DBH, basal area, and
density values, based on the type of the forest found in each plot.

The results obtained using the Shapiro-Wilk normality test suggested that the values of
the DBH and basal areas were significantly smaller for the rehabilitated mangroves
(25-28 years) than for the natural stands (Mann-Whitney U test: W = 126, and 119; p-
value = 0.002, and 0.006, respectively). The DBH values of the adjacent natural and
rehabilitated mangrove forests were 1.27 - 58.25 and 2.55 -13.69 cm, respectively (Table
1), and their basal areas ranged from 0.79 — 6.47 and 0.89 —1.46 m? per 0.1 ha. The observed
tree densities ranged from 10 — 32 and 16 — 40 per plot. The number of trees per plot
tended to be lower in the natural stands, with 10-13 trees per plot, compared to the
rehabilitated stands, with 16 - 40 trees per plot. The naturally regenerated plot (plot 24)
had a DBH range of 4.47 - 15.60 cm, with a basal area of 2.11 m? per 0.1 ha, and a tree
density of 29.
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Over the 28 years, for which the rehabilitated mangroves were monitored, their heights
did not change significantly compared with heights of the natural stands (Mann-Whitney
U test: W = 98; p-value = 0.1). The mean heights of the natural and rehabilitated stands
along the transect were 5.47 —22.23 m and 6.83 -12.31 m, respectively. In comparison, the
naturally regenerated plot (plot 24) was found to have a mean height of 9.97 m. Therefore,
the rehabilitated (after 28 years) and regenerated mangroves (> 30 years) were able to
reach approximately the same heights as those of the natural stands.

The plots of the natural stands were structurally more complex than those of the
rehabilitated mangroves (Table 4.3). The high CI values of the natural and regenerated
stands could be attributed to their higher species diversities and compositions. The
presence of Rhizophora apiculata, Xylocarpus granatum, and Excoecaria agallocha, which
characteristically have larger DBH and mean stand diameters compared to those of other
local species in the natural and regenerated stands, likely contributed to the high CI
values in these plots. Comparatively, the low CI values in the rehabilitated plots could be
traced back to the low species diversity in these areas, particularly, the presence of the
monocultures of Rhizophora apiculata.
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Figure 4. 4 Species composition and basal area per plot, along the transect line. Aa: Avicennia alba; Bc:
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Bruguiera cylindrica; Bg: Bruguiera gymmnorrhiza; Bs: Bruguiera sexangula; Ct: Ceriops tagal; Ea: Excoecaria
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agallocha; Ib: Intsia bijuga; Ll: Lumnitzera littorea; Lr: Lumnitzera racemosa; Ra: Rhizophora apiculata; Rm:

Rhizophora mucronata; Xg: Xylocarpus granatum; Xm: Xylocarpus moluccensis.

4.12.3 Landsat annual composite NDII time series assessment

Figure 4.5a presents the relative distribution of the changes in the NDII values in pixels
within each plot (P1 - P24) along the transect from 1987 —2019. The graphs were grouped
into three scenarios (stable, rehabilitated, and naturally regenerated mangroves) to
indicate the temporal dynamics of the NDII on the pixels in each plot. All the pixels
within each representative plot were included in our analysis. The NDII annual median
composites clearly showed disparities in the amounts of change among the rehabilitated
and naturally regenerated stands. Figure 4.5b shows the false color composite image of
the rehabilitated mangroves (example plot 19). The figure clearly shows that the
rehabilitated pixels appeared brighter at the beginning and became greener over time.

The differences in the NDII values among the stable natural, rehabilitated, and naturally
regenerated stands were apparent when the recovery metrics of the mangroves were
compared (Figure 4.6). The transect plots of the stable natural mangroves (P1 - P15)
showed relatively stable NDII values (= 0.58) throughout the monitoring period (Figure
4.5). The stable natural stands had similar NDII values of 0.58 - 0.64 throughout the
observation period. The varying recovery tracks shown in the NDII time series indicated
that the recovery process was different for the rehabilitated (P16-P23) and naturally
regenerated mangroves (P24) (Figure 4.5). The NDII values show high variation during
the recovery period, with ranges of 0.034 - 0.73 and 0.27 - 0.57, respectively. After reaching
a stable state (i.e., NDII > NDIlstbee), the NDII values of the rehabilitated mangroves
closely mimicked those of the adjacent natural mangroves (P15-P23) (Figure 4.5). In the
Figure 6, all stable forest pixel had high and stable NDII values (= 0.58), while the NDII
values of the rehabilitated and regenerated forest pixels ranged from 0 - 0.73. This means
that the NDII pixel trajectories showed clear distinctions between the stable and the other
two types of mangrove investigated.
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Figure 4. 5 NDII trajectories of all transect plots. Normalized Difference Infrared Index (NDII) trajectories
of all the transect plots from 1987 —2019. (a) time series of a pixel from each of the transect plots. The dotted
black lines indicate the actual year of rehabilitation (1991). The dotted blue lines indicate the approximate
year in which all the mangroves reached NDIIstable values. The red dotted lines represent the NDIIstable
threshold. The dark violet points represent the original NDII values obtained from each annual composite,
per year. P1-P24 are the labels that indicate transect line plots. (b) False color composite of the annual
median composite showing the historical development of the rehabilitated mangroves (e.g., Plot 19).
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Figure 4. 6 NDII variation for the mangrove stand types. Boxplot of the Normalized Difference Infrared
Index (NDII) trends for the mangrove stand types, the values for all pixels of the stable natural (P1-P15),
rehabilitated (P16-P23), and regenerated (P24) stands are presented. Where ST means stable natural; RH
means rehabilitated; and RG means regenerated stands.

Pixel-based NDII time series were used to assess the rehabilitation year, required stability
period, and stand age of the mangroves in each plot. The pixel-based approach method
was able to reduce the spectral noise and to extract the NDII time series and their
apparent trajectory patterns (G. Chen et al., 2018). The size of the rehabilitated mangroves
has no direct impact on the extraction of the time series of Landsat pixels with 30 m spatial
resolutions, as the area in which the mangroves were rehabilitated was greater than 900
m?. The NDII values of the adjacent natural mangroves were consistent across the time
series (i.e.,, NDII > NDIIswble), which indicated the stability of the natural stands. The
predicted and actual observed years (DMCR, 1991) for the mangrove rehabilitation, for
all forest plots, are presented in Table 4.4. The main challenge associated with NDII is the
identification of the exact starting rehabilitation year. The NDII values in the initial years
of the rehabilitation are likely to be affected by background soil and water (G. Chen et al.,
2018; Kuenzer et al., 2011). The low NDII values make it challenging to accurately identify
the year in which the rehabilitation project began. However, the pixel-based analysis
showed a strong upward trend of the NDII values that began four years after the actual
year of the rehabilitation. As such, the predicted rehabilitation years were estimated by
subtracting four years from the adjusted NDIInin year (i.e., the year in which the pixels
began to show a strong upward trend in the NDII values). In comparison with the actual
rehabilitation year, the NDII-based rehabilitation years ranged from 1989 — 1992, with an
error of + 2 years. Plot 21 showed a relatively higher error in the estimated rehabilitation
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year. A detailed assessment of the time series for this plot revealed that the upward trend
of the NDII values in the plot were delayed by three years. This may be due to the
sensitivity of the low reflectance in the NIR band (Jia et al., 2019) caused by the presence
of a large water body next to the plot (Figure 4.7). The Landsat pixels covered 900 m?, the
sensitivity of the low reflectance of the Landsat in the NIR band may have contributed to
the delayed upward trend of the NDII values. The results of the naturally regenerated
plot showed that the regeneration process started before 1987. However, the time series
showed a consistent increase in NDII values during 1987 —2019.

(a) (b)

Figure 4. 7 Effect of water body on NDII trend. Field survey photo (a and b) of plot 21, showing the presence
of a large water body near an established plot. The blue line is the border of the plot, and the red circle
indicates the available water body.

The period required to reach a stable NDII value (Table 4.4: Required stability period in
years), like those of the adjacent natural mangroves (i.e., NDII > NDIIstble), was calculated
as the difference between the stability year and the predicated rehabilitation year. The
required stability periods for the rehabilitated and regenerated mangroves ranged from
7 to 13 years. The stand age for each plot was determined by subtracting the rehabilitation
year predicted based on the NDII from the last year of the time series (i.e., 2019). Most of
bias was within a range of + 2 years and was likely to be caused during the estimation of
the starting year, when the NDII value showed an upward trend. The spectral reflectance
values of the young mangrove trees were especially susceptible to backgrounds of the
wet soil and water, as young mangroves lack canopies that conceal the forest floor from
an aerial view. The variation in the NDII values was explained by the low photosynthetic
activities and abundance of the water and soil backgrounds within the 30 x 30 m Landsat
pixels.
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Table 4. 4 ARMA results for mangroves in each plot of the transect line in Trat, Thailand, from 1987-2019

Required
Actual NDIImin Predicted
Plot No. o Stability o Stability Age =
NDIIstable  rehabilitation Year rehabilitation Validity  Status
Year period (Years)
year (adjusted) Year
(Years)
1 0.65 - 1987 - - - - 0 ST
2 0.62 - 1987 - - - - 0 ST
3 0.63 - 1987 - - - - 0 ST
4 0.65 - 1987 - - - - 0 ST
5 0.65 - 1987 - - - - 0 ST
6 0.64 - 1987 - - - - 0 ST
7 0.64 - 1987 - - - - 0 ST
8 0.66 - 1987 - - - - 0 ST
9 0.57 - 1987 - - - - 0 ST
10 0.53 - 1987 - - - - 0 ST
11 0.57 - 1987 - - - - 0 ST
12 0.52 - 1987 - - - - 0 ST
13 0.49 - 1987 - - - - 0 ST
14 0.55 - 1987 - - - - 0 ST
15 0.50 - 1987 - - - - 0 ST
16 0.65 1991 1995 2001 1991 10 28 1 RH
17 0.61 1991 1995 1999 1991 8 28 1 RH
18 0.64 1991 1995 2000 1991 9 28 1 RH
19 0.69 1991 1998 2002 1994 8 25 1 RH
20 0.70 1991 1996 2002 1992 10 27 1 RH
21 0.70 1991 1993 2002 1989 13 30 1 RH
22 0.65 1991 1996 2000 1992 8 27 1 RH
23 0.58 1991 1995 1998 1991 7 28 1 RH
24 0.49 - 1990 1999 1986 13 33 1 RG

Note: Abbreviations ST, RH, and RG stand for stable, rehabilitated, and regenerated mangroves, respectively.
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4. 13 Discussion

This study presented the unique opportunity to assess the historical developments and
status (biodiversity and structure) of adjacent natural and rehabilitated mangroves in the
Trat province of Thailand. It was found that after 28 years: 1) the rehabilitated mangroves
were monocultures of Rhizophoraceae, while the adjacent natural mangroves had higher
species diversity; and 2) the rehabilitated mangroves were the same height as the adjacent
natural stands. The rehabilitated mangroves required 7 to 13 years to achieve stable NDII
values, like those of the adjacent natural stands.

4.13.1 Long-term stability of the rehabilitated and natural mangroves

The diversity and complexity indices had higher values in the adjacent natural and
regenerated mangroves than in mangroves that were rehabilitated. These results support
the findings of Asaeda et al. (2016) and Barnuevo et al. (2017), who reported that over
long periods, the rehabilitated mangroves lacked species diversity. After 28 years of
growth, the rehabilitated mangroves in the Trat province of Thailand failed to reflect the
diversity of the adjacent natural stands. In contrast, the regenerated plot was more
diverse and had a higher CI value. The rehabilitated mangroves had high tree densities
and low basal areas, compared with those of the natural mangrove forests (Sillanpaa et
al.,, 2017; Walters, 2000). The regeneration potential of the rehabilitated mangrove stands
was low at our study site, even though they were adjacent to natural mangrove stands,
which could potentially act as sources for the needed propagules (Bosire et al., 2003). The
seedlings counted in each plot during the field survey indicated that the natural
mangroves had a low rate of recruitment. However, in the rehabilitated mangroves, a
single, young Rhizophora apiculata tree was surrounded by a mixture of Bruguiera
gymnorhiza, Bruguiera cylindrica, Lumnitzera racemosa, and Excoecaria agallocha trees,
despite the dominance of the Rhizophora tree species in the area. However, these seedlings
tailed to establish and could thus not initialize a succession process so far. In comparison,
seedlings grew well in natural mangrove stands. This is in agreement with several studies
reported by Asaeda et al. (2016), supporting the theory that the shading effect of the
mangrove canopies at plantation sites stops direct sunlight from reaching the ground,
which may cause the failure of the seedlings. The rehabilitated forests resulted in
monocultures, which may be due to the intense intra-specific competition that only
allowed for the survival of homogenous tree communities (Asaeda et al., 2016). Salmo et
al. (2013) reported that rehabilitated mangroves tend to follow an asymptotic growth
behavior pattern once they reach 18 years of age. The rehabilitated forests in our study
area were able to reach heights comparable to those of the natural stands within 28 years.
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The tide strongly affected the distribution of the propagules, regardless of the location of
the mother trees. Sillanpda et al. (2017) showed that the high tides affected the
distribution of the mangroves in West Papua, Indonesia. In our study area, this effect
requires further evaluation, in relation to the environmental settings (hydrological,
geomorphological, and anthropogenic) and various underlying processes (biotic, abiotic,
and human-related) in the region. Additionally, we lack information on the initial
planting densities and hydrological structures of the rehabilitated mangroves. The above-
mentioned information suggests that there may be better management strategies to
promote diversity and structural developments in future rehabilitation projects.

4.13.2 Evalution of the annual composite time series

The use of the Landsat archives for the mapping and monitoring of the mangrove
rehabilitation projects, with respect to the species and structural diversity, remains
limited. Wang et al. (2019) reported two main barriers. First, that it was difficult to acquire
high-quality data as a result of the consistent presence of clouds and cloud shadows in
the mangrove forests. Second, that the operation algorithms required computing facilities
and significant amounts of time. Annual gap-free, and seamless time series that are free
of atmospheric contamination are needed to provide continuous annual objective
information on the changes in the rehabilitated mangrove forests. Several studies have
used Landsat-based approaches to monitor the changes in mangrove forests (Abdul Aziz
et al., 2015; Li et al., 2019; Rakotomavo and Fromard, 2010). However, these studies used
classification or segmentation approaches, which do not provide continuous annual
objective information on the changes and cannot be used to determine the dynamics of
the rehabilitated mangroves (Otero et al., 2018). The approach proposed in this study
proved to be more effective at reducing the spectral noise caused by various types of
contamination than the classical mapping and monitoring approaches.

The integration of historical information from the Landsat annual composites and current
ecological measurements, can be used to monitor the long-term degree of the success of
rehabilitation projects, and compare and assess the species and structural diversities of
the rehabilitated stands with those of the adjacent natural mangroves. Forest
disturbances such as the effect from tsunamis, lightning strikes, insect damage, and sea
level fluctuations, are valuable indicators of the development of forest structures during
the growth of rehabilitated stands (Hauff et al., 2006; Matasci et al., 2018). The results
obtained during this study are useful for estimating the status of development (change
or no change due to any disturbance), biophysical properties (structure), and successional
stages (diversity) that are reached by developing rehabilitated mangrove stands. Figure
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5 shows the temporal patterns of the stable and rehabilitated mangrove plots. The
adjacent natural mangroves appeared to be stable during the monitoring period.
Conversely, the long-term NDII values indicated that the growth of the rehabilitated
mangrove stands had been consistent over the last 28 years. The findings support the
potential use of Landsat annual composites to monitor rehabilitated mangroves and
indicate the success of rehabilitated mangroves in the Trat province of Thailand. For
instance, Pimple et al. (2018) reported that the mangrove forest made a significant
recovery over time, which was the reflection of an increase in the local community's

awareness of the importance of mangrove conservation in the region.

In this study, plot 24 showed a steady increase in the NDII values before the actual year
of rehabilitation. This indicates that this plot (barren or without rehabilitated stands) may
have been colonized naturally. This phenomenon supports a study that reported the
natural recolonization of mangroves in abandoned saltworks of the Cear’a Estuary in
northwestern Brazil (Reis-Neto et al., 2019). This study documented that a long period (>
10 years) might be required for mangroves to regrow on barren land. However, this
observation was made on a single plot during the study period; more field plots are
required to confirm the pattern of natural regeneration in different areas.

The Landsat spectral values vary depending on the tidal levels at the time of satellite
acquisition. The pixel-based approach used was found to be more effective at reducing
spectral noise and extracting the NDII time series, with more apparent trajectory patterns
(G. Chen et al., 2018). In this study, we utilized the annual median pixel composite
approach, in which the median value of each pixel in a given year accounts for the data
gaps and noise across the time series. This, minimizes the effects of the unavoidable
inaccuracies in pixel quality and masking processes, as well as the variations in the data
coverage and quality (Sagar et al., 2017). A few previous studies have used multi-
resolution tidal modeling frameworks to obtain Landsat acquisitions (Sagar et al., 2018,
2017). This approach used five years of Landsat imagery to identify the acquisitions
during lowest observed tides, but this is not a very practical approach for monitoring
rehabilitated mangroves. This study showed that the mangroves could achieve NDII
stability 7-13 years after rehabilitation. The study area, however, did have two major
limitations: 1) the tidal records were insufficient to identify the low tide acquisitions; and
2) the low tide acquisition was only possible during May-September; however, this was
also the rainy season, during which there are consistently higher cloud densities. These
conditions make it difficult to find cloud-free Landsat pixels for creating annual
composite images. Future work will focus on the applications of UAV (Wang et al., 2019)
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Sentinel-1 and -2, and inundation modeling frameworks to quantitatively address the
effects of tidal height on the spectral reflectance of optical imagery.

The results of the NDII time series analysis confirmed that the Landsat annual median
composites could be used to provide extensive information on how the mangroves
changed (Lymburner et al., 2020). This information allowed us to generate a detailed
description of the different aspects of the rehabilitation projects, including the starting
year of the rehabilitation project, required period to stabilize rehabilitated mangroves,
and the current age of the rehabilitated stands. NDII is a good indicator of recovery when
monitoring the rehabilitated mangroves using the long-term Landsat archives.
Ultimately, our results provided a precise historical assessment of each location assessed
in the ecological survey, allowing us to evaluate the status of the existing rehabilitation
project and provided comparative information on the biophysical parameters of
mangroves after 28 years of rehabilitation. However, several studies were unable to
detect a single suitable diversity index, indicating that more than one index should be
used. We recommend using multiple diversity and structural indices to properly assess
the diversity and structural developments of the rehabilitation projects. The proposed
approach identified the continuous development of the rehabilitated mangroves in the
Trat Province. Our field data confirmed that planted mangroves could reach the height
of the adjacent natural stands, within a period of 28 years.

The ARMA was developed to monitor the mangrove rehabilitation projects in this study.
Stable annual Landsat composites allowed for a more holistic assessment of the forest
change dynamics (White et al., 2018). This method can even be used to monitor the
rehabilitation of the mangroves that occurred in temporal periods, before the high-
resolution data were available (i.e., before 1999). The proposed method has been
developed on the Google Earth Engine (GEE) cloud computing platform, which is freely
available for public use. The GEE provides fast filtering and sorting capabilities, which
allow users to consider millions of individual images and pixels when selecting data to
meet specific spatial, temporal, spectral, and other criteria necessary to monitor
mangroves (Diniz et al., 2019). The proposed method could be used for accuracy
assessments of global or regional mangrove biomass and associated carbon studies
(Fatoyinbo et al., 2008; Tang et al., 2018). The ARMA also provides a facility that can be
used to understand the historical changes over any planned survey location, prior to the
actual survey. The continuous annual observations in each plot provide an effective way
to evaluate the history and underlying causes of the changes in the mangrove forests. In
addition, these data could be used to validate the landscape and individual-based models
for the restoration of the mangrove ecosystems (Berger et al., 2008; Sillanpaa et al., 2017).
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Furthermore, this method could be extended to high-resolution time series (e.g., Sentinel
MSI-2) to monitor mangrove rehabilitation projects, as well as projects in other terrestrial
forests, including rubber, eucalyptus, and pine. Our future work will focus on: 1) the
implementation of ARMA for Sentinel MSI- 2 data (10 x 10 m spatial resolution); and 2)
the application of the ARMA and field inventory data in the application of Sentinel MSI
-2 allometric models.

4. 14 Conclusions

Assessing the degree of success or failure of mangrove rehabilitation compared with the
adjacent natural stand requires a systematic and synoptic approach for long-term
monitoring of the forest. We successfully integrated historical information from the
Landsat annual composite and current ecological measurements to monitor the long-
term evolution of rehabilitated projects and compare and assess the status of
development (change or no change), biophysical properties (structure), and successional
stages (diversity) reached by developing rehabilitated mangrove stands with those of
adjacent natural mangroves. The Landsat NDII-based ARMA algorithm developed in
this study is an effective tool for evaluating aspects of the development mangrove forest,
including the starting year of the rehabilitation project, required period to stabilize
rehabilitated mangroves, and age of the rehabilitated stands.

The period required to reach a stable NDII value (like natural stands) after rehabilitation
ranged from 7 to 13 years in the 28-year-old stands, with species biodiversity and
structural parameters differing among the management types and with respect to the
stand age. After 28 years of growth, the rehabilitated mangroves in the study area failed
to reflect the diversity of the adjacent natural stands. The rehabilitated mangrove showed
high tree densities, low DBH, and a low basal area and was monoculture in nature.
However, the rehabilitated stands reached heights comparable to those in the adjacent
natural stands within 28 years. Our findings suggest that even after 28 years, the
rehabilitated mangroves were floristically different and still structurally growing

compared to adjacent natural mangroves.

The approach developed here could be used in rehabilitation projects at large spatial
scales, which could have long-term economic benefits in the monitoring of mangrove
wood plantations. As technological approaches advance, a finer spatial and temporal
resolution of Sentinel satellite series could provide more information on the various
parameters of the rehabilitation projects. Finally, we point to the potential of ARMA to
monitor not only the gain of mangroves but also the loss. The algorithm is thus a suitable
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tool for monitoring mangrove dynamics in general including rehabilitation projects and
disturbances in general.
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CHAPTER 5

Diversity and intertidal zonation in response to natural, regenerated, and

rehabilitated succession

Mangroves during high tide in Trat province of Thailand

This chapter has been produced from: Pimple, U., Leadprathom, K., Simonetti, D., Sitthi, A., Pungkul, S.,
Pravinvongvuthi, T., Dessard, H., Peters, R., Berger, U., Kraiwut, S., Kemachevahul, P., Gond, V. (2021)
Assessing mangrove species diversity, zonation and functional indicators in response to natural,
regenerated, and rehabilitated succession: Submitted for publication
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Abstract:

The United Nations Decade on Ecosystem restoration (2021-2030) lists mangrove
ecosystems as a restoration priority. Interest in their conservation has increased recently
due to their widespread degradation. Anthropogenic stressors and rehabilitation
practices specifically have resulted in a significant decline in their species compositions.
We investigated the knowledge gaps in terms of potential spatial diversity, intertidal
zonation and the historic state of mangrove forest species and tested the role of
environmental factors such as topography, as well as rehabilitation settings on
diversification. Diversity and complexity indices, surface elevation, and species and
structural diversities along three simplified transect lines encompassing a broad
geographical area and under a variety of management practices were analyzed in Trat
province, Thailand. Quantitative statistical zonation analyses within each transect and at
the landscape scale were performed using randomization tests and hierarchical cluster
analysis. A modified “automatic regrowth monitoring algorithm (ARMA)”, based on
Landsat (1987-2020) and Sentinel-2 MSI (2015-2020) annual median composites was also
used. Fifteen species were identified, of which Ceriops tagal was dominant. The statistical
analysis however, failed to identify any significant zonation patterns at transect or
landscape-scales at a given elevation. Rehabilitated and naturally regenerated stands
showed a gradual increase in their Normalized Difference Infrared Index (NDII) trend
with time. After 30 years, the rehabilitated stands made up of Rhizophoraceae
monocultures, were the same height as the adjacent natural stands. Depending on the
location and propagule availability, the diversity and structure of the regenerated stands
showed a high level of variation. Effluent from shrimp farms may have contributed to
the disturbance of the forest stands and changes in farming practices may have allowed
for their recovery. The results provide a valuable diversity baseline for the study site and
secondary succession in rehabilitated and regenerated mangroves. The ARMA algorithm
has also been confirmed as a valuable tool for future investigations of secondary

succession and state mangrove biodiversity.

110



5.1 Introduction

Mangrove forest ecosystems have a diverse array of trees and shrubs that are adapted to
thrive in the intertidal habitats of their tropical and subtropical coasts (Duke, 2017;
Tomlinson, 2016). It is of note that the biodiversity of mangroves in the eastern
hemisphere is almost five times higher than that in the western hemisphere (58 species
compared to 12; Ashton and Macintosh, 2002). The Indo-Malesia region, which is thought
to have the highest biodiversity, was reported by Duke et al. (1998) to have more than
forty-nine species. Ashton and Macintosh (2002), however, noted a higher mangrove
diversity in the Southeast Asian region. The mangroves along the coastline of southeast
Asia have been partially denuded though, due to various anthropogenic stressors
causing a loss of natural species. Several rehabilitation projects are currently being carried
out in this area to address this (Alexandris et al., 2013; Asaeda et al., 2016; Bosire et al.,
2003; McKee and Faulkner, 2000), but these often consist of monoculture Rhizophoraceae
plantations (Asaeda et al., 2016; Barnuevo et al., 2017; Pimple et al., 2020; Ren et al., 2008).
High-zoned areas (landwards or adjacent to natural mangrove stands) are also usually
rehabilitated using Rhizophoraceae monocultures or sometimes exotic species such as
S.apetala (Ren et al., 2008). Species level acclimation can occur at different speeds based
on the hydro period, propagule availability, and dispersal traits (Di Nitto et al., 2014).
This raises questions about whether hydrological modifications for alternative land uses
(e.g. shrimp farming) may homogenize the landscape and thereby reduce the suitability
for a wide range of species that have a different physiological requirments, and reduce
ecological functions in mangrove plantations when compared to natural mixed species
mangrove forests (Macintosh et al., 2002, Lee et al., 2017).

Mangrove tree species diversity and vegetation complexity are widely regarded as
important for the maintenance of genetic richness, ecological function, and ecosystem
resilience (Asaeda et al., 2016; Macintosh et al., 2002). Variations in micro-topography
and tidal inundation drive the intertidal zonation of mangrove forest species and are
considered to be ideal proxies for other environmental factors that contribute to tree
growth, including salinity, soil texture, and redox potentials (Hickey and Bruce, 2010;
Leong et al.,, 2018; Ma et al., 2020). Nevertheless, the quantification or verification of
zonation patterns with respect to micro-topography has not yet been widely investigated
(Ellison et al., 2000). The conversion of mangrove forests into shrimp farms, agricultural
areas, and for other land uses alters the surface elevation gradients, which consequently
affects the key biophysical variables responsible for the natural species zonation
processes (Elwin et al., 2019; Hickey and Bruce, 2010). Among the other anthropogenic
stressors, the effluent and waste discharge from shrimp farms strongly affects ecological
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functions, long-term ecosystem stability, and negatively impacts on tree biodiversity
(Capdeville et al., 2018; Vaiphasa et al., 2007). Specifically, changes in surface elevation
can result in changes to hyroperiod and soil redox (Rybczyk et al., 1998). Several studies
have reported that stressful growth conditions may be caused by altered hydrological
and geomorphological parameters, and that these could subsequently cause higher
mortalities, shorter plant heights, and branched trees (Barnuevo and Asaeda, 2018;
Proffitt and Devlin, 2005). The analysis of different scenarios for possible changes in
species distributions in natural ecosystems, their regeneration potentials, and the
effectiveness of rehabilitated mangroves in response to future climate change and the
sustainability of biodiversity, is crucial (Jennerjahn et al., 2017). Regardless of global
declines in human-driven mangrove loss (Goldberg et al., 2020), there are very few
remaining natural mangrove habitats that are protected and unaffected by human
interference. To develop better strategies and resilience for rehabilitation and
conservation practices, it is important to understand the sensitivity of mangrove
ecosystems in response to various environmental and anthropogenic conditions (Di Nitto
et al., 2014; Hickey and Bruce, 2010; Leong et al., 2018; Lovelock et al., 2015; Ma et al,,
2020). However, detailed systematic intertidal field observations, quantitative data
describing the distribution of species (Ma et al., 2020), and knowledge of the long-term
change dynamics in native forests caused by biotic, abiotic, and anthropogenic processes
is currently limited and requires further investigation.

Site-based transect sampling, such as fixed area sampling and point-centered quarters,
are the most common methods used to assess the compositional, structural, and
tunctional attributes of species diversity (Ma et al., 2020; Nfotabong-Atheull et al., 2013;
Rani et al., 2018). However, the information obtained from site-based biodiversity
surveys is often limited to single occurrences and lacks information on the temporal
dynamics. Several natural and anthropogenic stressors can alter the assemblage of
mangrove communities. The knowledge of gradual or abrupt temporal changes is crucial
for baseline studies of biodiversity monitoring. Understanding the spatial-scale
interrelation between local environmental settings (e.g. tidal inundation and surface
elevation) and mangrove species distribution is important to assess the changes in species
distribution and sensitivity to sea-level rise (Di Nitto et al., 2014; Leong et al., 2018;
Lovelock et al., 2015). The careful consideration of influencing factors, environmental
settings with modified landscapes and practiced rehabilitation efforts is also essential.

Satellite-based time-series could help to access and quantify functional indicators as well
as their increasing or decreasing trends over time (Lawley et al., 2016; Pimple et al., 2020).
There are three decades of free satellite imagery available from sources such as Landsat,
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and when combined with future monitoring missions (Landsat-9 and Sentinel-2), they
provide a unique opportunity to study functional indicators (Graf et al., 2019; Pasquarella
etal., 2016). Recent studies have shown the potential of the Landsat time-series to monitor
the stability, recovery, and disturbance of mangrove forests (Abdul Aziz et al., 2015;
Cardenas et al., 2017; Jia et al., 2018; Otero et al., 2019; Pimple et al., 2020, 2018). The newly
launched, and freely available Sentinel-2 multi-spectral instrument (MSI) could have
monitoring value for various functional indicators of mangrove forests (Manna and
Raychaudhuri, 2020). However, the inclusion of temporal dynamics in mangrove species
diversity monitoring studies has rarely been attempted. Functional indicators include
the ecological processes and vegetation histories, such as disturbances or forest health,
and could provide vital information on the natural (Lawley et al., 2016) or anthropogenic
processes that occur within ecosystems. The inclusion of functional indicators when
assessing the historic state of mangrove forests could provide a complete picture of the
viability, resilience, or the trajectories of secondary successions (Gibbons and
Freudenburger, 2006; Lawley et al., 2016).

In this paper, we present an innovative approach to improve the understanding of the
sensitivity of environmental setting (topography), conservation intervention
(rehabilitation) and vegetation histories for mangrove forest species biodiversity. To the
best of our knowledge, this is the first study to quantitatively examine the influence of
surface elevation on intertidal zones and spatio-temporal species distribution and
dynamics at a landscape scale. We have used surface elevation and fixed area quadrants
along intertidal zone transect plots to quantify the intertidal zonation of mangrove forest
communities. The current species diversity status in the Trat province of Thailand was
also explained using thirty-four years of Landsat satellite imagery. The framework was
used to determine if the mangrove dominant species zone at a particular location could
be defined by abiotic factors such as geomorphological (micro-topography) and
anthropogenic factors. Overall, this study: (1) investigates the zonation patterns along
transects perpendicular to the shoreline; (2) relates the mangrove species zonation to the
elevation gradient; (3) assesses the historical state of forests and links them to species
diversity; and (4) establishes the historic state of mangrove forest under various
environmental settings and associated processes.
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5.2 Study site description and sampling design

The study area for this investigation was Trat province, Thailand, which is located along
the eastern coast of the Gulf of Thailand and borders Cambodia (Fig.5.1; Pimple et al.,
2020). The mangrove forests in this province cover approximately 106 km?, it is located at
longitude 102.61° and latitude 12.21°, and has a tropical climate, with seasonal monsoons
(Chalermchatwilai et al., 2011; Pimple et al., 2020, 2018). The study site was selected for
the following reasons: (1) it had large rehabilitated mangroves adjacent to natural diverse
stands; (2) most natural species found in Thailand could be identified in the area (Pimple,
2020); and (3) it contained a large area of landward forest that had been destroyed for
shrimp farming and agricultural activities, but had subsequently been naturally
regenerated. Consecutive field surveys were conducted from March 2015 to September
2020, to determine the spatial distribution of the species, as well as the location, extent,
structural parameters, and surface elevation of the mangroves. At the study site, most of
the mangroves were rehabilitated without adequate site assessment and non-pioneer
species (e.g. Rhizophora spp.), resulting in most of the rehabilitated zones having
monocultures of Rhizophoraceae. Furthermore, natural regeneration was found in the
abundant landward area. Recent studies suggest that the rehabilitated mangroves were
able to achieve heights similar to those of the natural mangroves over a 28 year of period
(Pimple, 2020; Pimple et al., 2020). However, the relationship of the mangroves species
zonation in relation to the surface elevation or tidal regime and edaphic parameters, has
not yet been investigated.

A systematic sampling design (fixed-area sampling) across the mangrove forest
landscape was used, and was crucial for the identification of the major mangrove species
and changes in the mangrove structural features (Pimple, 2020; Pimple et al., 2020). A
primary forest change map was obtained from (Pimple et al., 2018). The spectral and
structural signatures (Sentinel-1 SAR and -2 MSI) were carefully checked to ensure the
heterogeneity among the mangrove species and their associations. In addition to the
Landsat time-series (see section 5.10), the rehabilitation and regenerated forest records
were obtained from the Office of Mangrove Conservation, Department of Marine and
Coastal Resources, Trat, Thailand and local communities. The field survey data from
March 2015, October 2016, and December 2017 was used to verify the different forest
stands. Three transect lines were systematically established perpendicular to the
coastline, covering species distributions over a broad geographic area and along the
intertidal zones (Fig. 1). The transect lines were located from 239249 m E and 1350069 m
N to 240518 m E and 1352337 m N; 227717 m E and 1342309 m N to 228518 m E and
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1343837m N; and 243470 m E and 1347340 m N to 244753 m E and 1348091 m N (UTM
Zone 48 datum), and were 1.73, 2.67, and 1.51 km in length, from the shoreline to their
end in the forest (landward side), respectively. In total, 59 plots (10 x 10 m), were
established with 100 m distances between them, to determine the species composition
and diversity in each stand, as well as the distributions among the intertidal zones. The
10 x 10 m plot size was chosen because it was manageable to survey when considering
the large spatial scale of the area and the required sample sizes. Furthermore, several
previous studies that focused on diversity and structural parameters also used similar
plot sizes (Araujo and Shideler, 2019; Asaeda et al., 2016; Barnuevo et al., 2017; Macintosh
et al., 2002; Pimple, 2020; Pimple et al., 2020; Ren et al., 2008). Of these plots, 45 were in
the natural zone considered to have stable or undisturbed forests, 8 were in rehabilitated
areas, 3 in naturally regenerated areas, and 3 in partially disturbed plots. In each plot,
species names, diameter at breast height (1.3 m), tree height and surface elevation were
all measured. The crown cover and number of seedlings within each plot was also
recorded. The diameter at breast height (DBH) and tree height were measured with a tape
measure and clinometer, respectively. The field inventory data were collected in
December 2018, January—July 2020, and February 2021. Dead trees were excluded from
the height measurements, and in each of these cases, the next living tree was measured
instead (Pimple, 2020; Pimple et al., 2020). Furthermore, extensive ground control points

were collected to ensure the distribution of the species around the transect lines.
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Figure 5.1 Mangrove and sample plot locations used in this investigation. (a) Location of the mangroves in

Trat province, eastern Thailand. Transect lines 1, 2, and 3 indicate the locations for the sample plot
placements for the mangrove observations. The red, yellow and cyan dot indicates the locations of the 10 x
10 m plots along the intertidal zone. (b) Overview of transect plot establishment and sampling design.
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5.3 General description of the methodology

Detailed surveys of the study sites were first conducted in March 2015, October 2016 and
December 2017 to identify the spatial extent of the natural, rehabilitated and regenerated
mangroves (Pimple et al., 2018). These transect lines provided the benchmark for the
zonation of mangroves, as precise locations, types, and variations were recorded. Surface
elevations along the mangrove transect lines were also determined using the RTK GPS
surveying. A detailed analysis of the annual changes over the last 34 years was then
conducted using a time series of the Landsat and Sentinel-2 MSI annual composites
(Pimple et al., 2018). Moreover, we analyzed the relationship between elevation, tidal
inundation, and mangrove zonation and related these to the satellite-based functional
indicators. A detailed flow chart of the approach used in this study is presented in Fig.
5.2 The Google Earth Engine (GEE) (https://earthengine.google.com/), R statistical
packages (R Core Team, 2021), and python programming (Python Core Team, 2020)

environment were used to carry out all analysis described in the conceptual framework.

5.4 Forest species composition and structure and diversity indices

The Shapiro-Wilk test was used to check the normality of the structural data (stem height,
basal area, and DBH) among the different transect lines (Su et al., 2016; Yirdaw et al.,
2019). The vegetation data were analyzed using the importance value (IV) (Cintron and
Novelli, 1984; Curtis and McIntosh, 1950). The complexity index (CI) was used to measure
the structural complexity of each plot (Holdridge, 1967). The Simpson’s index of diversity
(1-D) and Simpson’s reciprocal Index (1/D) were used to determine species dominance
using the basal area at breast height (1.3 m) in each 10 x 10 m plot, occupied by each
species. The Shannon or Shannon-Weaver index was used to compare the diversity and
variance of the species distributions between the mangrove forest (Shannon and Weaver,
1963). The formulas for the above parameters are as follows:

IV; = RD; + RBa; + RF; 5.1
RD; = z; X 100 5.2
RBa; = % x 100 53
RF; = Z?iFi x 100 5.4
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where 1Vi is the importance value; RD;, RBai and RFi are the relative density, relative to
the basal area (or dominance), and relative frequency of the mangrove species i; s is the
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number of species; n is number of individuals of a given species i; };;_; n; is the total
number of individuals of all species; Bai is basal area of species i; Y;;_; Ba; is the sum of
the basal area values for all species; Fi is the frequncy of species i; };;_; F; is the sum of the
frequncy values for all species, respectively.

s*d*Ba*h
1000

Cl =

5.5

where, s is the number of species per plot, d is the stand density, Ba is basal area in square
meter, and h the mean height in meter, repectively (Araujo and Shideler, 2019).

s ny (n-1)
D = 24N 5.6

where, ni is the number of trees of the i species, and N is the total number of individuals.
The Simpson’s index of diversity (1-D) and Simpson’s reciprocal Index (1/D) were used
to determine species dominance.

H' = —¥iL;pi X Inp; 5.7

where H' is the Shannon or Shannon-Weaver index diversity index, p is the proportion
of the individuals of species i, in relation to the total number of trees (n) in each plot, and
In is the natural logarithm.This index uses the number of individuals of each species in
each 10 x 10 m plot to determine diversity.

5.5 Species distribution analysis

5.5.1 Transect scale distribution

Mangrove species zones dominated by individual species or association of species may
be noticeable on the open shoreline along the steep micro-topography gradient, however,
they are not easy to discriminate in many mangrove ecosystems (Robertson and Alongi,
1992). According to Ellison et al. (2000) , the mangrove species zoned sequence should
occupy a distinct portion of the intertidal and elevation gradient areas. They also
identified the importance of surface elevations for most of the edaphic parameters
associated with species distributions along the intertidal zones. Furthermore, several
previous studies that focused on mangrove zonation used surface elevation as the most
common variable (Ellison et al., 2000; Hickey and Bruce, 2010; Leong et al., 2018; Ma et
al., 2020; Watson, 1928). A data matrix (n x m) was created with the species (rows) and
surface elevation (columns) of each transect line, where each matrix cell indicates the
available species at a given surface elevation (Ellison et al., 2000; Gotelli et al., 2015). A
zero value indicates the presence of species in the study site but not at the specified
location or niche category. To determine how much the measured niche overlap values
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differed from what would be expected based on a random sampling of the species data
at each transect level, we used randomization tests with the niche overlap model (Gotelli
et al., 2015), on individual transect lines. Community niche overlaps were calculated
using Pianka’s overlap index (Pianka, 1973), which ranges from 0 (no niche overlap) to 1
(complete niche overlap). Randomization algorithm 3 (RA3) was used with 10,000
repetitions to generate a distribution for Pianka’s overlap index against the observed
measure of the niche overlap for comparison (Ellison et al., 2000). The randomization tests
and Pianka’s overlap index were carried out using the R package EcoSimR (Gotelli et al.,
2015) and then compared with the null model. The possible scenarios for mangrove
community zonation include: (1) single species zonation, where the mean pairwise
overlap is significantly low and the variance in overlap of such a community is similar;
(2) grouped multiple species zones, where the mean pairwise overlap is expected to be
high and similar, and the variance was also expected to be high; and (3) no-zonation or
random species distribution, where the mean pairwise overlap, and its variance were not
expected to differ (Ellison et al., 2000).

5.5.2 Landscape scale distribution

Hierarchical agglomerative clustering was applied to recognise species plots that tended
to co-occur in the transect plot samples and group together with similar taxonomic
compositions. For multivariate analysis, Danise et al. (2013) suggest that species that
occur in only one sample site be removed. However, the removal of rare species can have
a similar or greater influence in multivariate analysis (Cao and Thorne, 2001; Poos and
Jackson, 2012). In this study, Bruguiera gymnorrhiza and Sonneratia alba (plots: T2P19
and T3P1) were single monoculture plots that appeared only once in the transect data.
We included all plots in the analysis, including sites with no shared species. Data were
square-root transformed to further equalize the contributions of the rare and unshared
species. The non-parametric cophenetic correlation coefficient (Spearman’s r) was
computed for different clustering methods and used as a measure of clustering efficiency
(Ruokolainen and Blanchet, 2014). The higher the absolute value of the cophenetic
correlation, the better the correspondence between the metrics that were compared
(Legendre and Legendre, 2012). Based on the cophenetic correlation coefficient, we used
a hierarchical average-linkage clustering algorithm. The optimal number of clusters
represented the various groups obtained using the Mantel statistical test (Borcard et al.,
2011). To detect the groups with site conditions that were almost homogenous inside each
cluster, we evaluated the final number of groups using a Silhouette analysis. The
Silhouette width ranges from -1 to +1 and the greater this value, the more likely the group
is a cluster (Ruokolainen and Blanchet, 2014). Negative values indicate that the samples
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might have been assigned to the wrong cluster. If the average Silhouette width was less
than or equal to 0.25, this indicates that no substantial structure was found (Kaufman, L.
and Rousseeuw, 2009).

The agreement between the Bray—Curtis similarity matrix for species abundance and the
Euclidean distance similarity matrices of environmental variables were linked to species
assemblages using the Mantel statistical test (Clarke et al., 2008). The Mantel statistical
test determines the correlation between two matrices (distance and dissimilarity) and
determines whether the species compositions between the samples are correlated with
the differences in surface elevation between the samples. In other words, abiotic factors
such as elevation select mangrove species communities, which indicates environmetal
gradients control the distribution of mangrove species through ecophysiological factors
(Robertson and Alongi, 1992).

5.6 Landsat annual composites (1987-2020)

In this study, for the time-series data, we obtained a Tier 1 top-of-the atmosphere (TOA)
collection from the GEE for Landsat TM-5 (1987-2001 and 2003-2011), ETM+ (2002 and
2013), and OLI-8 (2013-2020). All images were acquired between January 1, 1987 and
January 01 2021. The Tier 1 Landsat collection is considered to be suitable for time series
analysis, as it includes Level-1 Precision Terrain (L1TP) processed data with inter-
calibrations across the different Landsat sensors. Only red, green, blue, NIR, SWIR-1, and
SWIR-2 bands were processed in the Universal Transverse Mercator (UTM) zone 48 N
projection. The entire collection was cleaned of clouds, cloud shadows, and pixels with
no-data, according to previously described algorithms (Pimple et al.,, 2020, 2018§;
Simonetti et al., 2015).

Every Landsat image was normalized using a dark object subtraction method (Bruce and
Hilbert, 2004), as described in Eq. (6). This approach used the median values of the
mangrove forest pixels to apply a linear correction to each spectral band (Bodart et al.,
2011; Pimple et al., 2020, 2018).

(Padjusted(/\) - (poriginal(/\)_ (Xmangrove(A)+Xref(A)) 58

where, @, iystea@ 18 the normalized median for band A, X . is the median value

mangrov
of the dense mangrove forestry of the sample site for band A, and X, s is the reference
dense mangrove forest value for band A. The per band extracted median reference values
were 0.10238 (blue), 0.08208 (green), 0.05340 (red), 0.28267 (NIR), 0.06959 (SWIR-1), and

0.02379 (SWIR-2), respectively, in a TOA reflectance of 0-1, and six processed bands.
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5.7 Sentinel-2 multi-spectral instrument (MSI) annual composites (2015-2020)

The Sentinel-2 MSI images contained 13 UNIT 16 spectral bands, representing the TOA
reflectance, and were obtained from the GEE image collection. To ensure meaningful
comparisons between the sensors, the red, green, blue NIR, SWIR-1, and SWIR-2 bands
were selected. The annual composites for the period 2016-2020 were created using the
median reflectance values of the collection, after being cleaned of clouds, cloud shadows,
and pixels with no data (Simonetti et al., 2021). Sentinel-2 SWIR-1 and SWIR-2 bands,
were originally acquired at 20 m spatial resolutions and later resampled at 10 m
resolutions, using the nearest-neighbor interpolation method. The Sentinel-2 MSI time
series (2015-2020) was used to cross verify the recovery dynamics of the plots T3P5-T3P7
(T:transect number and P:plot number) as observed from the Landsat annual composites.
Manual checks were performed to assess the available reflectance values over the plots
T3P5-T3P7.

5.8 Normalized Difference Infrared Index (NDII)

In this study we used the NDII based on the Landsat and sentinel-2 MSI NIR and SWIR-
1 bands, and it was calculated as follows:

NDI[ = NRSWIR)

(NIR+SWIR) 59

where NIR is the reflectance in the near-infrared wavelength channel (0.70-0.90 pm), and
SWIR is the reflectance in the shortwave-infrared wavelength channel (1.55-1.75 um;
Jackson et al., 2004; Ji et al., 2011). The sensitivity of NDII to the forest water content
provided a measure of all water contained in the foliage canopy. Water content is an
important quality for vegetation as higher water contents indicate healthier vegetation
that is likely to grow faster and be more stable over time (Jackson et al., 2004). The NDII
can detect physiological responses to sudden changes or stresses over very small intervals
of time.

5.9 Modified automatic regrowth monitoring algorithm (ARMA)

Continuous Landsat annual observations in each plot provide an effective way in which
to evaluate the history and underlying causes of the changes in forest stands (Pimple et
al., 2020). To understand the temporal dynamics, we have modified ARMA, which was
first introduced by Pimple et al. (2020). Previously, ARMA was used to characterize
annual changes in rehabilitated mangroves. In this study however, we have modified its
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performance using the three transect lines, to include abrupt changes, disturbance-
recovery trajectories, and gradual changes. This has allowed the status of the functional
indicators of the mangrove forests to be defined.

5.10 Functional indicators of diversity status and secondary sucession

According to the spectral variation hypothesis, the spectral variability of multispectral
images or vegetation indices could be used as a proxy to assess forest biodiversity
(Palmer et al., 2002; Torresani et al., 2019). Images with high spectral heterogeneity in
their pixels corresponded to a higher number of available ecological niches where
multiple tree species could be found (Torresani et al., 2019). The spectral variations in the
time-series pixel data were related to the various phenomenon that occurred over time
due to various stressors and processes. Most previous ecological studies of mangrove
species and their relations to the environmental gradients focus on the patterns observed
at a single or specific time point, and do not include a long term understanding of
environmetal seetings, vegetation histories, and anthropogenic processes. Lightning,
insects, diseases, tropical storms, sea level, timber extraction, waste discharge from
aquaculture, and other industries are natural and anthropogenic factors that affect
mangroves at varying spatial and temporal scales (Allen et al.,, 2001; Ellison and
Farnsworth, 1996; Tian et al., 2018; Vaiphasa et al., 2007). The results often show a clear
interaction between ecological processes and spatial patterns, usually as patches of
different species compositions (Dale and Fortine, 2014). In this study, plot T1P24
(T:transect number and P:plot number) was an example of such processes. Initially, this
plot was barren or had not been rehabilitated, but it was later colonized by more diverse
species (Pimple et al., 2020). In ecological studies, the main question that arises is whether
there was an event in the past that might have triggered secondary succession which
subsequently changed the species diversity. The understanding of temporal dynamics of
diversity during the successional processes could provide insights into the current
differences in forest species, structures, and their interactions with various ecological
processes.

In this study, we propose a satellite-based approach that considers the timing and
magnitude of various ecological disturbances along the intertidal gradients while
reporting the zonation patterns. In this case, the changes could be studied through time
to interpret the observed diversity and structural differences. Here we have derived a set
of possible conditions to characterize the temporal dynamics of every single field survey
plot and linked them to the currently observed ecological diversity and structures (Fig
5.3).
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Stable state (ST) h/:____\
haibiaal.al =2 |
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Proxy for structural complexity

Plantation Year

(b):T1P2 (c)TP19 (d)T1P24 (e)T2P18

Figure 5.3 Illustration of expected mangrove forest diversity response types. (a) state and temporal
dynamics, ST: stable or undisturbed state (dark green); RH: rehabilitation (dark blue); RG: regeneration
(light blue); and DT: disturbance with no recovery (purple); the known plantation year is indicated by a
black vertical line; the start of the Normalised Difference Infrared Index (NDII) upward trend after
rehabilitation is indicated by a dashed line; the quasi-stability year for all forest types is indicated by two
sized dash line. In the subset graph for structural complexity and species diversity, the brown colour
indicates no diversity and less structural complexity while the green colour indicates high diversity and
structural complexity (left to right). (b), (c), (d) and (e) are the field photo of ST (T1P2), RH (T1P19), RG
(T1P24), and DT(T2P18), plots showing the example diversity and structure, where T: transect no. and P:
plot no)

The stable state mangroves forest stands were defined as the median values of all points
in the time series of the annual composite, minus one standard deviation (Pimple et al.,
2020):

NDIlgeap1e = NDIpegian — NDIlysp 5.10

where NDIlbe represents stability or no change to the mangrove stand over time,
NDIImedian is the median of all annual median composites of the natural mangroves and
rehabilitated mangroves after the year 2002, and NDIlisp is the standard deviation of all
annual median composites of the natural mangroves (Pimple et al., 2020). Additionally,
we tested the independent median values of the natural, rehabilitated, and regenerated
plots after the year 2002, and compared them with NDIlstbi to ensure the applicability of
the threshold over all mangrove types. The years 2002-2020 were chosen for this as most
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types of mangrove stand during this period (except disturbed stands), showed relatively
stable NDII values. Visual quality control was performed on each plot to test the stability
of the applied thresholds as follows:

Stable state: The undisturbed mangrove forest stands have relatively stable NDII
signatures over many years. In this state, mangroves are expected to be structurally more
complex and diverse.

Rehabilitation: The planted mangroves are usually monoculture stands. The values of
the NDII are expected to increase gradually and return, or come close, to those of the
natural mangroves or their state before the disturbance. This is a good indicator of the
success or failure of mangrove rehabilitation efforts. The rehabilitated mangrove stands
are subjected to less structurally complex monocultures, which are not found in nature.
However, outcomes may vary due to management practices and the duration of the
rehabilitation project.

Regeneration: Disturbed mangroves followed by natural recovery without any
conservation intervention. Unlike the sustained abrupt changes in the recovery phase,
the values of the NDII are expected to increase gradually, return, or come close, to those
of the natural mangroves or their state before the disturbance. This is a good indicator of
forest recovery or secondary succession. The regenerated mangrove stands were
subjected to more structurally complex and diverse conditions. However, outcomes may
vary depending on the availability and dispersal limitations of the propagules at given
sites.

Disturbance and no recovery: The sudden changes to the mangrove forest canopy caused
by abiotic, biotic, and anthropogenic disturbance. This condition often results in an
abrupt or sudden decline of the NDII values with a clear breakpoint between the before
and after conditions. Mangrove stands are subjected to a permanent loss of diversity.

5.11 Statistical analysis

The NDII time series was used to quantify the temporal dynamics observed in the
successional process of each plot. Here we have derived a set of conditions and grouped
them into four mangrove forest categories: stable state (undisturbed), rehabilitated,
regenerated, and partially disturbed and recovered. One-way analysis of variance
(ANOVA) was used to test the differences across forest categories in four measures of
forest species diversity indices (D, 1/D, H’) and complexity index (CI). A Post-hoc (Tukey
Honest Significant Differences) test was used to determine the differences in diversity
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among the forest categories. R statistical packages (version 4.0.2) were used to carry out
statastical analysis (R Core Team, 2021).

5.12 Results

5.12.1 Forest species diversity and composition

In total, 1600 trees were recorded in the 59 plots along the three transect lines, which
represented a combined area of 5900 m2. The tree count ranged from 5-63 per plot (Fig.
5.4), and the following 15 species were recorded: Sonneratia alba (Sa), Avicennia alba (Aa),
Avicennia marina (Am), Bruguiera cylindrical (Bc), Bruguiera gymnorhiza (Bg), Bruguiera
sexangula (Bs), Ceriops tagal (Ct), Excoecaria agallocha (Ea), Intsia bijuga (Ib), Lumnitzera
littorea (L1), Lumnitzera racemose (Lr), Rhizophora apiculata(Ra), Rhizophora mucronata (Rm),
Xylocarpus granatum (Xg), and Xylocarpus moluccensis (Xm) (Pimple et al., 2020). A recent
survey conducted in February 2021 by the authors reports the presence of Sonneratia ovata
Backer (So), however their occurrence is quite rare at this study site. The Rap and Rmp
stand for Rhizophora apiculata plantation and Rhizophora mucronata plantation.
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Figure 5. 4 Mangrove species composition, basal area, and stems per plot along the three transect lines
investigated. A, C, and E indicate the basal stem area (m?2 per 0.1 ha) per plot per transect; B, D, and F
indicate the stem counts per plot, per transect. The x-axis indicates the plots per transect line from seaward
to landwards. Note: Aa: Avicennia alba; Am: Avicennia marina; Bc: Bruguiera cylindrica; Bg: Bruguiera
gymmnorhiza; Bs: Bruguiera sexangula; Ct: Ceriops tagal; Ea: Excoecaria agallocha; 1b: Intsia bijuga; L1: Lumnitzera
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littorea; Lr: Lumnitzera racemosa; Ra: Rhizophora apiculata; Rap: Rhizophora apiculata plantation; Rm: Rhizophora
mucronata; Rmp: Rhizophora mucronata plantation; Sa: Sonneratia alba; Xg: Xylocarpus granatum; and Xm:
Xylocarpus moluccensis.

The detailed species composition parameters and their relative ranks are presented in
Table 5.1 Of the 1600 trees identified at the study site, 677 (41.69%) were Ceriops tagal
making it the dominant species, both in terms of basal area (4.50 m? per 0.1 ha) and tree
density (677 stems per 0.1 ha). As a result, Ceriops tagal had the highest importance value
(IV) (96.22) of all the observed species. Of the combined rehabilitated and natural trees,
431 (26.94%) were Rhizophoraceae (319 Rhizophora apiculata and 112 Rhizophora mucronata),
making it the second most dominant genus with an IV of 68.99. The results also showed
that the Bruguiera plant genus in the family Rhizophoraceae (172 Bruguiera cylindrical, 58
Bruguiera gymnorhiza, and 11 Bruguiera sexangula) had the third highest IV of 49.40,
followed by Xylocarpus (Xylocarpus granatum and Xylocarpus moluccensis; 24.47), Excoecaria
agallocha (23.72), Lumnitzera (Lumnitzera littorea, Lumnitzera racemosa 18.8), Avicennia
(Avicennia alba and Avicennia marina; 11.46), Sonneratia alba (5.01), and Intsia bijuga (1.14).

Table 5. 1 Mangrove community species compositions

Density Dominance Relative Relative Relative
. (stems Frequency . . Importance Value
Rank  Species per 0.1 (m? per 0.1 %) Density Dominance Frequency %)
ha) (%) (%) (%)
ha)
1 Ct 677 4.51 0.58 42.31 31.39 22.52 96.22
2 Ra 174 1.90 0.25 10.88 13.23 9.93 34.04
3 Be 172 1.47 0.31 10.75 10.22 11.92 32.89
4 Ea 86 1.21 0.25 5.38 8.41 9.93 23.72
5 Xg 54 1.40 0.19 3.38 9.72 7.28 20.38
6 Rap 145 0.65 0.10 9.06 4.50 3.97 17.54
7 Bg 58 0.54 0.17 3.63 3.78 6.62 14.02
8 LI 41 0.34 0.17 2.56 2.35 6.62 11.54
9 Rmp 77 0.35 0.05 4.81 242 1.99 9.22
10 Rm 35 0.29 0.10 2.19 2.05 3.97 8.21
11 Am 24 0.47 0.08 1.50 3.25 3.31 8.06
12 Lr 26 0.15 0.12 1.63 1.01 4.64 7.27
13 Sa 10 0.54 0.02 0.63 3.73 0.66 5.02
14 Xm 4 0.17 0.07 0.25 1.21 2.65 411
15 Aa 2 0.28 0.03 0.13 1.95 1.32 3.40
16 Bs 11 0.08 0.05 0.69 0.54 1.99 3.21
17 Ib 4 0.03 0.02 0.25 0.23 0.66 1.14

Note: Aa: Avicennia alba; Am: Avicennia marina; Be: Bruguiera cylindrica; Bg: Bruguiera gymmnorhiza; Bs:
Bruguiera sexangula; Ct: Ceriops tagal; Ea: Excoecaria agallocha; Ib: Intsia bijuga; Ll: Lumnitzera littorea;
Lr: Lumnitzera racemosa; Ra: Rhizophora apiculata; Rap: Rhizophora apiculata plantation; Rm: Rhizophora
mucronata; Rmp: Rhizophora mucronata plantation; Sa: Sonneratia alba; Xg: Xylocarpus granatum; and
Xm: Xylocarpus moluccensis.

127



Mangrove species biodiversity varied noticeably among the different transect lines. The
obtained diversity between the different transect lines with the Simpson’s (1-D and 1/D)
and Shannon’s (H’) indices ranged from 0.00-1.00, 1.00-4.70, and 0.00-1.65, indicating the
presence of a monoculture and diverse species. In transect 1, the diversity index was
higher in adjacent natural and naturally regenerated stands (plots T1P1-T1P15, and TP24,
where T: Transect and P: Plot), which had 1-D, 1/D, and H’ values of 0.14-0.73, 1.17-3.71,
and 0.27-1.41, respectively. The rehabilitated stands in plots T1IP16-T1P23 had very low
biodiversity, as the 1-D, 1/D, and H’" values ranged from 0.00-0.30, 1.00-1.43, and 0.00—
0.13, respectively, indicating a monoculture (Pimple et al., 2020). The rehabilitated stands
were mostly dominated by Rhizophora apiculata (plots T1P20-T1P23) but they also
contained some Rhizophora mucronata (plots T1P16-T1P17, T1P19; Fig.5.4). Transect 2,
plots T2P1-T2P10 and T2P14-T215 appeared to be more diverse compared with plots
T211-T2P13 and T2P16-T219, which had 1-D, 1/D, and H’ values of 0.12-0.77, 1.14-4.38,
and 0.24-1.57 and 0.00-0.06, 1.00-1.07, and 0.00-0.15, respectively. Transect 2 had the
highest number of Ceriops tagal with natural monoculture stands, and Ceriops tagal was
the most dominant. Plot T219 was dominated by the monoculture stands of Bruguiera
gymnorhiza. In transect 3, the fringe zone facing towards the sea was dominated by
pioneering Sonneratia alba (plot T3P1). The diversity index was higher among the plots
T3P2-T3P8 and T3P10-T3P16, which had 1-D, 1/D, and H’ values of 0.12-0.79, 1.13-4.70,
and 0.23-1.65, respectively. Plot T3P9 was a natural monoculture stand of Ceriops tagal.
Table A.1 presents the detailed tabular values of the 1-D, 1/D, and H’ indices for the
individual plots of all transect lines.

5.12.2 Structural compositions

The detailed species and structural compositions of all transect line plots are presented
in Tables 5.1 and 5.2 and Fig.5.4. The total tree density and basal area in the three transects
was 272 steams per 0.1 ha and 2.42 m? per 0.1 ha, respectively. Based on the Shapiro test
of normality the forest structure parameters including height, DBH, and basal area were
significantly different among the transect lines (p < 0.05). The height values of the three
transect lines ranged from 4-24, 5.50-13.75, and 1.90-12.57 m, respectively (Fig. 5.5), DBH
ranged from 4.61-58.23, 5.69-34.68, and 4.29-22.77 cm, respectively, and their basal areas
ranged from 0.02-3.33, 0.05-3.33, and 0.014-5.36 m?per 0.1 ha, respectively (Table 5.2).
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Table 5. 2 Forest structural and diversity indices

Type Plot number Basal 1-D 1/D H’ CI MSD
ST T1P1 1.19 0.71 3.46 1.39 34.91 21.43
ST T1P2 1.25 0.54 217 0.90 19.17 23.03
ST T1P3 0.92 0.49 1.97 0.84 41.30 11.40
ST T1P4 1.04 0.66 2.94 1.22 24.89 20.98
ST T1P5 1.22 0.47 1.90 0.67 24.58 19.92
ST T1P6 142 0.53 211 0.88 52.50 16.91
ST T1P7 1.08 0.54 2.16 0.85 32.38 15.95
ST T1P8 1.94 0.60 2.52 1.01 70.63 25.17
ST T1P9 0.47 0.56 2.28 0.90 6.10 11.89
ST T1P10 0.24 0.62 2.65 1.14 3.46 8.17
ST T1P11 0.46 0.66 2.92 1.09 23.40 8.06
ST T1P12 0.79 0.42 1.72 0.69 41.51 10.26
ST T1P13 0.36 0.26 1.35 0.43 5.76 10.78
ST T1P14 0.81 0.49 1.97 0.69 15.75 14.62
ST T1P15 0.28 0.14 117 0.27 5.12 6.72
RH T1P16 0.41 0.00 1.00 0.00 4.34 6.57
RH T1P17 0.36 0.06 1.06 0.14 10.25 6.79
RH T1P18 0.36 0.00 1.00 0.00 343 7.95
RH T1P19 0.36 0.30 1.44 0.48 5.30 9.71
RH T1P20 0.44 0.00 1.00 0.00 6.18 8.30
RH T1P21 0.27 0.00 1.00 0.00 241 7.95
RH T1P22 0.43 0.00 1.00 0.00 7.10 7.44
RH T1P23 0.39 0.00 1.00 0.00 6.23 7.19
RG T1P24 0.63 0.73 3.70 142 34.69 9.63
ST T2P1 0.82 0.77 4.38 1.58 76.07 9.85
ST T2P2 1.06 0.69 3.20 1.33 40.42 16.75
ST T2P3 0.84 0.54 2.16 0.90 71.31 8.53
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ST T2P4 0.33 0.52 2.07 0.87 12.01 6.87
ST T2P5 0.72 0.50 2.00 0.69 19.00 9.62
ST T2P6 0.82 0.12 1.14 0.24 21.52 10.75
ST T2P7 1.58 0.20 1.25 0.40 97.01 12.20
ST T2P8 1.20 0.29 1.41 0.47 17.16 17.28
ST T2P9 0.94 0.14 1.16 0.26 21.97 12.15
ST T2P10 0.77 0.13 1.15 0.26 19.26 10.83
ST T2P11 1.14 0.07 1.07 0.15 27.66 13.14
ST T2P12 0.57 0.00 1.00 0.00 4.99 9.17
ST T2P13 0.48 0.00 1.00 0.00 4.20 717
ST T2P14 0.96 0.50 1.99 0.69 32.38 10.35
ST T2P15 1.30 0.49 1.95 0.68 42.89 12.06
ST T2P16 0.74 0.00 1.00 0.00 7.85 9.88
ST T2P17 0.85 0.00 1.00 0.00 16.39 7.68
RG T2P18 0.90 0.00 1.00 0.00 5.42 14.59
RG T2P19 0.11 0.00 1.00 0.00 0.19 7.75
ST T3P1 1.61 0.00 1.00 0.00 5.45 26.12
ST T3P2 0.92 0.65 2.86 1.18 60.48 11.07
ST T3P3 1.08 0.79 4.70 1.65 142.02 10.22
ST T3P4 0.44 0.40 1.66 0.67 9.52 7.75
DT T3P5 0.33 0.58 240 0.95 4.90 7.05
DT T3P6 0.03 0.64 2.78 1.05 0.04 5.27
DT T3P7 0.09 0.46 1.85 0.65 0.22 5.35
ST T3P8 0.21 0.24 1.32 0.49 1.85 6.32
ST T3P9 0.76 0.00 1.00 0.00 15.97 8.12
ST T3P10 0.71 0.46 1.86 0.65 21.87 9.15
ST T3P11 0.94 0.28 1.39 0.59 103.03 7.97
ST T3P12 0.33 0.54 217 0.90 3.80 11.76
ST T3P13 0.72 0.52 2.07 0.88 26.71 9.92
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ST T3P14 0.50 0.12 1.13 0.23 10.60 8.12

ST T3P15 0.49 0.42 1.73 0.71 13.83 9.10

ST T3P16 0.70 0.46 1.85 0.79 46.06 8.53

Note: 1-D: Simpson’s index of diversity; 1/D: Simpson’s reciprocal Index; H': Shannon-Weaver index; CI:
Complexity index; MSD: Mean steam diameter; T: Transect; P:Plot

(d) TIP10 (e) T2P3 (f) T3P4 (g) TIP11 (h) T3P17 ) T3P9

Figure 5.5 Boxplot of the height distribution per plot among the three transect lines in Trat province,
Thailand. In subplot, a, b, ¢, the black dots indicate the height of the individual stems in each plot, which
shows the structural diversity within each plot and along the intertidal zones. The median stem height in
each plot is identified by the bold line in the middle of each box. The subplot, d, e, f, g, h, i field photo
showing the structural (height) variation between the dwarf zones, monocultures, and diverse Ceriops
tagel species in Trat Thailand; (d) diverse dwarf species; (e) monoculture of tall species; (f); diverse dwarf
species; (g) diverse tall species; (h) monoculture of tall species; (i) monoculture of tall species. note: The x-
axis indicates the plots per transect line from seaward to landwards, T: transect number; P: plot number.

Most of the natural stand plots were structurally more complex (Table 5.2, Fig. 5.4 and
5.5). The high CI values of the natural stands could be attributed to their higher species
diversity and composition. In comparison, the low CI values in the rehabilitated plots
could be traced back to their low diversity and the presence of the monoculture (Pimple
et al., 2020). The field data also verified the significant differences in height, DBH, and
diversity among the Ceriops tagal (Fig. 5.4 and 5.5). The result showed the presence of
several monocultures and dwarf Ceriops tagal plots (Fig. 5.5). The height values of the

131



three transect lines for available Ceriops tagal ranged from 3.00-16.00, 4.00-13.00, and
1.80-13.00 meters and DBH ranged from 1.27-18.93, 2.23-25.45, and 3.50-14.96 cm,
respectively. In general, the dwarf and tall Ceriops tagal exhibited a higher biodiversity
and number of seedlings in Transects 1 and 3 when compared with the tall monocultures
in Transect-2. However, the monoculture stands were taller and had larger DBH and
basal areas (Table 5.2 and Fig. 5.4).

5.12.3 Mangrove species intertidal and landscape scale distribution

The randomization tests performed within the transect lines indicated that there was no
single species zonation, the mean overlap is significantly larger than expected at random.
The pairwise observed and simulated mean overlaps were not significant (p = 0.50, 0.63,
and 0.60) and the variance was low. The values of the standardized effect sizes indicate
the non-significant tail probabilities. The results indicate that the species occurred in
groups in distinct patches, and that they were not zoned over the elevation gradient. The
randomization test failed to identify any significant patterns of species zonation at the
given elevation gradients.

For landscape scale assessment, hierarchical agglomerative clustering was applied to
recognise species plots that tended to co-occur in the transect plot samples and group
together with similar taxonomic compositions. For linkage based hierarchical clustering,
the average linkage method shows the highest cophenetic correlation coefficient (0.75),
when compared with the single, complete, and ward’s coefficients (0.70, 0.68, and 0.39).
Therefore, the average linkage method was selected for clustering. Based on Mantel
statistics, the hierarchical cluster analysis generated nine assemblage groups. The
hierarchical structure of the clustering and the relative similarities of the mangrove
species assemblages are shown in Fig. 5.6. The global average silhouette width value
obtained from the nine clusters was relatively low (0.46), indicating that the general
affinity among the transect plots was not strong. Only three groups had average
silhouette widths greater than 0.50. As expected, there was a stronger affinity among the
rehabilitated plots. The average silhouette width values for these groups (8 and 9) were
0.80 and 0.96. The single plots with no shared species (T2P19 and T3P1) showed zero
average silhouette width values, indicating that the sample plot could belong to more
than one group.
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Figure 5.6 Dendrogram generated by average linkage hierarchical clustering, representing the groups
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transect number; P: plot number.
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The nine clusters obtained from the hierarchical clustering showed the following
characteristics: Group 1 (T3P1), contained a single plot of Sonneratia alba. This is a
pioneer species that usually prefers high salt conditions, mostly grows on the seaward
side, and these areas inundated daily with tidal water (Goltenboth and Schoppe, 2006).
Normally, Sonneratia alba, Avicennia alba, and Avicennia marina are observed at the
seaward zone. Compared to other locations, the mature stands of this group were
considered a monoculture. Group 2 (T1P13-T1P14 and T3P12-T3P16) contained Bruguiera
cylindrical, Excoecaria agallocha, Rhizophora mucronata, and Ceriops tagal (11.86% of the total
sampled area) and was dominated by Bruguiera cylindrical and Excoecaria agallocha. These
plots were in the mid and landward zone. Group 3 (T2P19), contained a single
monoculture plot of Bruguiera gymnorhiza. This plot was located on the landward side,
unlike most of the others that were found on the seaward side. The landscape of this plot
was modified and disconnected from the natural mangroves. A single mother tree was
observed which is likely to be the source of the propagules. Group 4 (T1P2-T1P3, T1P11,
and T1P24) included 6.78% of the total sample area, and was occupied by Bruguiera
gymmnorhiza, Excoecaria agallocha, and Xylocarpus granatum. The plot T1P24 was present in
a modified landscape and appeared to be more diverse compared to other plots available
in this group. Group 5 (T1P12, T2P2-T2P13, T2P16-T2P18, and T3P6-T3P11) was the
largest cluster in the analysis (37.29% of the total sampled area), was mostly dominated
by Ceriops tagal. Continuous overlapping positions were observed across all species, and
because of this Avicennia alba and Avicennia marina may have clustered in this group.
Group 6 (T1P9-T1P10, T2P1, T2P14-T2P15, and T3P4-T3P5), included 11.86% of the total
sampled area with several mixed species. Group 7 (plots: T1P1, T1P4-T1P8, T1P15, T3P2-
T3P3), the second largest cluster in the analysis (15.25% of the total sampled area),
occupied the seaward zone, and contained Avicennia alba, Bruguiera gymnorhiza, natural
Rhizophoraceae, Xylocarpus granatum, and Excoecaria agallocha. The grouping of T1P15
could be explained by the negative average silhouette width value, which indicates that
the sample might have been assigned to the wrong cluster. Group 8 and 9 (T1P16-T1P23)
were the largest rehabilitated monocultures of Rhizophoraceae (13.56 % of the total
sampled area) and were present in the landward zone. The agreement between the
Euclidean distance similarity matrix of the elevation indicates a statistically significant
positive correlation between the Bray—Curtis similarity matrix for species abundance
(Mantel statistics r =0.38 and p = 0.0001). This implies a limitation to recruitment, that the
plots were more dissimilar in terms of surface elevation, and that they were also
dissimilar in term of mangrove species groups. However, the result failed to identify any
single or group of species in the discrete zones.
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Further, the relationship between the surface elevation and species occurrence was
explored based on the average elevation of each species along three transects (Fig.5.7).
The lower surface elevations were inhabited by Sonmneratia alba, Avicennia alba, Avicennia
marina, and natural Rhizophoraceae. The seaward zone was occupied by Bruguiera
gymnorhiza, Xylocarpus granatum, and Rhizophoraceae. The Bruguiera cylindrica and
Excoecaria agallocha dominated groups were present from the mid to landward elevation
zone. The Ceriops tagal is dominant and overlapped throughout the elevation gradient
and was observed to have the highest surface elevation (>1.1 m). Apart from Sonneratia
alba and natural monocultures of Ceriops tagal, continuous overlapping positions were
observed across all species. The noticeable zones of the rehabilitated Rhizophoraceae were
located in the most landward zone however the observed mean surface elevation of the
plots ranged from 0.5-0.6 m. The topographic variation within this rehabilitated region
is attributed to the historic modifications to the landscape for shrimp farming and
agriculture (Pimple et al., 2018).
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Figure 5. 7 Mangrove species distributions along the average elevation gradients of all three transect lines.
Mean and median elevation values for each species are identified using bold blue dots and black bold lines,
respectively. Note: Aa: Avicennia alba; Am: Avicennia marina; Bc: Bruguiera cylindrica; Bg: Bruguiera
gymnorhiza; Bs: Bruguiera sexangula; Ct: Ceriops tagal;, Ea: Excoecaria agallocha; Ib: Intsia bijuga;, LI
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Rhizophora mucronata; Rmp: Rhizophora mucronata plantation; Xg: Xylocarpus granatum; and Xm: Xylocarpus
moluccensis.
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5.12.4 Mangrove species intertidal and landscape scale distribution

The relative distribution of the temporal dynamics in the NDII pixel values along the
three transects from 1987-2020 are presented in Fig. 5.8 and 5.9. The NDII time-series
clearly showed the disparities of change among the different forest stands. The result
suggests four distinct scenarios as follows: stable undisturbed, rehabilitated, regenerated,
and partially disturbed mangroves. The varying tracks in the NDII time series indicated
that the recovery process was different in the rehabilitated (Pimple et al., 2020), naturally
regenerated, and partially degraded mangroves. The transect plots of the stable
undisturbed natural mangroves showed relatively stable NDII values of 0.45-0.78
throughout the observation period (Fig.8). In plot T3P1, the high NDII values during the
initial years could be connected to high SWIR reflectance and the lower levels of canopy
cover provided by Sonneratia alba and Avicennia alba. This plot was in the shallow part of
the sea and was mostly underwater. The time series pixels for NDII ranging from 0.45 >
and < 0.51 (NDII <NDlIlswbe) were indicators of of scrub mangroves plots and plots
underneath mangrove canopy presence of dense of Acrostichum aureum (the golden
leather fern) in the plots.

The naturally regenerated plots were situated on the landward side which was abandon
and not rehabilitated. The naturally regenerated mangroves showed a gradual increase
in NDII values with time (1987-2020) (Fig 5.9b). The plot adjacent to rehabilitated
mangroves (T1P24) showed relatively lower NDII values and appeared to be more
diverse (Fig. 5.4 and 5.9a). The NDII values of the regenerated plots showed high
variation during the recovery period among the different transects, with ranges from
0.27-0.67. While the plots adjacent to the natural stable mangroves appeared to be
monocultures that were able to maintain higher threshold values than NDIIstbie (NDII >
NDIIswble). After reaching the stable state (NDII > NDIIstwble) the rehabilitated stands could
closely mimic the NDII values of the stable mangroves. The NDII values of the
rehabilitated mangroves ranged from 0-0.76.
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Figure 5.8 Normalized Difference Infrared Index (NDII) trajectories of stable (undisturbed) mangrove
stands from 1987-2020. The red dotted lines indicate the stability thresholds. T: transect number; P: plot

number.

In the third transect line, plots with scrubCeriops tagal and Lumnitzera species showed
abrupt changes over time (T3P5-T3P7) (Fig.9 c). Between 1987-2014, these plots
continued their downward trajectories (NDII < NDILsbie), however, after the year 2015, a
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continuous upward trend was observed. This indicates that these plots had experienced
partial degradation, but that secondary succession processes were likely to have been
initiated. The scrubmangrove plots experienced a relatively faster recovery (3—6 years).
A similar post-disturbance upward trend was also observed with Sentinel-2 MSI annual
composites. Although the Sentinel-2 MSI temporal window used to observe the recovery
was relatively short, it allowed for cross-validation of the upward trend identified with
the Landsat.
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Figure 5.9 Normalized Difference Infrared Index (NDII) trajectories of (a) rehabilitated, (b) regenerated,
and (c) disturbed mangrove stands from 1987-2020. The red dotted lines indicate the stability threshold. T:

transect number; P: plot number.
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A significant association was found between forest categories and species diversity (D,
1/D, and H’) (F = 6.08, 2.88, and 5.02; P = 0.012, 0.04, and 0.03). The complexity index
followed a similar pattern (F = 3.04 and P = 0.03). Higher species diversity was observed
in the natural and partially disturbed forests when compared to the rehabilitated and
regenerated mangroves. Mixed biodiversity patterns (diverse and monoculture) were
observed in the regenerated mangroves, depending on the location of the plots. Overall,
the NDII values of natural, rehabilitated, regenerated and disturbed plots showed high
variation both among the plot and over a time.

5.13 Discussion

This study provided the unique opportunity to establish a baseline for the mangrove
ecosystems in the Trat province of Thailand. It was found that: (1) mangrove ecosystems
did not show any systematic zonation patterns for individuals or groups of species; and
(2) the temporal dynamics observed indicated that there were different successional
processes among the rehabilitated, partially degraded, and naturally regenerated

mangroves.
5.13.1 Intertidal characteristics and distribution of the mangrove ecosystems

Findings indicate that mangrove species apportion niche spaces, but there is limited
evidence of the zonation patterns for any single species at a given elevation gradient.
Interpretation of within transect and landscape-scale clustering indicated that there were
significant overlaps. Five large groups were detected using the spatial dissimilarities in
the taxonomic and composition assemblages. The average silhouette width indicated that
species zonation might not be present in this study site. It is worth noting that the
monoculture stands (no shared or rehabilitated species) could yield low or high average
silhouette widths, which affected the global average. Therefore, careful evaluation is
crucial to identify any unintended influences on the results from the landscape-scale
analysis.

The findings are in agreement with the hypothesis of limited zonation or the random
placement of mangrove communities, that was previously proposed by (Ellison et al.,
2000). Recently, Leong et al. (2018) and Schmiegelow and Gianesella (2014) reported
significant species overlap along the elevation gradient of the Mandai mangroves in
Singapore and the absence of zonation in southern Brazil. However, significant
differences in tree height were observed, particularly between the seaward-mid-
landward zones (Fig. 5.5). The structural differences (Table 5.2) indicated that the
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growing conditions may vary along the elevation gradient, and differences in soil
structure and nutrient availability may have a notable influence (Ewel et al., 2013; Feller
et al., 2010). The regimes for tidal flooding are considered the important determinants of
mangrove species distribution. However, tidal regimes are not likely to be homogenous
over a larger spatial scale, due to the variability and modifications in topography and
canal networks. In such conditions species distribution patterns likely to be determined
by flooding regimes that are experienced at much finer spatial scales (Raulings et al.,
2010). Raulings et al. (2010) reported that the heterogeneity of water regimes at small
spatial scales drives the vegetation patterns. Furthermore, modifications of surface
elevation, artificial canals, and effluent discharges may have contributed to changes in
the hydrodynamics and nutrient availability (Hickey and Bruce, 2010; Vaiphasa et al.,
2007). Interspecific competition and propagule dispersal may also play a more important
role than edaphic variables in controlling the size and abundance of co-occurring species
(Ellison et al., 2000). Nevertheless, in this study site our understanding of the spatial
zones and intertidal distributions of mangrove species at the landscape scale is still
limited in relation to edaphic properties. Further investigations and soil measurements
would help to improve our understanding of the role of edaphic variables in mangrove
biodiversity.

5.13.2 Indicators of ecosystem diversity state and succession

The term “state” has been commonly used to indicate the shift of vegetation or dominant
species (Fu et al., 2017). We used “state” to identify a present status of the mangrove as
characterized by a set of temporal (Beisner et al., 2003) dynamics using the NDII variable
and to provide an algorithm (ARMA) to quantify the changes in the ecosystem. This
study provides empirical evidence of species diversity along the intertidal zone and its
secondary succession. We evaluated Landsat annual composite based temporal
dynamics, and the results obtained in this study will be useful when identifying the
status, biophysical properties, and state of diversity after secondary successions. The
species diversity, complexity, and NDII of the natural undisturbed mangroves had higher
values than the other stands.

The long-term NDII values indicated that the growth of rehabilitated mangrove stands
was consistent over the previous 30 years (Pimple et al., 2020). The obtained biophysical
properties showed that the rehabilitated mangroves appeared to be monocultures
(Rhizophoraceae), had high tree densities, and seedlings of natural species failed to
establish there (Pimple et al., 2020). The rehabilitated mangroves had a thinner canopy
layer than the natural stands. This is because the seedlings were planted with a spacing
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of less than or equal to 1.5 x 1.5 m (Macintosh et al., 2002). Several studies reported similar
behavior in rehabilitated mangroves (Asaeda et al., 2016; Barnuevo et al., 2017; Chen et
al., 2012; Proffitt and Devlin, 2005). However, these stands were able to reach the same
height as those of the natural stands. Furthermore, they did not differ in their available
canopy gaps. The high tree density in the rehabilitated plots reflects aspects of the
rehabilitation practices in the study site (Walters, 2000). First, the high number of stems
and the low basal area could be due to the high planting density and geomorphiclocation.
Second, there was negligible evidence that rehabilitated stands facilitated the growth of
natural mangrove seedlings.

The naturally regenerated plots were located to the landward area that was abandoned.
The NDII trajectories of the naturally regenerated mangroves showed a gradual recovery
over the 34-year period, but species diversity varied based on location. For example: 1)
species were diverse in the areas adjacent to the rehabilitated mangroves; 2) there were
monocultures adjacent to the natural mangrove stands (T2P18); and 3) open patches
detached from the mangrove stands resulted in monocultures that originated from the
available mother tree (T2P19). The first phenomenon supports previous studies that
reported the natural recolonization of diverse species along the edges of rehabilitated
mangroves in Vietnam and Brazil (Reis-Neto, et. al., 2019; Van Loon et al., 2016). This
could be explained by the phenomenon of propagule dispersal limitation. Artificial
drainage canals were observed on the border between the mangrove forest and the
mainland area, and they were connected to natural canals. These canals enabled the
inflow of propagules during high tides and facilitated natural regeneration (Di Nitto et
al., 2014; Triest et al., 2020). Consequently, regeneration could be slow due to restrictions
that limit tidal inundations, dispersal, and the establishment rate of other seawards
species (Mcguinness, 1997; Oh et al., 2017; Robert et al., 2015). The adjacent natural forest
or the presence of parental trees could provide an adequate propagule supply for
dispersal to the nearest colonisable areas (Di Nitto et al., 2014). The plot T2P18 and T2P19
shows a similar growth response. T2P18 is located adjacent to the natural zone of the
Ceriops tagal and resulted in monocultures of the same species. While T2P19 is a modified
landscape that was occupied by a monoculture of Bruguiera gymnorhiza. This behavior
can be attributed to the presence of parent trees, which were most likely to be the source
of the propagules. Smith (1987) reported the best seedling establishment when the adult
conspecific was least abundant on the landward side. Bosire et al. (2003) reported natural
colonization and high-density seedling establishment for other mangrove species due to
the availability of adult trees.
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Our analysis of plots T3P5-T3P7 revealed that the partial disturbance and recovery
affected the scrub Ceriops tagal. Although this disturbance was not reported in previous
literature or the local database, there is sufficient temporal evidence to speculate that the
development of shrimp farming and dredged shrimp farms waste in the mangrove canals
may have contributed to this disturbance. These results support the recent findings of
(Vancutsem et al., 2020), who reported disturbances in similar locations. Recent studies
have reported the short-term and direct effects of shrimp farm waste discharge (excess
sediments) on mangrove growth, mortality, and colonization (Capdeville et al., 2018;
Tian et al., 2018; Vaiphasa et al., 2007). However, very little is known about the long-term
impacts on mangrove ecological functions (Wolanski et al.,, 2000). In this study, the
recovered mangroves were found to have moderate diversity and were structurally less
complex when compared to the natural stands.

5.14 Implications for mangrove conservation management

The temporal effects on mangrove biodiversity have not received the same amount of
research attention as the spatial distribution of biodiversity (Wang and Gamon, 2019).
This is in part because of: (1) the limited mangrove species data available for intertidal
zones; (2) considerations of environmental (Ellison et al., 2020) and anthropogenic
settings; and 3) the limited knowledge available on the temporal changes in biodiversity
due to biotic, abiotic, and anthropogenic stressors (Sarker et al., 2019). The proposed
methodological framework will be beneficial when developing action plans to monitor
the health and diversity of natural as well as restored mangrove ecosystems in the region.
Understanding the long-term effects, underlying processes, and baselines of the
ecosystem is fundamental when trying to improve management practices. Furthermore,
this information could provide a more realistic spatial validation for restoration
modeling. Recent approaches combined hydrodynamic modeling with mangrove
vegetation modelling, such as the MANGA modeling framework, andpredicted
mangrove growth from the ground elevation, flooding regime, and subsurface water
flow such as the MANGA modeling framework (Bathmann et al., 2020; Peters et al.,
2020a). In particular, the reconstruction of the recent history of mangrove stands and the
identification of the causes for their disturbances and developments may help to verify
mechanist modelling approaches and improve our understanding of the drivers behind
forest development. The temporal dynamics may also help ecologists or forest
practitioners to identify the field observations that should be collected, the analytical
approach to be used, and the interpretation of the results of independent of single
observations. Our approach, thus, provides a more robust method to monitor restoration
efforts and the ecosystems in general.
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5.15 Conclusions

Mangrove forest status, such as the intertidal patterns of the species assemblages, long-
term effects underlying the biotic, abiotic, and environmental settings, and the effects of
conservation interventions are crucial for ecosystem sustainability, future conservation
efforts, and policy development. Assessing the complete historic dynamics and present
status requires a robust systematic and synoptic approach. We successfully integrated
historic multi-satellite annual composites with current ecological and micro-topography
measurements to establish a historic change and present status for mangrove forests in
the Trat province of Thailand, that could be summarized using the type of functional
indicator.

The current baseline or state of diversity was identified and included the results of
previous rehabilitation efforts. The results showed that there was no zonation of single
species or group of species along the elevation gradient, which suggested that the
mangrove communities occurred randomly. However, structural diversity varied greatly
along the elevation gradients. The stable or undisturbed natural mangroves were
consistent, and no abrupt changes were observed. The required stability period for the
rehabilitated mangroves ranged from 7-13 years. Regardless of the gradual recovery over
the 34-year period assessed, the species diversity varied greatly among the naturally
regenerated mangroves. The effluent from the shrimp farming may partially disturb the
dwarf Ceriops tagal. However, observations in recent years have shown a significant
recovery.

The approach developed here and the modified ARMA algorithm provide
comprehensive information on the historic state of mangrove ecosystems, that could have
several potential applications in restoration management planning, and therefore, is a
useful tool to measure and evaluate biodiversity to characterize ecosystem-based
mangrove forest management.
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CHAPTER 6

Spatio-temporal dynamics of mangrove species diversity

groves during high tide in Trat province of Thailand

This chapter has been produced from: Pimple, U., Simonetti, D., Leadprathom, K., Podest, E., Sitthi, A.,
Pungkul, S., Pravinvongvuthi, T., Dessard, H., Peters, R., Berger, U., Gond, V. (2021) Spatio-temporal
dynamics of mangrove species diversity using multi-source Earth observations and improved ground
inventories in the Google Earth Engine; Submitted for publication
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Abstract:

The United Nations decade on ecosystem restoration (2021 to 2030) lists coastal
ecosystems such as mangroves as a priority for restoration. Understanding the spatial
patterns of species is crucial for predicting ecosystem health, viability, and resilience
against a changing climate, as well as for the modeling of restoration measures.
Regardless of the advances in remote sensing technologies, various sources of noise affect
satellite imagery in coastal areas, rendering it difficult to discriminate large scale spatial
species typologies and their temporal changes. Besides, the complex structure,
environmental and anthropogenic settings, and lack of proper integration of systematic
field inventories render it a notoriously difficult ecosystem to examine. To address this,
we developed a systematic workflow based on a robust systematic sampling design,
homogenized Landsat 34-year time-series, modified Automatic Regrowth Monitoring
Algorithm (ARMA), and the use of error-free spectral and backscatter composites
(Sentinel-1 and -2) in the Trat Province, Thailand. Tidal inundation alters the spectral and
backscatter properties of an image and thus the heterogeneity of species features. The low
tide Landsat-8 and Sentinel-1 and -2 composite-based classification resulted in an overall
accuracy of 0.85 and 0.65. The spectral confusion was attributed to the presence of
rehabilitated and mixed Rhizophoraceae, which resulted in a reduced producer’s
accuracy. Further, the ARMA system was suited to recreate the secondary succession
history (i.e.,discriminating rehabilitated and regenerated stands) and identify unchanged
nature forest stands. The combination of the Sentinel-1 and -2 composites achieved better
results than Landsat-8 alone and was able to discriminate among six classes, including
three single species and three species associations. Our approach demonstrates the full
potential of the Landsat time-series, as well as the error-free Sentinel multi-spectral and
synthetic aperture radar sensors with improved systematic field inventories, which can
all discriminate mangrove species and their associations.
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6.1 Introduction

Mangrove ecosystems can be found throughout the tropical and subtropical regions of
the world (Duke, 2017; Tomlinson, 2016). Mangrove forests are one of the most vulnerable
ecosystems to natural and anthropogenic disturbances. Lightning, insects, disease,
tropical storms, changes in sea level, agriculture, wood and wood product extraction,
waste discharge from shrimp farms and other industrial waste, industrialization, and
tourism are the natural and anthropogenic factors that affect mangroves at varying
spatial and temporal scales (Allen et al., 2001; Ellison and Farnsworth, 1996; Giri et al.,
2015; Vaiphasa et al., 2007). Mangroves are critically endangered in 26 out of 120 countries
(Duke et al., 2007). Rates of mangrove deforestation have declined globally, although
countries like Myanmar and Malaysia are still facing high loss (Friess et al., 2019;
Goldberg et al., 2020). Besides, knowledge on species diversity remains limited in many
parts of the world. Mapping mangrove species is crucial for understanding their
fundamental biology, responding to environmental change, aiding conservation efforts,
and observing their integrity for providing goods and services (Wang et al., 2018; Wang
et al., 2004). Therefore, efficient conservation efforts require a suitable decision support

system tool for a local to regional scale assessment.

Remote sensing has been widely used in mangrove studies, such as mapping of the areal
extent, identifying species, and estimating parameters, such as the leaf area, canopy
height, and biomass (Spalding et al., 1997; Wang et al., 2019). Recently, many studies have
provided comprehensive historical overviews based on aerial photography, optical and
Synthetic Aperture Radar (SAR), and methodologies highlighting the current limitations
in mangrove research (Cardenas et al., 2017; Dat Pham et al., 2019; Kuenzer et al., 2011;
Lucas et al.,, 2017, Wang et al., 2019). Several studies have focused on mapping the
mangrove extent at various landscape scales using medium-low resolution imagery
(Alsaaideh et al., 2013; Baloloy et al., 2020; Bunting et al., 2018; Giri et al., 2011; Nguyen
et al., 2013; Rogers et al., 2017; Wang et al., 2019; Zhao and Qin, 2020). However, in the
past decade, most studies have focused on mangrove extent mapping (Wang et al., 2019),
whereas studies on remote sensing based mangrove species or species association

mapping have been limited.

Moreover, identifying mangrove species and their associations using remote sensing
imagery is challenging (Heenkenda et al., 2014; Heumann, 2011) as there are only few

studies that have focused on long-term classification (Wang et al., 2004). In the past,
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studies that compared the performance of medium resolution imagery (such as Landsat
and SPOT) indicated that high-resolution imagery is important for identifying
mangroves species (Gao, 1998; Green et al., 1998; Wang et al., 2004). Studies that have
assessed the performance of high-resolution satellite imagery, such as IKONOS,
QuickBird, RapidEye, GeoEye, and WorldView-3, found that these images can
discriminate among mangrove species zones (Huang et al., 2009; Roslani et al., 2013;
Wang et al., 2004; Wang et al., 2008; Wang et al., 2016). Viennois et al. (2016) used a time-
series of four very high-resolution multispectral images to show the fine-scale spectral
response of four Asian mangroves species. Spatial coherence is an important attribute for
large-scale mapping, especially with the involvement of multi-temporal data (Jia et al.,
2018). Aerial photographs, high-resolution imagery, and hyperspectral imagery often
have several limitations that restrict their application to mangrove ecosystems. The major
limitations involve the availability of relatively few spectral bands, a very high spatial
resolution that only covers a small area and lower frequency imagery, the presence of
persistent clouds and their shadows in coastal areas, radiometric inconsistencies, and on-
demand access with high associated costs (Aslan et al., 2016; Kuenzer et al., 2011; Son et
al., 2015).

Several studies have used Landsat, SPOT, and Sentinel-2 multispectral instrument (MSI)
imagery for mangrove extent mapping, but few studies have attempted to harness its full
potential for species-based classification (Aslan et al., 2016; Bullock et al., 2017; Ghosh et
al., 2016; Rogers et al., 2017; Wang et al., 2018). Recently, Giri et al. (2014) and Rogers et
al. (2017) explored the potential of Landsat data, in which they were able to discriminate
the extent of five mangrove zones. Jusoff (2006) reported on the sensitivity of the near-
infrared range (700-900 nm) to mangrove species identification. However, there are four
major barriers: 1) persistent cloud cover and its shadows (Wang et al., 2019), 2) the effect
of periodic inundation on satellite imagery, 2) mangrove classification using sensors with
a relatively low radiometric resolution (8 bit or 256 grey levels), and 3) the ability of the
mangrove classification methods (Aslan et al., 2016). Several classification approaches
have emerged(Lucas et al., 2017; Pasquarella et al., 2016; Pham et al., 2019a; Wang et al.,
2018) since the recent launch of freely available (high temporal and spectral resolutions)
Landsat-8 OLI, Sentinel-1 (SAR) and -2 (MSI), and PlanetScope time-series imagery and
the development of high performance cloud computing platforms (such as Google Earth

Engine).
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Another challenge for mangrove mapping is the presence or absence of water underneath
the mangrove canopy. Tidal inundation may affect the texture analysis and the
reflectance values for a sparse canopy or scrub mangroves (Kuenzer et al., 2011; Lucas et
al., 2017; Proisy et al., 2007; Rogers et al., 2017). Areas with changes in tidal levels often
result in contrasting spectral signatures and different mapping outcomes (Li et al., 2019;
Zhang et al., 2017). Hence, there is a lack in the understanding of the effect of tidal
inundation or their periodic fluctuations on satellite spectral reflectance values in
mangrove forests (Maurya et al., 2021; Wang et al., 2019). This phenomenon further limits
the temporal assessment of mangrove distribution, if adjacent cloud-free scenes have
been acquired at different tidal stages (Rogers et al., 2017). Rogers et al. (2017) proposed
that the image composites of high and low tides should improve the capacity to detect a
community composition by leveraging the spectral differences between mangrove zones
at low and high tides. The best method to overcome these problems is to create cloud free
composites from all available scenes at a similar tidal stage and use the statistical
robustness of the median over the composites (Pimple et al., 2018; Rogers et al., 2017;
Sagar et al., 2017).

Studies have also used pixel-based supervised classifiers, such as Maximum Likelihood,
for mangrove species classification (Giri et al., 2014; Sulong et al., 2002), but they often
result in “salt-and-pepper” effects. Object-based image classification (OBIC) has been
shown to be more accurate and robust than pixel-based classifiers (Jia et al., 2019; Son et
al., 2015). However, OBIC requires extensive prior knowledge of the study area, which
may be a limiting factor with respect to the classification accuracy (Son et al., 2015).
Recently, the application of non-parametric classifiers for studying mangroves has
increased (Pham et al., 2019b; Pimple et al., 2018; Rogers et al., 2017; Wang et al., 2018,
2016). Machine-learning classifiers have the capability and robustness to resolve complex
classification problems for high dimensional data. Recently, the random forest has
become one of the most popular classifiers (Jhonnerie et al., 2015). The advantages of
random forest are its potential to determine the importance of variables, its robustness to
data reduction, no tendency to over-fit, the production of an unbiased accuracy estimate,
and a higher accuracy than decision trees with a lower sensitivity to tuning parameters
(Jhonnerie et al., 2015; Shen et al., 2016). However, the application of a machine learning
classifier (Jhonnerie et al., 2015), deep learning architecture, and data integration

techniques for mangrove species classification remain limited.
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The selection of a systematic sampling design across a mangrove forest landscape is
crucial in obtaining a complete list of species covering their spatial and intertidal
distribution (Pimple et al., 2020). Recently, several remote sensing-based area
proportional stratified random sampling approaches have been investigated in forestry
(Grafstrom et al., 2014; Kohl et al., 2006; Olofsson et al., 2014; Wallner et al., 2018).
However, such systematic sampling strategies have rarely been used in mangrove
studies, thus resulting in a limited understanding of the species and species associations
in each ecosystem, as well as limited or uncertain data to train and test the classifiers.

The above information implies that the mapping accuracy of mangrove forests evidently
depends on 1) the tide level when using a single date image (Zhang et al., 2013), 2) the
availability of clouds and their shadows, 3) the temporal consistency and radiometric
stability of the spectral reflectance, 4) the classifiers used, 5) the selection of the systematic
sampling design, and 6) the temporal dynamics of conservation interventions. Therefore,
a more robust and suitable image selection, classifier training and testing, and systematic
field data collection approach is required for discriminating mangrove species. This
study aims to develop a novel systematic approach to determine the gap and error free
wall-to-wall change dynamics and current spatial pattern of mangrove typology in the
Trat Province, Thailand. The specific objectives are to 1) evaluate the influence that tidal
inundations have on satellite imagery; 2) exploit the annual composite-based time-series
to determine the temporal changes or secondary successions; and 3) explore the full
potential of freely available medium- (Landsat) and high-resolution (a combination of
Sentinel-1 SAR and -2 MSI) satellite imagery and the machine-learning classifier to
identify mangrove species and their associations. The proposed framework not only aids
in obtaining species distribution information at each study site, but will also provide a

tool for enhancing larger spatial scale monitoring capabilities.

6.2 Study area and dataset
6.2.1 Study area

The study area was the Trat Province, which is located along the eastern coast of the Gulf
of Thailand and borders Cambodia (Figure 6.1) (Pimple et al., 2020, 2018). The mangrove
forest covers approximately 106 km? and is located at longitude 102.61° and latitude
12.21°. The region experiences a tropical climate with seasonal monsoons (Pimple et al.,
2020, 2018). The rainy period is from June to November, with an average annual rainfall
and mean temperature of 4,500 mm and 26.5-29.8 °C, respectively (Chalermchatwilai et
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al., 2011). This study site contains a large area of natural mangrove stands characterized
by the most common natural species found in Thailand and large areas have been
rehabilitated without adequate site assessment, resulting in a Rhizophoraceae monoculture
in most of the rehabilitated zone. However, over the past 30 years, these stands have been
able to reach the same height as those of the natural stands, but have been unable to
mimic the diversity found in a natural forest. The study contains a zone of landward
forest that had been destroyed for shrimp farming and agricultural activities, but has
subsequently been naturally regenerated (Pimple et al., 2020, 2018). The following 18
genera of mangroves can be found in the study area: Sonneratia alba (Sa), Sonneratia ovata
Backer (S0), Avicennia alba (Aa), Avicennia marina (Am), Bruguiera cylindrica (Bc), Bruguiera
gymnorhiza (Bg), Bruguiera sexangula (Bs), Ceriops tagal (Ct), Ceriops decandra (Cd),
Excoecaria agallocha (Ex), Intsia bijuga (Ib), Lumnitzera littorea (L1), Lumnitzera racemosa (Lr),
Rhizophora apiculata (Ra), Rhizophora mucronata (Rm), Xylocarpus granatum (Xg), Xylocarpus
moluccensis (Xm), and Scolopia macrophylla (Sm) (Pimple et al., 2021; Pimple, 2020; Pimple
et al., 2020). Section 3.4.1 presents the detailed data collection procedure.
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Figure 6.1 Location of the study site in the Trat Province, Thailand, and the spatial distribution of
mangroves along three transect lines with the field inventory plots.
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6.2.2 Landsat annual composites

In this study, for the time-series data, we obtained the Tier 1 top-of-the atmosphere (TOA)
collection from the Google Earth Engine (GEE) for Landsat TM-5 (1987-2001 and 2003-
2011), ETM+ (2002 and 2013), and OLI-8 (2013-2020). All images were acquired between
January 1, 1987, and January 1, 2021. The Tier 1 Landsat collection is suitable for time-
series analyses, as it includes Level-1 Precision Terrain processed data with inter-
calibrations across the different Landsat sensors. Only the red, green, blue, near-infrared
(NIR), shortwave infrared (SWIR)-1, and SWIR-2 bands were processed in the Universal
Transverse Mercator zone 48N projection. Clouds, cloud shadows, and pixels with no-
data were removed from the entire collection following the algorithm proposed by
(Pimple et al., 2020, 2018). Jagged pixels at the edges of Landsat images were removed
using a 450 m inward buffer, which yielded the best available reflectance values for image
analysis (Pimple et al., 2018; Robinson et al., 2017). Seasonal low tide annual composites
were created using the median reflectance values from the collection (Pimple et al., 2018,
Sagar at al., 2017), after removing clouds, cloud shadows, and no-data pixels following
the algorithm proposed by (Simonetti et al., 2015) available in GEE and further adopted
to mangrove forests (Pimple et al., 2020, 2018). This algorithm is driven by predefined
knowledge-based rules built upon the spectral signature collected at a global scale, which
then generates a thematic output, including a cloud and cloud shadow mask.
Considering the sensitivity of the mangrove pixels to various environmental and
atmospheric variables, potentially contaminated pixels were aggressively removed to

ensure a meaningful classification.

6.2.3 Sentinel-2 MSI composites

The Sentinel-2 MSI imagery contains 13 UNIT 16 spectral bands representing the TOA
reflectance obtained from the GEE image collection. To ensure a meaningful comparison
of data obtained from the different sensors, the red, green, blue, NIR, SWIR-1, and SWIR-
2 bands of Sentinel-2 were selected. Zhang et al. (2018) noted that the Sentinel-2A MSI
Level-1C cloud mask product is not currently reliable. In this study, similar to Landsat,
the clouds, cloud shadows, and no-data pixel masks were generated using predefined
knowledge-based rules built upon the spectral signature collected at a global scale. The
low tide composites were created using the median reflectance values from the collection,
after removing clouds, cloud shadows, and no-data pixels. The Sentinel-2 SWIR-1 and
SWIR-2 bands, which are acquired at a 20-m spatial resolution, were resampled to 10-m
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resolution to match their resolution to the red, green, blue, and NIR bands and obtain a
layer stack of six spectral bands.

6.2.4 Sentinel- 1 SAR composites

The Sentinel-1 data was obtained from a dual-polarization C-band SAR instrument.
Within the GEE environment, the images were pre-processed for border noise removal,
thermal noise removal, and radiometric calibration and orthorectification (Slagter et al.,
2020). Further pre-processing included additional border noise correction and speckle
filtering (Mullissa et al., 2021). Terrain normalization was not applied considering the
uncertainty in the Shuttle Radar Topographic Mission (SRTM) and Advanced Spaceborne
Thermal Emission and Reflection Radiometer Global Digital Elevation Model (ASTER
GDEM) elevation data over a mangrove forest.

6.2.5 DEM

The National Aeronautics and Space Administration SRTM 30 m x 30 m high-resolution
DEM was obtained from the U.S. Geological Survey and resampled using a nearest
neighborhood transformation (Wu et al., 2016). Mangrove forests can grow above mean
sea level in the intertidal zones of marine coastal environments and estuaries. An
additional elevation parameter DEM was used to discriminate between mangrove forests
and other vegetation. The DEMs allowed the separation of mangrove pixels located

within lowlands and other vegetation located in highland areas (Alsaaideh et al., 2013).
6.2.6 Tide gauge data

Tidal gauge station data from Laem Ngop station in Trat Province (12°10'7" N, 102°12'45"
E) were obtained from the Marine Department (Bangkok office), Ministry of Transport,
Thailand. For this study, hourly tide level records were used to obtain the high and low
tides during the satellite acquisition period.

6.3 Data preparation

6.3.1 Mangrove forest normalization

The TOA imagery was atmospherically corrected using a Dark Object Subtraction (DOS)
method (Bruce and Hilbert, 2004). For the DOS, all images were adjusted using a forest
normalization method, (Eq. [6.1]), which uses the median value of a mangrove forest to
apply a linear shift to each spectral band (Bodart et al., 2011; Pimple et al., 2020):

Padjusted® = Poriginal® — Xforest® 1 Xper® 6.1
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where X;, . is the median value of a dense mangrove forest in the sample size for band
A and X ) is the reference dense mangrove forest value for band A computed from

representative areas visually selected in 30 images (1987-2020) across the study area.
6.3.2 NDVI

The normalized difference vegetation index (NDVI) is the most widely used spectral
vegetation index to indicate vegetation density or greenness and differentiate areas with
non-vegetation or non-mangrove with mangrove based on satellite imagery (Kuenzer et
al., 2011). NDVlI is calculated using the red and NIR bands (Green et al., 1998) as follows:

(NIR — Red)

NDVI = SR+ Req)

6.2

where red is the reflectance in the visible wavelength channel (0.63-0.69 pm) and NIR is
the reflectance in the near-infrared wavelength channel (0.70-0.90 pum). The NDVI
equation is based on the fact that the chlorophyll present in vegetation absorbs red while
the mesophyll leaf structure scatters NIR. NDVI values range from -1 (no vegetation) to
+1 (dense vegetation).

6.3.3 NDII

The normalized difference infrared index (NDII) is sensitive to the mass or volume of
water and not the fractional percentage of water. The NDII is sensitive to the vegetation
moisture content and can be used as an indicator of the water content in vegetation
(Jackson et al., 2004). In this study, we used the NDII based on the Landsat and Sentinel
SWIR bands, which was expressed (Pimple et al., 2020) as follows:

(NIR — SWIR)

NDII = (NIR + SWIR)

6.3

where NIR is the reflectance in the near-infrared wavelength channel (0.70-0.90 pum) and
SWIR-1 is the reflectance in the shortwave-infrared wavelength channel (1.55-1.75 um).
The NDII values increase with the increase in water content, and they range from -1 to 1.
The NDII was used to detect vegetation water content and one of the parameters to
differentiate the mangrove and non-mangrove area to enhance the stratification process.

6.3.4 NDWI

The normalized diffrence water index (NDWI) was designed to analyze water
information from satellite imagery. The NDWI was derived using a principle similar to
the NDVI and NDII (McFeeters, 1996) as follows:
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NDW] = (Green — NIR) 6.4
(Green + NIR)

where the green band is the reflectance in the green wavelength channel (0.53-0.59 um)
and NIR is the reflectance in the near-infrared wavelength channel (0.70-0.90 um). This
spectral index is designed to: 1) maximize the typical spectral reflectance of water features
using green wavelengths; 2) minimize the low reflectance of NIR resulting from water
features; and 3) use the high NIR reflectance resulting from vegetation and soil features.
The values range from -1 to +1, where water features have positive values and terrestrial
vegetation and soil have zero or negative values.

6.3.5 NDWII

Murray et al. (2012) noted that the land-water threshold of the normalized difference
water infrared index (NDWI) can vary between images in multi-temporal studies. The
NDWTI and NDVI show opposite trends in mudflats and seawater; hence, subtracting the
NDWI from the NDVI can highlight mudflat locations during low tides. The NDWII was
calculated as follows:

NDWII = NDWI - NDVI 6.5

where NDWII values < 0 indicate mudflats (low tide) and NDWII values > 0 (high tide)
represent the presence of seawater in the image pixel. We used this index only to perform
manual checks and cross-verify low tide pixel values during the image screening process.

6.4 Low tide composites

The majority of previous studies have used single date cloud-free imagery to map the
extent and spatial distribution patterns of mangrove forests regardless of high or low
tides during the acquisition time (Zhang et al., 2017). Mangrove forests are periodically
inundated by seawater, and thus, the spectral signatures of multi-spectral satellite sensors
usually differ with changes in the tide (water) levels (Li et al., 2019; Zhang and Tian,
2013). In our proposed methodology, we matched the image acquisition time of the
satellite observations to the tidal gauge station data and the appropriate variations in the
NDWII values. To maximize the accuracy of pixel extraction during low tide, three
selection criteria were: 1) using tidal height value at the satellite acquisition time, which
can reduce short-term tidal variations, 2) manually verifying the NDWII values to cross-
check the tidal fluctuations at predetermined locations during the field survey, and 3)
removing cloud shadows to ensure the selection of good quality pixels in the seasonal
composites. Pixels unaffected by tidal fluctuations, clouds, and shadows were considered
as good quality pixels. The final low tide composite was achieved by taking the median
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value at each pixel. The median values accounted for the remaining temporal noise or
outliers, which may affect the reflectance values (Sagar et al., 2017).

6.5 Classification approach

A detailed classification approach is a prerequisite for grouping the pixels to their
corresponding species clusters. This is because of spectral similarity between mature
rehabilitated, regenerated, and mixed forest stands in narrow strips. The detailed
ecological characterization, biodiversity, and spectral response of each forest type was
adopted from (Pimple et al., 2020, 2021).

6.5.1 Stratification of mangrove extent

Previous studies have indicated that the stratification of an area of interest reduces the
spectral confusion, especially in terrestrial forests or green vegetation (Long and Giri,
2011). Therefore, we employed a pixel-by-pixel image multiplication technique (Mather
et al., 2001). The vegetation indices, i.e., the NDVI, NDII, NDWI, and DEM, were used to
categorize the mangrove forests from other vegetation. The Otsu threshold (Otsu, 1979)
method was used to identify the distribution of mangrove forests from each spectral
index. To create a stratified mangrove extent, we first created a binary mask of the NDVI,
NDII, NDWI, and DEM covering the mangrove pixels using Otsu thresholding. The pixel
values above the threshold were labeled as 1 (mangrove) and the pixel values below the
threshold were labeled as 0 (non-mangrove). For the DEM, pixel values < 12 m were
considered as lowland area.

In the second stage, we performed multiplication of the binary masks using Eq. (6.6)
(Figure 6.2). The multiplication of the same two suitability pixels, with values of 1,
resulted in a suitable feature of interest, whereas multiplication by O set resulted in the
corresponding pixels in the masked image to 0 (Mather et al., 2001). Using the pixel-by-
pixel multiplication technique, the image pixels that presented non-mangrove features
were replaced by zero while pixels with mangrove forests were unaltered. The
multiplication of NDVIsinary and NDlIsinary yielded vegetation with a high moisture content.
Further, multiplication by DEMBsinary ensured that the pixels lay in the lowland areas.
Finally, the outcomes were multiplied by NDWIsinary to remove water pixels. Visual
refinement was performed in Google Earth and aerial imagery in Bing Maps were used
to ensure the quality of the derived mangrove extent. We also obtained the mangrove
extent from Pimple et al. (2018) for cross verification. The final subset of homogenous
mangrove pixels was then used for further analysis. The mangrove extent was calculated
as follows:

155



Mangrove Extent = (NDVIL,, *NDIL,, )*DEM,,.. *NDWI 6.6
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Figure 6.2. Illustration of the pixel-by-pixel image multiplication technique used to obtain the mangrove
extent. NDVI: normalized difference vegetation index; NDII: normalized difference infrared index; DEM:
digital elevation model; NDWI: normalized diffrence water index.

6.5.2 Sampling design

The systematic sampling design across the mangrove forest landscape is crucial for
discriminating species and their associations. Practices to assess the mangrove spatial
diversity must include a complete list of the species and their associations, an
understanding of the micro-topography or tidal regimes, measures taken in contiguous
quadrants or fixed area sampling along a transect of the intertidal zone (Castaneda-Moya
et al., 2006; Dale, 1999; Ellison, 2002), and cover the spatial heterogeneity of mangroves
at the landscape scale. Thus, to identify areas of mangrove species and their associations,
it was important to design a well-planned field inventory strategy that adequately
covered the spatial and intertidal variability in the mangrove species and was sufficiently
large to provide reliable estimates for integration with the satellite imagery.

An important objective was to specify strata based on satellite images that represented
thematic categories of mangrove species and their associations using the spectral and
structural heterogeneity. The integrated backscatter coefficient and spectral reflectance
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values of the Sentinel-1 and 2 bands, i.e,, VH, VV, red, green, blue, NIR, SWIR-1, and
SWIR-2, and preliminary field survey data were used to establish thematic categories and
select the sampling locations. We used a three-stage sampling approach to obtain a good
spatial and intertidal sample proportion of the total available species and their
associations.

The preliminary field survey was conducted in March 2015, October 2016, and December
2017. A handheld GPSMAP 64 SC SiteSurvey (Garmin) and MapPlus offline navigation
system were used to collect 40 randomly placed survey points at the landscape scale.
Later, these survey points were used to extract the spectral signature from the satellite
imagery. The sample unit was chosen as a group of 3 x 3 pixels to minimize the effect of
positional error (Xiong et al., 2017). The spectral and structural signatures (Sentinel-1 and
-2) were carefully checked to ensure the heterogeneity among the mangrove species and
their associations; these signatures were then passed through the RF classifier to generate
the reference thematic categories.

Further, three perpendicular transect lines were systematically established from seaward
to landward, covering the heterogeneous landscape-scale species distribution along the
intertidal zones (Figure 6.1). The transect lines were located from 239249 m E and 1350069
m N to 240518 m E and 1352337 m N; 227717 m E and 1342309 m N to 228518 m E and
1343837m N; and 243470 m E and 1347340 m N to 244753 m E and 1348091 m N (UTM
Zone 48 datum). These transects were 1.73, 2.67, and 1.51 km in length, from the shoreline
to their terminus in the forest (landward side), respectively. In total, 59 plots (10 x 10 m)
were established, with 100 m distances between them, to determine the species
composition and diversity in each stand, as well as the distributions among the intertidal
zones (Pimple et al., 2021).

Finally, a stratified random sampling approach was used to estimate the total sample size
per strata (Olofsson et al., 2014). In total, 367 sample locations were selected for all of the
predefined strata, among which 235 were collected in the field and 129 were determined
using high-resolution satellite imagery, Google Earth, and Bing VirtualEarth map. At
each location, the species names, numbers, diameter at breast height (DBH), and tree
height were measured with a tape measure and clinometer. The field inventory data were
collected during December 2018, June 2019, January-July-September-November 2020,
and February 2021. Further, the basal area was used to determine the most dominant
species or their associations within each plot. Table 6.1 lists the grouping of species and
their associations based on the spectral and structural variability and frequency in the
field inventory plots.

157



Table 6.1 Species classification categories.

Group Forest type Dominant Species Allocated Class Field inventories Points by
and their plot high-
associations resolution
imagery
1 Rehabilitated Rap; Rmp Class-1 36 26
2 Natural (Bc, Ea); (Bg, Ea). Class-2 (Bg or Bc 57 20
(Bs, Ea, Ra); (Bc, or Bs associated

Ct, Ea); Bc; Bg; Ea; with Ct, Ea, Ra.
(Ct, Bg, Ea); (Ct, Rarely with Am
Am, Bc) and Rm)

3 Natural (Lr, Ra); (L1 Ra); Class-3 (Ll or Lr 50 43
Lr; L1 (Ct, L1); (LI, associated with Ct
Ra, Ct); (Ct, LI, Lr); and Ra (scrub

(Lr, Ct); (L1Ra Lr); stand)
4 Natural (Ra, Xg); (Ra, Xg, Class-4 (Xg and 33 9
Bg); (Xg, Bg, Bo); Xm associated
(Bg, Xg, Ra); (Xg, with Ra, Bg, Bc
Ra, Ea); (Xg Xm, and Ea. Rarely
Ra); (Xm, Ea,Ct); with Ct and LI)

(Xg, L1, Xm, Ea)

5 Natural Ra Rm Class-5 (Ra; Rm) 43 23
6 Natural Aa, Sa (Am, Ra, Class-6 (Aa, Am or 16 11
Rm): (Am, Aa, Ct)  Sa. Rarely with Ra
and Rm)
6.6 Modified ARMA

The automatic regrowth monitoring algorithm (ARMA) was originally developed to
monitor the mangrove rehabilitation project and the state of natural undisturbed
mangroves (Pimple et al,, 2021; Pimple et al.,, 2020). This Landsat-based algorithm
allowed a more holistic assessment of mangrove forest dynamics at the study site. This
can even be used to identify rehabilitated, regenerated, and naturally undisturbed forest
stands. The separation of these categories was crucial to avoid the spectral overlap of
similar species. For example, at our study site, rehabilitated mangroves are a monoculture
of Rhizophoraceae, which is also one of the most dominate species (Pimple et al., 2021;
Pimple et al., 2020). Regenerated stands can be found as single species or mixed with
multiple species. We modified the ARMA algorithm to group the mangrove stands into
three main categories before classification, including natural undisturbed, rehabilitated,
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and regenerated stands. Figure 6.3 presents an illustration of ARMA. An independent
visual assessment was performed using the field inventory and high-resolution data to
ensure the quality of these categories.
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Figure 6.3 Illustration of the expected temporal behavior of Landsat pixels of mangrove forests. Note:(a)
State and temporal dynamics, ST: stable or unchanged pixels (dark green); RH: rehabilitated pixels (dark
blue); RG: regenerated pixels (blue); and DT: disturbance pixels with no recovery (purple); the known
planting year is indicated by a black vertical line. The dashed line indicates the NDII upward trend after
rehabilitation. The sub-graph indicates the link between the structural complexity and species diversity.
Brown indicates no diversity and less structural complexity while green indicates high diversity and
structural complexity. (b), (c), (d), and (e) are (left to right) field photos of ST (T1P2), RH (T1P19), RG
(T1P24), and DT (a disturbed area adjacent to T2P18), presenting the observed species in each forest type
after 34 years.

6.7 Species distribution mapping: random forest classifier

A pixel-based RF classifier was used to test the multi-sensor performance for
discriminating mangrove species and their associations. It is a non-parametric machine
learning classifier used to examine mangroves and other terrestrial forests (Pimple et al.,
2017, Wang et al., 2018), which consists of an ensemble of decision trees and
bootstrapping with replacements. This classifier can manage high-dimensional and
confusing objects, and is less sensitive than other streamlined machine learning classifiers
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to the quality of the training data and overfitting (Belgiu and Dragu, 2016; Wang et al.,
2018).

Considering that the locations of the plots acquired during the field inventory may occur
at the boundary of a pixel (Liu et al., 2018), and the positional error of a single satellite
pixel may impact the training and testing of the classifiers (Gu and Congalton, 2020), we
used a 3 x 3-pixel window from the center of each plot to train and test the classifier.
Before classification, a rigorous assessment of each plot was carried out to ensure the
spectral and structural variability available for a single species or species association (see
section 3.4.2). Species association is defined as the occurrence of more than one species
in the spatial distribution based on their spectral similarity. The dominance of individual
species and/or species associations within each plot was determined using forest
structural and diversity parameters. These dominant species within each plot contribute
significantly to the observed spectral values. Table 6.1 presents the dominance-based
observed spectral and structural categories. Additionally, the Landsat annual composite-
based NDII time-series was used to test the temporal consistency of each plot from 1987-
2020 (Figure 6.3). The spectral variations in the time-series pixel data were related to
various phenomena that have occurred over time, which can be used as an indicator of
the natural forest pixel stability. For the final classification, low tide image composites
between 2019 and 2020 were used.

6.8 Accuracy assessment

We used a two-stage accuracy assessment. First, we used the field inventory data to verify
the mangrove strata of natural, rehabilitated, and regenerated stands produced by
ARMA. The selected pixels were manually tested and compared with the plot
inventories. Second, the accuracy of the random forest classifier was derived from a
confusion matrix. Widely used measures, such as the overall, producer’s, and user’s
accuracies (OA, PA, and UA, respectively) were used (Congalton, 1991). Consistent with
previous recommendations (Foody, 2020; Olofsson et al., 2014), owing to reported
redundancy with the overall accuracy and other limitations, the kappa coefficient was
not considered in the accuracy assessment. Instead, per class accuracy and detailed
confusion matrix assessments were used. During the classification process,
approximately 70 % of the sample points were used to train the classifier while the

remaining 30 % of the sample points were used to test the accuracy of the classifier (Figure
6.1).
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6.9 Results
6.9.1 Tidal influence on spectral reflectance of multi-spectral imagery

Landsat-8 and Sentinel-2 are in a sun-synchronous, near-polar orbit with an equatorial
crossing time of 10:00 am and 10:30 am local time (+ 15 min). We assigned each of the
satellite acquisition times with a tidal height value at 10:00 am (local time). Figures 4 and
5 present the tidal heights during the Landsat and Sentinel-2 image acquisition time and
the effects of tidal fluctuations over the scrub forest (mid-zone) and low elevation areas
(seaward-zone). During high tide, in low elevation partially submerged areas, sparse and
scrub forests were inundated. The Landsat-8 and Sentinel-2 images showed visible effects
in the false color composites obtained during high and low tides. During high tide, the
submerged, sparse, or scrub canopy forest areas inundated with seawater absorbed light
and appeared darker while during low tides they appeared brighter. Mudflats were
visible in the low tide images and not in the high tide images. The spectral reflectance
during high tide showed high blue band values while lower values were observed from
the NIR, SWIR-1, and SWIR-2 bands. This was attributed to the strong absorption of
water, which weakened the spectral features of the high NIR reflected by the inundated
mangroves (Q. Chen et al., 2018). In contrast, the spectral reflectance of green, NIR, SWIR-
1, and SWIR-2 was higher under low tide conditions (Figures. 6.4 and 6.5b and d). This
spectral reflectance variability can be attributed to the presence of background sediments
and soil exposed during low tide conditions (Rogers et al., 2017).
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Figure 6.4 Effect of tidal inundation on the reflectance of Operational Land Imager (OLI)-8 images. (a) False
color composite of a Landsat OLI-8 high tide image (01/27/2017); (b) spectral variability at a seaward
location during tidal fluctuations (orange circle); (c) false color composite of a Landsat OLI-8 low tide image
(05/10/2017); and (d) spectral variability at a scrub stand (mid zone) location during tidal fluctuations (blue
circle). Note: HT: High tide; LT: Low tide. In the graph, the spectral reflectance is scaled by 100 for
visualization purposes. The pixel values shown here are the average value of a 90 m buffer around the
point.
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Figure 6.5 Effect of tidal inundation on the reflectance of Sentinel-2 (MSI) TOA images. Note: (a) False color
composite (SWIR-1, NIR, and Red) of a Sentinel-2 MSI image (December 25, 2018) at high tide (3.36 m); (b)
false color composite of a Sentinel-2 MSI image (May 4, 2018) at low tide (1.76 m); (c) spectral variability at
a seaward location during tidal fluctuations (orange circle); and (d) spectral variability at a scrub stand
(mid zone) location during tidal fluctuations (black circle). Note: HT: High tide; LT: Low tide. In the graph,
the spectral reflectance is scaled by 100 for visualization purposes. The pixel values shown here are the
average value of a 90 m buffer around the point.
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6.9.2 Effect of low and high tides on backscatter coefficient of SAR imagery

Sentinel-1 SAR has a sun-synchronous near-polar orbit with an equatorial crossing time
of 11: 00 am and 11:00 pm local time. We assigned each of the satellite acquisition times
with a tidal height value at 11:00 am (local time). Figure 6.6 presents the tidal heights
during the Sentinel-1 image acquisition time and the effects of tidal fluctuations on
submerged, sparse, and scrub forest stands. During low and high tides, an average of 90
m buffered pixels values were extracted to assess the tidal influence. At seaward
locations, the average backscatter values (VH and VV) under high and low tide were —
7.77 and —-6.97, and -13.22 and -12.94, respectively. At mid-zone locations, the average
backscatter values (VH and VV) under high and low tide were -10.52 and -10.63, and —
14.86 and —14.06, respectively. During low tide, the average VH and VV values varied
from 0.11 to 0.8, and 0.28 to 0.8, respectively. However, the backscatter VH and VV values
of single pixels were slightly higher from 3.04 to 4.97 and 0.08 to 1.46, respectively,
indicating that single pixels may show a higher variation. The backscatter increased in
the VH and VV values owing to the presence of water beneath the mangrove canopy.
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Figure 6.6 Effect of tidal inundation on the backscatter coefficient of Sentinel-1 SAR imagery. (a) RGB
composite (VV, VH, and VV/VH) of a Sentinel-1 SAR image (June 17, 2018) at high tide (3.35 m); (b) RGB
composite (VV, VH, and VV/VH) of a Sentinel-1 SAR image (December 26, 2018) at low tide (1.12 m); (c)
backscatter coefficient variability at a seaward location during tidal fluctuations (orange circle); and (d)
backscatter coefficient variability at a scrub stand (mid-zone) location during tidal fluctuations (black
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circle). Note: HT: High tide; LT: Low tide. The pixel values shown here are the average value of a 90 m
buffer around the point.

6.10 Mangrove forest gain and secondary successions

This study produced a 30-m mangrove extent and change (gain or loss) map for 1987 and
2020, derived using the Landsat annual composite for Trat Province, Thailand (Figure
6.7). The proposed mangrove extent detection method (Eq. [6.6]) utilized the DEM and
vegetation indices. This method could easily distinguish mangroves from non-
mangroves areas, regardless of the presence of terrestrial and agricultural vegetation.
Figure 6.7 indicates the unchanged (orange) and gained (green) mangrove areas. Over
the past three decades, approximately 2,047 ha of mangrove forest has grown. The
mangrove forest area has increased from 7,131 ha in 1987 to 9,178 ha in 2020. The accuracy
of the mangrove forest area obtained in this study was assessed based on the previously
estimated mangrove area for 2017 and 2019 in the same study area by Baloloy et al. (2020)
and Pimple et al. (2018). Owing to the 30-m resolution, adjacent small agricultural field,
shrimp farms, and canals within the forest contributed to the slight overestimation of the
calculated area than that estimated from Sentinel-2 data. For further analysis, we used
the Sentinel-based extent.
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Figure 6.7 Mangrove forest gain and secondary succession from 1987 to 2020. Note:The green color
indicates forest gain.

165



The detailed analysis of the NDII using the modified ARMA indicated variations in the
secondary succession of these mangrove stands (Figure 6.8). Over the past three decades,
approximately 886.47 and 308.81 ha of mangrove forest have been rehabilitated and
regenerated, respectively. A further detailed analysis revealed that approximately 851.72
ha of mangrove were partially disturbed and recovered over time. The NDII time-series
cannot capture such dynamics of small patches, i.e., <900 m? within partially disturbed
or natural mangroves.
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Figure 6.8. Rehabilitated and regenerated (secondary succession) mangrove forest gain from 1987 to 2020.
Note:The green and pink color indicates rehabilitated and regenerated forest stands respectively.

6.11 Species classification performance of multi-source satellite imagery

Figure 6.9 shows the resulting species distribution map obtained from low tide Sentinel-
1 and -2 composites. Most of the study area was occupied by species associations in Class-
2 and -3 (45 and 14 %, respectively), followed by Class-5 (23 % also dominated by
Rhizophoraceae), and Class-4, -1 and -6 (7, 6, and 5 %, respectively). Herein, we have only
presented the results obtained from Sentinel-1 and -2 owing to its improved accuracy
compared to Landsat-8 OLI. We generated two independent confusion matrices to test
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the performance of the above two satellite sensors. Table 6.2 lists the confusion matrix for
the Sentinel-1 and -2 classifications. Notably, the classification obtained by the
combination of Sentinel-1 and -2 performed the best, with an OA of 0.85. Among the class
categories presented in Table 6.1, the maximum difference between the PA and UA was
exhibited by the rehabilitated (Class-1) mangroves (0.73 and 0.90, respectively) and Class-
4 (0.69 and 0.77, respectively), with the exception of Class-1 and -4, where the PA for each
class ranged from 0.88 to 0.94. The results showed that compared with other classes,
Class-1 and -4 had a relatively lower PA. These categories included rehabilitated
mangroves (mostly Rap) and associations of Xg, Ra, and Bg, which had a greater inter-
species omission error than the commission error; the spectral confusion among the other
classes mainly occurred as a result of the dominant presence of Ra species among these
categories. Further, their random assemblage (Pimple et al., 2021) in narrow strips may
have contributed to spectral confusion.
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Figure 6.9 Mangrove forest species classification based on Sentinel-1 and -2 low tide composites. Class-1:
Rap, Rmp; Class-2:Bg,Bc, Bs associated with Ct, Ea and Ra, Class-3: L1, Lr associated with Ct and Ra; Class-
4: Xg, Xm associated with Ra, Bg, Bc and Ea; Class-5: Ra,Rm (natural); Class-6: Aa and Sa (Note: Aa:
Avicennia alba; Be: Bruguiera cylindrica; Bg: Bruguiera gymnorhiza; Bs: Bruguiera sexangula; Ct: Ceriops tagal;
Ea: Excoecaria agallocha; Ll: Lumnitzera littorea; Lr: Lumnitzera racemosa; Ra: Rhizophora apiculata; Rap:
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Rhizophora apiculata plantation; Rm: Rhizophora mucronata; Rmp: Rhizophora mucronata plantation; Sa:
Sonneratia alba; Xg: Xylocarpus granatum; and Xm: Xylocarpus moluccensis).

Table 6.2 Accuracy assessment and confusion matrix based on Sentinel-1 SAR and -2 MSI for species classes.

Class-1 Class-2 Class-3 Class-4 Class-5 Class-6 Total PA OE
Class-1 131 12 18 5 14 0 180 0.73 0.27
Class-2 1 200 3 4 3 2 213 0.94 0.06
Class-3 8 12 220 6 3 1 250 0.88 0.12
Class-4 3 6 12 86 16 1 124 0.69 0.31
Class-5 2 5 5 172 3 190 0.91 0.09
Class-6 1 0 5 0 78 86 0.91 0.09
Total 146 235 258 111 208 85 1,043
UA 0.90 0.85 0.85 0.77 0.83 0.92 OA :0.85
CE 0.10 0.15 0.15 0.23 0.17 0.08

The OA obtained from Landsat-8 was 0.65. Compared with the combination of Sentinel-
1 and -2, Landsat-8 produced the largest omission and commission errors (Table 6.3).
Class-1 and -4 produced the lowest PA (0.13 and 0.58, respectively) and UA (0.25 and
0.50, respectively), followed by Class-4 and -5 (PA: 0.58 and 0.60, respectively; UA: 0.50
and 0.53, respectively). The random dominant species assemblage (Ra) in narrow strips
and a 30 m pixel resolution may have contributed to the spectral confusion. In contrast,
Class-2 and -3 showed a relatively high PA (0.76 and 0.87, respectively) and UA (0.76 and
0.74, respectively). The larger spatial scale distribution and inter-species variability
produced high accuracies for these categories; for example, Class-1 (Ra) leaves were dark

green compared with Class-3 (L1, Lr, and Ct).

Table 6.3 Accuracy assessment and confusion matrix based on Landsat -8 OLI for species classes.

Class-1 Class-2 Class-3 Class-4 Class-5 Class-6 Total PA OE
Class-1 2 3 6 2 2 0 15 0.13 0.87
Class-2 1 19 2 1 2 0 25 0.76 0.24
Class-3 2 26 1 1 0 30 0.87 0.13
Class-4 1 1 0 7 3 0 12 0.58 0.42
Class-5 1 2 2 9 1 15 0.60 0.40
Class-6 1 0 1 1 0 6 9 0.67 0.33
Total 8 25 35 14 17 7 106
UA 0.25 0.76 0.74 0.50 0.53 0.86 OA: 0.65
CE 0.75 0.24 0.26 0.50 0.47 0.14
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6.12 Discussion

Using a robust data cleaning method, Landsat time-series, cloud computing, and
machine learning algorithm to leverage a large-scale systematic field inventory dataset,
as well as the species discrimination potential of two freely available satellite sensors, this
study provides four main contributions to remote sensing research on mangrove
biodiversity. First, we proposed a satellite-based robust systematic sampling design,
which accounted for landscape-scale spectral and structural variability in species and
their associations. Further, the sampling design considered the environmental setting,
landscape modification, and conservation interventions (Pimple et al., 2021; Pimple et al.,
2020). Second, this study affirms the importance of accounting for the factors that
influence satellite imagery, such as various atmospheric contaminants and periodic tidal
inundations, which enhances species or their association-level spectral variability. Third,
the modified ARMA algorithm used 34 years of Landsat archives as a powerful proxy to
determine temporal changes and secondary successions. Fourth, we explored the full
spectral potential of freely available satellite sensors for species-level classification.
Previous studies have investigated mangrove species classifications, which are based on
a commercial product and non-systematic field data (Heenkenda et al., 2014; Rahman et
al., 2019; Wang et al., 2018; Xia et al., 2020). Our approach overcomes several previous
limitations, not only recording the spatial and intertidal scale species distribution, but
also creating a historical state for the ecosystem.

6.12.1 Effects of tidal inundation on spectral reflectance and backscatter coefficient

In mangrove extent or diversity mapping studies, the influence of the tidal inundation on
spectral reflectance and backscatter coefficient is not well understood (Maurya et al.,
2021; Wang et al., 2019) and is rarely considered during image processing. Our results
revealed that the most important bands for mangrove species classification, such as NIR,
SWIR-1, and SWIR-2, show altered spectral reflectances in Landsat-8 and Sentinel-2
images. During high tide, the most significant reduced spectral responses were observed
between seaward and mid-zone areas occupied by partially submerged, sparse, and
scrub mangrove stands. This suggests that the spectral properties of these bands can be
homogenous if the satellite acquisition time was during high tide. Recent studies have
reported on the limitations of distinguishing submerged mangroves during high tide;
such mangrove stands usually lead to misclassification or cannot be detected during high
tides (Jia et al., 2019; Li et al., 2019; Xia et al., 2018). To the best of our knowledge, this is
the first study that demonstrates the effects that tides have on detecting scrub mangroves
using remote sensing imagery. In this study, during low tide, higher spectral values were
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observed, which is consistent with recent studies that identified an enhanced spectral
response compared with high tide imagery (Chen et al., 2017; Li et al., 2019; Rogers et al.,
2017; Xia et al., 2020). We also found that the Sentinel-1 backscatter response was altered
during high tide (Figure 6.6). Previous studies have reported changes in the
backscattering coefficient of the C-band due to flooding beneath trees (Landuyt et al.,
2020). The sensitivity of the backscatter is highly dependent on the forest complexity and
tidal level at the time of acquisition (Darmawan et al., 2015). The above findings indicated
that the remote sensing capabilities for mangrove species and the mapping of their extent
in periodically inundated complex ecosystems, such as partially submerged and sparse
stands, are highly dependent on the image acquisition time and tidal level (Proisy et al.,
2018; Xia et al., 2018).

Recent developments in standardized image products and cloud computing platforms
have enabled pixel-based composite approaches (White et al., 2014). Besides cloud and
atmospheric contamination-free pixels, these approaches do not account for the tidal
influence on individual pixels. For example, at the current study site, we can find several
cloud-free images from September to December, which correspond to a very high tide
period. The species classification accuracy and temporal consistency of such composite
pixels depend on the tidal levels at the time of acquisition. This study thus suggests that
species classifications based on low tide spectral and backscatter composite images can
more accurately enhance the identification of species or their associations. Low tide
composites also preserve the band value at each pixel.

6.12.2 Sensor performance for discriminating species and their associations

In this study, low tide composite-based Sentinel-1 and -2, and Landsat-8 images can
better distinguish the inter-species variability. Compared with Landsat-8 (OA: 0.65), the
combination of Sentinel-1 and -2 (OA: 0.85) produced better and comparable results with
the field inventory plots and intertidal zonation reported in Pimple et al. (2020, 2021).
Owing to the 30-m coarse resolution of Landsat-8, identifying the species or their
associations in narrow strips or small patches is difficult (Classes 1 and 4-6; Table 6.3)
(Valderrama-Landeros et al., 2018). Classes covering large spatial areas were more
accurately classified than class assemblages in narrow strips and overlapping species;
Class-1 and -4 especially showed low PA values in both sensors. Spectral confusion can
be attributed to the presence of Rhizophoraceae, i.e., Ra and Rm (natural), and Rap and
Ram (rehabilitated). At the study site, several plnated Rhizophoraceae (Class-1: Rap and
Rmp) have been rehabilitated across the area. Over last 30 years, these stands have
reached a height similar to adjacent natural mangroves (Pimple et al., 2020). The spectral
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response of Rhizophoraceae can be similar if the rehabilitated stands are adjacent or
mixed with natural stands. Class-4 had an association of dominant mangrove groups, i.e.,
Xg, Ra, or Rm, and Bg; such plots or pixels can yield similar spectral responses as other
locations if Rhizophoraceae is the dominant species. Studies using very high-resolution
imagery, such as World View-2 and GeoEye-1, have also reported spectral discrimination
limitations with respect to species in complex structural situations (Heenkenda et al.,
2014; Leempoel et al., 2013). This indicates that even with very high-resolution imagery,
it is challenging to distinguish a single species of mangroves from an association or mixed
group. Also, some species can be more common in the subcanopy such as Bruguiera. In
such a situation, higher spectral resolutions and the SAR capabilities of Sentinel may
provide an advantage. Limited spectral bands, non-systematic, and limited field
inventory data can yield spectral confusion during species classification and may
contradict field-based studies (Ellison et al., 2000; Rahman et al., 2019).

Regardless of whether the spectral variability has been shown to be useful for mapping
mangrove-associated species, several challenges remain for spatial-scale studies, which
are usually not considered when collecting and linking field inventory data. These
include the effects of topography or intertidal zonation (transect line), a complete list of
species and their site-specific distributions, the abundance of each species, where and
how they occur in a given landscape (single, grouped, or no-zonation), or the present
strata (Castaneda-Moya et al., 2006; Ellison, 2002; Lucas et al., 2017; Pimple et al., 2021).
Furthermore, several studies have been based on single-date analysis and the lack of
knowledge on the temporal changes in species diversity caused by natural and
anthropogenic stressors (Miettinen et al., 2014). Lucas et al. (2017) summarized several
limitations associated with the temporal dynamics of mangrove monitoring. However,
recent studies have used Landsat-based time-series to evaluate trends in species zonation
and regeneration dynamics (Bullock et al., 2017; Otero et al., 2019). Further, studies have
demonstrated the species discrimination capabilities of Sentinel-2 (Wang et al., 2018), but
did not include Sentinel-1. The method introduced in this study 1) included a systematic
sampling approach (determination of the spatial and intertidal species dominance); 2)
tested the temporal consistency and changes (ARMA) while reducing spectral noise
caused by various contaminations; and 3) linked the field inventory and temporal
dynamics at a resolution of 10-m based on Sentinel-1 SAR and-2 MSI data to more
realistically determine the species, their associations, and their histories at a larger scale.
Obtaining the mangrove species and their association information were possible owing
to a combination of Sentinel SAR and MSI imagery. This indicated that the combination
of the 34-year Landsat archive, systematic field survey, and machine learning classifiers
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with Sentinel-1 SAR and-2 MSI can be a powerful tool and provide significant advantages
for monitoring complex mangrove ecosystems.

6.13 Conclusions

In this study, we successfully explored the potential of freely available satellites to
distinguish between mangrove species. We 1) explored the use of Sentinel-1 SAR and -2
MSI features to design a systematic sampling approach; 2) developed and integrated 34
years of error-free homogenized Landsat time-series with a modified ARMA algorithm
to recreate the history; 3) assessed the effect that tidal levels have on spectral and
backscatter values and the importance of low tide images for discriminating mangrove
species; and 4) explored the potential of freely available low tide composites of Landsat
and Sentinel-1 SAR and-2 MSI imagery to discriminate mangrove species or communities

in Trat Province, Thailand.

We obtained an OA of 0.65 and 0.85 for the results from Landsat and Sentinel- 1SAR and-
2 MSI, and was able to discriminate six categories, including three single species and three
species associations. Generally, the PA was lower in narrow strips and patchy forest
stands where similar species were dominant. Our results acknowledge the limitations of
Landsat imagery while revealing the capabilities of integrating Sentinel-1 SAR and -2 MSI
imagery for mangrove species discrimination. With spatial resolutions suitable for the
reliable characterization of secondary successions, a time-series of Landsat archives can
provide a historical overview of rehabilitated, regenerated, and undisturbed forests. Such
a record is critical for many mangrove studies as high-resolution imagery was not
available in the past. However, the potential of Landsat has been underestimated. Based
on a comparison with other very high-resolution imagery studies, we can conclude that
if the species assemblage is in association with or mixed over the landscape, then
identifying a single species with remote sensing remains challenging. However, using the
dominant species reflectance and structural variability can provide a reliable
discrimination of mangrove species or their associations at the landscape scale. This
study thus demonstrates the potential of Landsat time-series and Sentinel- 1 SAR and -2
MSI for monitoring the historical state, degree of success or failure of restoration
interventions, and landscape-scale discrimination of mangrove species and their

associations.
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CHAPTER 7

Synthesis and future outlook
7.1 Conclusions

This research aimed to improve our understanding of the long-term effects of
environmental and anthropogenic settings on the spatio-temporal dynamics of mangrove
forest species diversity, while also developing a decision-support system to assess the
succession trajectories of natural, rehabilitated, and regenerating mangrove forest stands.
The introduction chapter provides a detailed review of the background of mangrove
species biodiversity and synthesis on key limitations, advances, and research gaps for
biodiversity assessment at both local and regional scales. Based on a review and
preliminary ecosystem analysis, four main research topics were identified: (1) spatio-
temporal characterization of the mangrove forest landscape in terms of gain and loss; (2)
degree of success of conservation interventions; (3) assessment of spatial diversity,
intertidal zonation, and functional indicators of succession; and (4) development of a
state-of-the-art decision-support system using multi-satellite and improved field

inventories.

Q1. How have the spatio-temporal characteristics of the mangrove forest landscape
changed (gain or loss) over a period of three decades?

Chapter 2 provides thirty years of explicit quantification of mangrove forest landscape
characterization in the Trat Province in Thailand. Mangrove forests have experienced
significant recovery over the past thirty years. Bare land and urban areas increased from
9.80% in 1987 to 11.08% in 2017. In addition, shrimp farms progressively increased from
6.82% in 1987 to 11.49% in 2017. The agricultural area decreased from 49.18% in 1987 to
41.25% in 2017, while mangrove forest area increased from 34.20% in 1987 to 36.17% in
2017. Most agricultural land within the mangrove forest areas was converted to
rehabilitated mangroves by local communities through conservation efforts. In addition,
the disturbed mangrove forest area showed significant recovery. This recovery could be
attributed to the adaptation of low-salinity shrimp farming practices. This chapter also
presents a cloud computing-based methodological approach in attempting to achieve
error-free annual composites of Landsat imagery for mapping wall-to-wall changes in
mangrove forest landscapes and their surroundings. The obtained composite imagery is
free from cloud cover, shadows, haze, missing value pixels, and the effect of the presence
or absence of water underneath the mangrove canopy.
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Q2. How did the species biodiversity and structural complexity of rehabilitated (planted)
forests evolve, compared to the adjacent natural mangrove stands?

Chapters 3 and 4 address two main issues: (1) How the rehabilitated mangroves have
evolved over the last three decades, and (2) whether the ecological parameters of the
rehabilitated mangrove forest stands resemble those of the adjacent natural stands. In the
study site, the significant gain of mangrove forests (Chapter 2) is attributed to larger scale
rehabilitation practices. The rehabilitated stands were composed of Rhizophoraceae
monoculture. The degree of success of such rehabilitation projects varied significantly.
Very few of these projects have a systematic field inventory or monitoring plans, and
there are no reports on success or failure assessment or future recommendations for good
rehabilitation practices. A systematic design of field inventories across the mangrove
forest landscape is crucial to collect species list in study sites, their occurrence in
rehabilitated stands, intertidal distribution, change in mangrove structure along various
environmental gradients, and detailed knowledge of conservation intervention practices.
Chapter 3 presents the experimental design, transect line establishment, data collection
for species and structural diversity, and usage of such information for assessing the
degree of success and failure of rehabilitation efforts and carbon sequestration potential
estimations. Chapter 4 assesses the historical developments and status of species and
structural diversity of rehabilitated and adjacent natural mangroves in the Trat Province
in Thailand. This study shows that after thirty years, the rehabilitated mangroves were
still a monoculture of Rhizophoraceae, and natural mangroves had a higher species
diversity. The forest plot trajectories demonstrated that the period required to stabilize
rehabilitated mangrove stands ranged from 7 to 13 years (after plantation year). The
rehabilitated mangrove forest stands were able to reach comparable heights to the natural
stands, while tree density was significantly higher in rehabilitated mangroves. The
seedling recruitment and secondary succession rates were very low, regardless of the
presence of mixed forest species seedlings. These facts indicate that the rehabilitated
mangrove may provide forest cover, but still lacks the functionality of the adjacent
natural forest. Thus, to improve mangrove rehabilitation and management, adequate site
assessment, such as hydrologic patterns and species suitability, is crucial. The assessment
of the degree of success provides valuable information on the effects of biological,
ecological, and hydrological variables and restoration trajectories at specific sites.

Q.3 What is the sensitivity of environmental factors and anthropogenic settings (such as
topography and rehabilitation) to potential spatial diversity, intertidal zonation, and
historic state or knowledge gaps of mangrove forest species diversification?
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Q 3 addressed the following topics: (1) the species distribution patterns perpendicular to
the shoreline, (2) the spatial-scale intertidal zonation patterns in response to the elevation
gradient, and (3) the trajectories of functional diversity indicators in response to
secondary succession. Environmental settings and biological factors are responsible for
controlling mangrove species diversity in different landscapes. Mangrove forest
ecosystem assessment based on a systematic sampling design with quantification of
spatial and intertidal species diversity could improve the results of ecological and
prediction studies. Furthermore, the inclusion of functional indicators such as the
underlying ecological process and historic forest state could provide a complete picture
of the viability, resilience, and trajectories of secondary succession required for better
conservation practices and management. Chapter 5 advances the baseline assessment of
the whole ecosystem by 1) quantitatively examining the influence of surface elevation on
spatial and intertidal distribution of mangrove species, and 2) understanding the
temporal dynamics of diversity during successional stages. Fifteen species were
identified in the Trat Province of Thailand, in which the landscape is dominated by
Ceripos tagel (including tall and dwarf forest stands). However, the analysis failed to
identify any significant patterns at the transect or landscape scale. This indicates that the
species may have occurred randomly. The direct effects of anthropogenic activities, such
as topography modification, canal network, and waste from shrimp farms, on species
diversification were observed. The trajectories of rehabilitated mangroves are discussed
in the paragraph above and in Chapter 2. The species diversity of naturally regenerated
mangroves in landward abandonment areas varies greatly. This behavior is attributed to
the availability of seedlings. The waste from shrimp farms caused partial disturbances in
the dwarf Ceripos tagel. The adaptation of low salinity shrimp farming has allowed the
recovery of partially disturbed forest patches. The methodological approach proposed in
Chapter 5 is beneficial when developing management plans to monitor the diversity and
health of forests, as well as conservation projects in the field of mangrove forestry.

Q.4 What is the potential of multi-source satellites to discriminate the spatial patterns of
mangrove forest typology?

Q.4 and Chapter 6: 1) Evaluate the influence of tidal inundation on satellite imagery, 2)
explore the potential of medium resolution freely available satellite spectral response and
machine-learning classifiers to selected mangrove dominant communities, and 3) exploit
the composite-based spectral variability of time series to determine the temporal change
or secondary succession. This chapter concludes that remote sensing-based mangrove
species and extent mapping capabilities can be significantly reduced during periodic
inundation. In addition, low-tide imagery enhances the spectral and structural
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capabilities. With Landsat-8, it is possible to discriminate species association to a certain
extent, but its coarse resolution limits the performance. However, this spatial resolution
is suitable for recreating the history of ecosystems and provides valuable insights into
secondary succession caused by natural or human-induced stressors. The integration of
Sentinel-1 SAR and-2 MSI shows promising potential for mangrove species
discrimination.
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7.2 Implications for future conservation and diversity monitoring

Despite extensive discussion of the need for spatio-temporal monitoring of mangrove
species diversity and conservation interventions, the large-scale practical
implementation of such an approach is still limited. Current literature on mangrove
species monitoring suggests that the past attempts to monitor mangrove species diversity
have indeed been conducted on a small spatial scale and lack temporal consistency.
Understanding the development of rehabilitated forests, landscape scale species
diversity, and long-term changes within the mangrove ecosystem remains a poorly
explored topic in developing countries globally. This is in part because of (1) the limited
data and knowledge of proper data collection practices, (2) consideration of the
relationship between local environmental and anthropogenic settings in monitoring
approaches, (3) assumption about species zonation without scientific analysis, (4)
dependence on commercial satellite-based products and their limitations, and (5) tools of
scientific knowledge to monitor changes over time. To address this, this study
introduces a state-of-the-art decision-support system (Fig 7.1) that 1) includes a
systematic field inventory approach; 2) derive the secondary succession, temporal
consistency, and change (modified automatic regrowth monitoring algorithm: ARMA)
while reducing spectral noise caused by various contaminations, and 3) links the field

inventory and dynamics to remote sensing for monitoring mangrove species diversity.
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Figure 7.1 General flow diagram of the methodological framework for ecosystem baseline monitoring. A
flow diagram is showing the use of systematic sampling design, multisource satellite, and environmental
data required to obtain mangrove spatio-temporal dynamics of species and conservation activities. Note:
ARMA :automatic regrowth monitoring algorithm.
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Rates of mangrove deforestation have declined globally, although countries like
Myanmar and Malaysia are still facing high loss (Friess et al., 2019; Goldberg et al., 2020).
However, the spatio-temporal scale driver (natural and anthropogenic)-response
relationships are not necessarily constant through time, but they can change over time
due to recent and past experiences (Ryo et al., 2019). The understanding of temporal
dynamics of such drivers has proven difficult, with most of the attempts relaying without
time-series of remotely sensed data, existing field information from the literature, or
national government agencies in single-point time. The expected response of these
drivers may vary from regional to local scale such as high or no deforestation in
conservation zones, low or intensive shrimp farm, or agricultural activities. The response
of mangroves to these drivers has become a vital component of forest management as it
helps in understanding the outcome of historic decision support systems and
implemented restoration or conservation policies. In addition, the understanding of
undisturbed or stable forests and predicting near-future risks of anthropogenic drivers-
may play a crucial role in biodiversity conservation and enhancing carbon sequestration
capabilities (Funk et al., 2019). Temporal inconsistencies and data gaps in remotely
sensed caused by various atmospheric and local conditions are discussed in Chapter-1.
Further, this chapter also discusses the time-series based compositing approaches of
medium resolution imagery and the availability of open-source and free-to-use cloud-
computing platforms such as the Google Earth Engine (GEE), are facilitating the large-
scale environmental monitoring, analysis, and processing of high volumes of earth
observation imagery, which has limited the number of missing pixels caused by the cloud
and shadow masking. The annual composite could be used to provide extensive
information on how the mangroves changed over time (Chapter-2). In this study, the time
series composite-based analysis indicated that 1) the mangrove forests made a significant
recovery over time, 2) no forest disturbance was found within the conservation zones.
This trend is indicative of the local community’s awareness and the Thai government’s
policies restricted the expansion and deforestation of mangrove forests. However, it
appears that agriculture, bare-land, and shrimp farms had undergone major changes. The
interconversion to shrimp farms could pose a serious threat to mangrove forest diversity
as waste from these farms is directly discharged into the forest. Without attention to past
dynamics, we may fail to recognize key such variables explaining a given phenomenon.
There is an urgent need to improve local scale driver pressure mapping for mangrove
habitats, specifically direct threats like conservation to shrimp farms, agriculture, and oil
palm plantations (Turschwell et al., 2020). The rate of change of drivers and responses
may vary when considered in local and national contexts. Future diversity studies should
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consider the forest landscape dynamic. Understanding such impacts will help to inform
how the driver dynamics changed in relation to rehabilitation or conservation efforts.

A systematic sampling design across mangrove forest landscapes is crucial to obtain
reliable information on species diversity and its patterns. This must include the complete
species list that covers the spatial area, elucidate the intertidal distribution, record
changes in mangrove structural features, and knowledge of conservation interventions.
However, such approaches when determining species diversity and zonation in
mangrove studies are rarely used (Dale et al., 2014; Sandilyan and Kathiresan, 2012). The
natural factors and anthropogenic controls play an important role in modifying species
diversity at specific sites. The use of inadequate data collection criteria and reporting
yields incomplete information on species diversity and the distribution of mangrove
forests. In this study, we have identified the minimum data and sampling strategies
required to assess spatial distribution, as follows (Fig. 7.2) : (1) the sampling must be
performed in contiguous quadrats or fixed-area sampling along a transect of the intertidal
zone; (2) there must be a complete list of species for the study site; (3) there must be a
measure of the abundance of each species and where they occur in the given landscape;
(4) a measure of the edaphic parameters and surface elevation; (5) anthropogenic settings
and human factors for example landscape modification (Chapter-3 and-4); and (6) the
temporal dynamics of the forest (Chapter-4 and-5).
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Figure 7.2 Monitoring spatial scale species diversity and zonation using a transect line plot. The orange
boxes indicate the physical factors related to elevation, tidal inundation, and landscape modification. The
yellow boxes indicate the natural influencing factors as well as those induced by humans. The pink boxes
indicate the various phases that could be observed over time in a given ecosystem (Pimple et al., 2021).

In traditional mangrove diversity studies, the combination of remote sensing-based
spatio-temporal dimensions has not been used for sampling design. Distinct spectral and
structural heterogeneity of forest landscapes could be useful prior to the sampling design
stage such as Sentinel-1 SAR, Sentinel-2 MSI, and PlanetScope, and low-cost UAVs
(drones). Remote sensing-based spatially balanced sample approaches, such as area
proportional stratified random sampling, can be used for systematic sampling design
(Grafstrom et al., 2014; Kohl et al., 2006; Olofsson et al., 2014; Wallner et al., 2018). Such
an innovative sampling design enables a higher inventory precision, lower number of
samples, the identification of possible locations for establishing transect lines (seaward to
landward), an understanding of the temporal dynamics of natural, rehabilitated, and
regenerated forest stands, and reduced costs. The spectral and structural variability can
be further used in remote sensing-based classification approaches and accuracy
assessment. To understand mangrove species diversity, it is important to comprehend
the extent of mangrove species” habitats at multiple scales, their interactions with local
environmental and anthropogenic settings, and how they are changing over time
(disturbance, rehabilitation, and regeneration).

Mangrove forest rehabilitation projects are increasingly undertaken in the context of
diversity conservation. With different rehabilitation practices, it is difficult to access the
effectiveness of such rehabilitation compared to natural stands on species diversity.
Under the United Nations Decade on Ecosystem Restoration (2021-2030) lists coastal
ecosystems such as mangrove forests as a restoration priority. Due to this assessing long
-terms impacts of rehabilitation on species diversity are crucial. In order to assess the
effectiveness of rehabilitation in this forest type requires: (1) the starting year of
rehabilitation projects, (2) assessing the time required to stabilize the forest; (3) the
structural development, species diversity, and tree density in comparision to adjacent
natural mangroves. This study (Chapter-4) assessed the viability of a prototype algorithm
to identify the starting year of a rehabilitation project, the number of years required to
reach stability, and the stand age, structural development, and species complexity,
compared to the adjacent natural mangrove stands. Further, we evaluated: (1) how the
rehabilitated mangroves evolved over the last three decades; and (2) whether the
ecological parameters of the rehabilitated forests resembled those of the adjacent natural
stands. The automatic regrowth monitoring algorithm (ARMA) was developed to
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monitor the mangrove rehabilitation projects in this study. Stable annual Landsat
composites allowed for a more holistic assessment of the forest change dynamics. The
integration of historical information from the Landsat annual composites and current
ecological measurements, can be used to monitor the long-term degree of the success of
rehabilitation projects, and compare and assess the species and structural diversities of
the rehabilitated stands with those of the adjacent natural mangroves. The
methodological framework developed during this study is useful to generate a detailed
description of the different aspects of the rehabilitation projects, including the starting
year of the rehabilitation project, the required period to stabilize rehabilitated mangroves,
the current age, the status of development (change or no change due to any disturbance),
biophysical properties (structure), and successional stages (diversity) that are reached by
developing rehabilitated mangrove stands. This method can even be used to monitor the
rehabilitation of the mangroves that occurred in temporal periods before the high-
resolution data were available (i.e., 1999). The proposed method could be used for
monitoring large spatial scale rehabilitation projects. In addition, forest disturbances such
as the effect of tsunamis, lightning strikes, insect damage, and sea-level fluctuations could
be monitored during the growth of rehabilitated stands. Furthermore, this method could
be extended to high-resolution time series (e.g., Sentinel MSI-2) to monitor mangrove
rehabilitation projects.

Assessing mangrove species diversity, zonation, and functional indicators in response to
natural, regenerated, and rehabilitated succession are important for reporting the
baseline of mangrove forest diversity. Most of the reported species diversity at the site
scale did not account for various environmental settings. Although usually not stated in
studies, the collection of sampling plots might have been biased convenient data
collection conditions (e.g. access points from land and water, solid terrain, low degree of
species diversity, and limited samples on rehabilitated vs natural mangroves). As a result,
inadequate sampling methods have been used to report spatial scale diversity baseline.
In addition to the above-mentioned minimum data requirements and sampling
strategies, the inclusion of local environmental and anthropogenic settings is required
(Fig 7.2). Depending on the site-specific local settings such as topography, tidal regimes,
coastal processes, canal networks, edaphic variables, modified landscapes, and
rehabilitations mangrove ecosystems can take the form of (1) a single species zonation: a
single tree species monoculture zone systematically arrayed over the landscape; (2)
grouped zone: two or more species grouped across the intertidal zone; and (3) random
placement or no zonation: species are randomly placed over the landscape.
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In this study (Chapter-5), we investigated the knowledge gaps in terms of potential
spatial diversity, intertidal zonation, and the histroric state of mangrove forest species
and test the role of environmental settings such as topography, as well as rehabilitation
settings on species diversity. We have successfully integrated historic multi-satellite
annual composites, current ecological (transect plot), and micro-topographical
measurements to establish a historic state and zonation for the mangrove forests in the
Trat province of Thailand. In addition, we have developed a modified “automatic
regrowth monitoring algorithm (ARMA)” and summarized the functional indicators by
type for a realistic baseline assessment of species diversity and their temporal dynamics.
Findings of this study indicate that the mangrove species apportion niche spaces, but
there is limited evidence of the zonation patterns for any single species at a given
elevation gradient. This indicates that the different species of mangrove respond
differently to local environmental settings, edaphic gradients, and climate conditions
(Duke et al., 1998; Ellison et al.,, 2000; Twilley, 2008; Twilley et al., 2017). The non-
systematic sampling strategy and qualitative assessment may not capture the species
distribution and zonation patterns at the landscape scale. In contrast, quantification or
statistical testing of zonation (Clarke et al., 2008; Ellison et al., 2000) with a systematic
sampling design can yield more reliable outcomes compared with traditional random
sampling and qualitative approaches. Quantitative studies reported significant species to
overlap along the elevation and other environmental gradients (Ellison et al., 2000; Leong
et al, 2018; Schmiegelow and Gianesella, 2014). To understand mangrove species
diversity spatial and intertidal patterns, it is important to consider the environmental
conditions. Furthermore, the detailed temporal analysis revealed that the diversity
among natural stable, rehabilitated, regenerated, and partially disturbed mangrove
stands is greatly varied. The recovered or secondary succession mangroves were found
to have moderate or no diversity and were structurally less complex when compared to
undisturbed ones. Considering the complex processes involved in mangrove restoration,
incorporate, and consider, aspects of the consequences of conservation interventions for
the diversity, structure, and function of coastal ecosystems. Thus, the spatial diversity
reporting methodological framework must include reliable sampling design,
quantification of diversity in relation to environmental variables, and temporal
dynamics. Such approaches will improve our ecological understanding of the complex
environmental and anthropogenic settings and how only by improving our spatial scale
understanding of the interlinking of these processes can we improve conservation
measures in the future for mangroves. In addition, the complete information has the
potential to be used in either parameterizing or evaluating mechanistic mangrove stand
models (Chapter-1).
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Identifying large spatial scale mangrove species and their associations using remote
sensing imagery is a greater challenge as there are only a few studies that have focused
on long-term classification (Heenkenda et al., 2014; Heumann, 2011; L. Wang et al., 2004).
The mapping accuracy of mangrove species identification evidently depends on 1) the
tide level when using a single date image 2) the availability of clouds and their shadows,
3) the temporal consistency and radiometric stability of the spectral reflectance, 4) the
classifiers used, 5) the selection of the systematic sampling design, and 6) the temporal
dynamics of conservation interventions (Chapter-1). In addition, we suspect that much
remote sensing-based literature on species classification does not accurately account for
the truly complex species patterns. For example, the mangrove species can be found 1) a
single species zonation; 2) grouped zone; 3) random placement or no zonation, and 4)
single species and species associations. Limited spectral bands, non-systematic, and
limited field inventory data can yield spectral confusion during species classification and
may contradict field-based studies (Ellison et al., 2000; Rahman et al., 2019). To address
this it is important to recognize species that tended to co-occur as single species and/or
in associations with similar taxonomic compositions. In this study (Chapter-6), we have
explored the potential multisource satellite for mangrove species identification. The
spatial scale statistical quantification was used to determine species grouping and
distribution (Chapter-5). In addition, Landsat-based time-series to evaluate trends in
species zonation and secondary succession. Obtaining the mangrove species and their
association information was possible owing to a combination of Sentinel SAR and MSI
imagery. Results revealed that the combination of the 34-year Landsat archive, systematic
field survey, and machine learning classifiers with Sentinel-1 SAR and-2 MSI can be a
powerful tool and provide significant advantages for monitoring complex mangrove
ecosystems. In addition, the consistency and quality of such composites may vary
depending on observed pixels in low or high tide. However, inclusion of low tidal images
will enhance the spectral and structural discrimination performance of freely available.

Based on results obtained from this study, we outline good practices that could be used
to enhance the monitoring and enhancing modeling of mangrove diversity (Fig 7.3). The
high-performance open-source computing platforms overcome the limitations associated
with data selection, download, pre-processing of row data, machine learning-based
image processing, and classification applications over larger scales. In this study, we used
the GEE platform to develop contamination-free pixel-based annual composites from the
Landsat, Sentinel-1, and Sentinel-2 data archives, and run the machine learning
classifiers. The selection of low tide, atmospheric contamination-free, and radiometrically
corrected imagery allows the identification of submerged mangroves and maintains the
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spectral and structural heterogeneity within different forest species or their associations.
The stratification of mangroves as an area of interest reduces the spectral and structural
confusion caused by other vegetation categories. Integration of structural and spectral
remote sensing data could be used to establish thematic categories for a spatially balanced
sampling strategy. Further, this can be used to select the locations of transect lines and
sampling plots across the landscape. The quantification or statistical testing of species
zonation and distribution in relation to various environmental variables (e.g., topography
or inundation) must be performed. In addition, the inclusion of anthropogenic settings
such as the secondary succession of diversity caused by rehabilitation, restoration, and
regeneration must be defined to understand the dynamics of diversity change. The above
information can be integrated with machine learning and deep learning techniques can
be used for classifying mangrove species. The information obtained from above the
practices could be used either in parameterizing or evaluating mechanistic mangrove
stand models.
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Figure 7.3 Summary diagram highlighting the proposed good practices using earth observation data,
systematic sampling design, and environmental variables to monitor species diversity and enhance the
performance of modeling approaches.

Overall, this study provides a novel and state of the art decision-support-system for
monitoring various ecological and management aspects of mangrove forestry (Fig 7.4).
This framework will be beneficial when developing action plans to monitor the health
and diversity of natural and restored mangroves. Furthermore, the tools developed in
this study could provide a more realistic spatial validation for various restoration and
biodiversity prediction models. Further, such a decision-support system may help
ecologists or forest practitioners around the world to plan and conduct field inventories
in a more systematic way, which could further be linked to spatial and temporal scale
studies to improve the usability of resources to improve regional-scale knowledge. In
addition, modeling approches could benefit considerably from accurate information on
the spatio-temporal evolution of mangrove diversity, especially at larger spatial scales.
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Abstract :

In the United Nations decade on ecosystem restoration 2021-2030, coastal ecosystems such as
mangroves are listed as a priority for biodiversity restoration. Therefore, understanding large-
scale mangrove species diversity and temporal changes are important for predicting
ecosystem health, viability, and resilience against changing climate and human pressure.
However, it is also crucial to understand the effects of conservation interventions when
considering future conservation efforts and policies for mangroves. To address these concerns,
we must improve our ability to gather reliable forest inventory measurements, spatial scale
biodiversity predictions, and good practices for using Earth observation data. In this study,
we investigated the knowledge gaps considering potential spatial diversity, intertidal
zonation, and the historic state of mangrove forest species, and tested the role of
environmental settings such as topography and anthropogenic (rehabilitation or plantation)
settings on diversification. We have successfully integrated historic multi-satellite data,
current ecological data, and micro-topographic measurements to establish a historic state and
zonation for the mangrove forests in the Trat Province of Thailand. The method introduced in
this study allows us to overcome the technical limitations of monitoring protocols and
provides a powerful decision-support system to assess the forest recovery period, structural
growth, and species composition of plantations and natural native stands over three decades.
This study also identifies the main influencing factors that hinder the quality of Earth
observation data and propose best practices specific to mangrove ecosystem monitoring. In
addition, we developed the “automatic regrowth monitoring algorithm (ARMA)” tool and
summarized the functional indicators (secondary succession) by type. ARMA can identify
plantation years, recovery period, age, and structural development of rehabilitated
mangroves compared with their adjacent natural and naturally regenerated mangroves. We
believe that our study makes a significant contribution to mangrove biodiversity research, as
it has several potential applications for restoration management planning, and therefore will
be a useful tool to measure and evaluate biodiversity and thereby improve ecosystem-based

mangrove forest management.
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Titre : Dynamique spatio-temporelle de la forét de mangrove dans la province de Trat en
Thailande

Mots-clés: Province de Trat; diversité des especes de mangroves en Thailande; algorithme
de suivi automatique de la repousse; composites annuels Landsat; mangroves réhabilitées;
moteur Google Earth; inventaires systématiques sur le terrain; influence des marées;
restauration des écosystemes.

Résumé:

Dans le programme 2021-2030 des Nations Unies sur la restauration des écosystemes, les
mangroves sont identifiées comme une priorité pour la conservation et la restauration de
la biodiversité. Il est donc important d’en comprendre la diversité spatiale et temporelle
en especes afin d’en évaluer la résilience face aux changements climatiques et aux
pressions anthropiques. Il est également crucial de comprendre les effets des actions
précédemment menées lorsque 1'on envisage le développement de politiques ambitieuses
de conservation et de restauration. Pour répondre a ces préoccupations, nous avons di
développer des méthodes d'inventaire forestier fiables, prédire spatialement la
biodiversité et utiliser de fagon adéquate les données d'observation de la Terre. Dans cette
étude, nous avons analysé les lacunes de connaissances concernant I’organisation spatiale,
la zonation intertidale et I'histoire récente des mangroves de la province de Trat. Nous
avons étudié I'impact, sur la diversification forestiere, des parametres environnementaux
comme la topographie et les parametres anthropiques comme la réhabilitation des
peuplements ou les plantations. Nous avons réussi a intégrer des données multi-satellites
historiques, des données écologiques actuelles et des mesures micro-topographiques pour
établir un état et décrire 1'organisation spatiale des mangroves de la province de Trat. La
méthode présentée dans cette étude nous permet de surmonter les limites techniques des
protocoles de surveillance et fournit un puissant systeme d'aide a la décision pour évaluer
la période de récupération de la forét, la croissance et la composition en especes des
plantations et des peuplements naturels sur trois décennies. Cette étude identifie
également les principaux facteurs d'influence qui nuisent a la qualité des données
d'observation de la Terre et propose de meilleures pratiques spécifiques a la surveillance
des écosystemes de mangrove. En outre, nous avons développé l'outil "automatic
regrowth monitoring algorithm (ARMA)" et résumé les indicateurs fonctionnels
(succession secondaire) par type de peuplement. ARMA peut identifier les années de
plantation, la période de récupération, l'age et le développement des mangroves
réhabilitées par rapport aux mangroves naturelles ou régénérées naturellement. Nous
pensons que notre étude apporte une contribution significative a la recherche sur
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caractérisation de la biodiversité des mangroves, car elle a plusieurs applications
potentielles pour la planification et la gestion de la restauration forestiere. Cet outil est
utile pour mesurer et évaluer la biodiversité et pourra ainsi améliorer la gestion des foréts
de mangroves.
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