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by Julio Pastor-Guzman

Mangrove forests are evergreen intertidal salt-tolerant communities that offer numerous
ecosystems goods and services, and play an important role in the carbon cycle on the
coastal area. Despite the recognition of their benefits, these tropical and subtropical
forests are under anthropogenic pressure such as urban expansion, agriculture,
aquaculture, degradation and deforestation. Therefore, there is a need to have
up-to-date, spatially continuous information to assess mangrove status. This can be
achieved through the accurate estimation of biophysical variables and through the
understanding of spatio-temporal dynamics. This thesis focuses on the dynamics of
mangrove forests from regional to global scale using in situ and multi-temporal remote
sensing data to retrieve biophysical information, investigates mangrove forest
phenology and its environmental drivers. The particular objectives are to: (i) assess the
potential leaf hyperspectral data and Landast-8 using OLS and Machine Learning
algorithms to estimate mangrove chlorophyll concentration, (ii) characterise the
mangrove forest phenology at regional scale and to validate with ground biophysical
data, (iii) for the first time characterise the mangrove forest phenology at global scale
and provide insights on the global environmental drivers. The results from these studies
could provide reliable information for rapid assessment of the status of mangroves
forests. They also serve as baseline to compare future changes derived from
anthropogenic degradation and the changing climate. Future work should focus on the
use of new optical satellites with improved capabilities to retrieve biophysical variables.
Given the importance of mangroves as carbon sinks future work should also focus on
the link between remotely estimated biophysical properties and carbon exchange at
ground level.
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Chapter 1

Introduction

Mangroves are salt tolerant plants that inhabit the sheltered coasts, rivers and estuaries

of tropical and subtropical regions (Spalding, M. D. et al., 1997). Mangroves cover

approximately 13.7 million ha of shorelines across 118 countries typically between 30° N

and 30° S (Giri et al., 2011). These plants form a unique and complex environment that

carries out crucial ecological functions and offer a wide range of ecosystem services.

The term “mangrove” has been used to refer to both an individual plant and the forest

community. To avoid confusion, Macnae, W. (1968) proposed the word “mangal”

should refer to the forest community and the word “mangroves” should refer to the

plant species. The Encyclopedia of Estuaries defines mangroves as “dicotyledonous

woody trees and scrubs that grow above mean sea level to form intertidal forests along

subtropical and tropical coasts” (Alongi, 2016). Through this thesis, the terms

“mangrove forest” and “mangal” will be used interchangeably referring to the intertidal

association of halophyte evergreen tree species found at the interphase of ocean and

land.

Mangroves are taxonomically diverse, a total of 54 species grouped into 16 families and

20 genera are considered mangroves (Kathiresan and Bingham, 2001). Only 30 of those

species dominate the communities of the world and 25 of these belong to two families:

Aviceniaceae and Rhizophoraceae (Hogarth, 2007). The latitudinal distribution of

mangroves is thought to be delimited by seawater temperature, more specifically by the

1
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20°C winter isotherm and where mean air temperature seasonal range does not exceed

10°C, while the longitudinal limit ranges from the mean sea level to the highest tide

(Duke et al., 1998).

The diversity of mangrove species around the world is variable. Southeast Asia is the

region with the largest amount of species, approximately 40, while Africa and the

Americas account for 15 and 10 respectively species (Kathiresan and Bingham, 2001)

Figure 1.1. An evident feature is that the number of mangrove species tends to decrease

as mangrove forests reach the 20°C isotherm (Hogarth, 2007). Mangroves develop in a

harsh environment where other species cannot survive. This environment is

characterised by high salinity, high temperature, extreme tides, high sedimentation and

muddy anaerobic soils (Giri et al., 2011). In order to survive successfully under these

conditions mangroves have developed some morphological and physiological

adaptations. Examples of adaptations include; aerial and shallow roots to allow gas

exchange in anoxic soils, the ability to exclude salt from entering the roots and the ability

to excrete excess salt, vivipary and dispersal of propagules by water (Tomlinson, 1995).

Figure 1.1: Mangrove species richness. Higher concentration found in South-East Asia.

Source: https://publicwiki.deltares.nl/display/BWN1/Mangroves.

In relatively steep topographies mangrove communities tend to show a structural

zonation parallel to the shoreline where monospecific zones are clearly distinguishable.

The cause of the zonation is not fully understood and the relative importance of the

driving factors cannot be generalized. These controlling factors include plant succession,

https://publicwiki.deltares.nl/display/BWN1/Mangroves
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species physiological tolerances, predation, propagule size, geomorphology, species

competition (Alongi, 2009; Hogarth, 2007; Kathiresan and Bingham, 2001; Tomlinson,

1995). Given the inability to discern a consistent theory to explain mangrove forest

zonation due to the number of exceptions, Lugo and Snedaker (1974) described five

physiognomic types of mangrove forests based on wave energy, flooding regime and

pore water salinity. These are (1) fringe, (2) over washed islands, (3) riverine, (4) basin

and (5) dwarf.

Worldwide, mangrove forests are recognized as an outstanding source of goods and

services which may vary in magnitude and quality depending on the physiognomic type

(Ewel et al., 1998). Some of the ecosystem services attributed to mangroves include

carbon sequestration and storage, shelter for species of commercial interest, tourism,

protection against coastal erosion and against tsunamis. Conservative estimates of the

economic value of mangrove are around $1.6 billion USD per year (Costanza et al., 1997).

Despite their ecological and economic value, mangrove forests are one of the most

threatened forests on earth. During the last decades approximately 30% to 35% of

mangrove cover has been lost globally (Barbier et al., 2008; Valiela et al., 2001). Human

induced impacts are the most pressing threats on mangroves, these include land use

change, conversion to shrimp farming, deforestation and pollution. The negative

impacts may be exacerbated by global changes in climate which are predicted to

produce an increase in sea level rise, increase temperature and atmospheric CO2,

changes in rainfall pattern and the frequency of extreme events (Gilman et al., 2008).

1.1 Remote sensing biophysical properties of mangroves

Precise and continuously updated spatial information is essential to assess mangrove

status and to make knowledgeable decisions for management and conservation.

Traditional methods involving field surveys present logistic difficulties as they are time

and resource consuming. For these reasons, remote sensing has emerged as a useful tool

to monitor biophysical indicators of mangrove forests. Remote sensing provides
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spatially explicit and recurring information at different spatial scales and spectral

resolutions that can be used for multiple purposes such as mapping mangrove cover,

biomass estimation, change detection, estimate biophysical and biochemical variables

such as Leaf Area Index (LAI), chlorophyll content as well as phenological stage.

Accurate quantification of biophysical variables is critical to assess mangrove forest

condition objectively. To reach this goal scientists have used close range remote sensing

instruments and satellite imagery. Successful examples of LAI, diameter at breast height

(DBH), percentage of canopy closure, tree height and crown diameter mapping have

been reported in the literature for a range of sensors: SPOT and Landsat TM (Green

et al., 1997), Ikonos (Kovacs et al., 2004), ASTER (Jean-Baptiste and Jensen, 2006);

Environmental Satellite (ENVISAT) Advanced Synthetic Aperture Radar (ASAR)

(Kovacs et al., 2013b,a, 2008); LiDAR (Wannasiri et al., 2013); WorldView-2., ALOS

AVNIR (Advanced Visible and Near Indfre2 red Near-Infrared Radiometer type 2)

(Kamal et al., 2016). Typically the estimation of the biophysical variables is based on the

empirical relationship between ground point values and the sensors pixel radiometric

values. In the case of optical sensors, the Normalized Difference Vegetation Index

(NDVI) has shown good correlation with LAI. With respect to radar datasets, different

incidence angles, spatial resolutions, polarimetric modes have been used to map the

condition of mangrove stands and to estimate biomass.

1.2 Remote sensing mangrove forest dynamics

One important aspect of vegetation is the evolution of biophysical and biochemical

variables through time. The study of the temporal variation in vegetation properties is

vital for the investigation of carbon and hydrological cycles, impact of climate change,

species interactions, vegetation condition and phenology (Menzel, 2002; Richardson

et al., 2013). Since the reflectance of vegetated areas correlates with biophysical and

biochemical properties, it is assumed the temporal dynamics of vegetation surface

reflectance responds to changes in these properties.
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Photosynthetic pigments have been regarded as reliable indicators of physiological

status, senescence and stress (Carter and Knapp, 2001; Penuelas and Filella, 1998). For

this reason, direct or indirect measurements of photosynthetic pigments, such as

chlorophylls, have been conducted in plants of commercial interest and in a variety of

tree species (Coste et al., 2010; Markwell et al., 1995; Mielke et al., 2010; Richardson et al.,

2002; Uddling et al., 2007). Evidence suggests that mangrove leaves experience seasonal

changes in chlorophyll (Flores-de-Santiago et al., 2013a,b, 2012); however, these studies

are constrained to a few geographical locations and individual trees, and the question of

whether this variation can be tracked using optical satellite data has not been

investigated.

The study of the seasonal dynamics in the electromagnetic radiation reflected from land

and vegetated areas is known as land surface phenology (LSP). It is pertinent to make a

distinction between LSP and phenology. Phenology refers to the study of the timing of

recurrent plant life cycle events controlled by environmental drivers (Morisette et al.,

2009). Examples of mangrove phenology include the timing of leaf recruitment, leaf

shedding, flowering, fruiting and propagules release and the most common way to

characterise it is through the collection of litterfall (Duke, 1990; Kamruzzaman et al.,

2016; Leach and Burgin, 1985; Saenger and Snedaker, 1993). LSP on the other hand,

refers to the timing of reflectance changes produced by the combined effect of the

vegetation that falls within the unit of area (i.e. pixels size) measured by the sensor

(Hanes et al., 2014). Therefore, by definition LSP does not provide information about the

phenophases of individual plants (leaf flush, leaf shedding, flowering) (Hanes et al.,

2014) but describes the seasonality of the landscape.

Remote sensing phenology has gained increasing attention over the last few decades.

Numerous studies have investigated the phenology of many vegetation types at

different scales and resolutions (Beck et al., 2006; de Beurs and Henebry, 2004; Cleland

et al., 2007; Ganguly et al., 2010; Julien and Sobrino, 2009; Moody and Johnson, 2001;

Reed et al., 2009; Stockli and Vidale, 2004). These studies have recognised the crucial role

of LSP to understand ecosystem functioning at broad spatial scales. However, although
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LSP is emerging as an important discipline due to the direct connection to climatic

drivers, local conditions and to its potential to understand other ecological processes,

phenology studies on mangrove forests are limited or non-existent.

Many vegetation types such as deciduous trees, deciduous shrubs and grasslands show

pronounced seasonality in biophysical and biochemical properties such as LAI,

chlorophyll content. Those biophysical and biochemical variables are directly associated

with photosynthetic capacity and productivity. Mangroves forest on the other hand, is

regarded as an evergreen vegetation type, therefore, the question of whether mangroves

have a distinct seasonality in their biophysical and biochemical properties observable

through remote sensing remains unclear.

1.3 Research gaps and problem statement

Numerous studies have been conducted to estimate biochemical properties of crops and

natural vegetation at various spatial scales. However, little attention has been paid to the

estimation of biochemical properties such as chlorophyll content on mangrove forests at

leaf, canopy and landscape levels and to its variation over time. In addition, remote

sensing of land surface phenology has gained impetus due to a strong and measurable

link between biological events, climate and human disturbances.

Nevertheless, significant ecosystems that provide services to human kind, such as

mangrove forests, remain poorly investigated. The research problem can be stated as

follows: there is a lack of substantial knowledge about the estimation of mangrove

biochemical and biophysical properties using remote sensing and about the seasonal

behaviour of these properties.
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1.4 Objectives

To address the identified research gaps this thesis aims to:

(1) investigate the capability of optical remote sensing methods to estimate

biochemical properties of mangrove forest, in particular chlorophyll concentration

at leaf and canopy level using field spectroscopy and moderate spatial resolution

multispectral Landsat 8,

(2) characterise the spatial and temporal variation in mangrove forest phenology

using time series of satellite derived vegetation indices and investigate factors

affecting mangrove forest phenology at Landscape scale,

(3) characterise the mangrove forest phenology at global scale over last decade to

identify spatial and temporal differences in phenological attributes.

1.5 Thesis structure

This thesis consists of seven chapters. After this introductory chapter, Chapter 3 to

Chapter 5 are arranged in a manuscript format for submission in a peer-reviewed

journal. Chapter 2 places this work in context with a literature review. The last two

chapters present an integrated discussion and a conclusion.

Chapter 3 investigates the potential of the latest high spatial resolution satellite of the

Landsat Program, Landsat 8, to estimate the spatial and seasonal variability mangrove

chlorophyll concentration at a landscape level within the north west of the Yucatan

Peninsula, Mexico.

Chapter 4, explores the seasonal variation of mangrove phenology at a regional scale

and the link to biophysical and climatic variables. Four vegetation indices associated to

different aspects of vegetation growth were used to characterise the phenology of the

mangrove forest of the entire Yucatan Peninsula, Mexico.

Chapter 5, characterises for the first time the mangrove forest phenology at a global scale
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using moderate resolution satellite data. Phenological variables were analysed by the

main coastal biogeographic regions. Environmental drivers known to influence the

physiology and metabolism of mangroves are investigated in relation to mangrove

global phenology.

Chapter 6, provides a discussion about the importance of this thesis findings, their

limitations and future work.

Chapter 7 draws the key conclusions from this study.



Chapter 2

Literature Review

2.1 Introduction

Mangrove forests cover approximately 13.7 million of tropical and subtropical shorelines

across 118 countries (Giri et al., 2011) Figure 2.1. Mexico ranks 5th in terms of mangrove

coverage (742,000 ha) worldwide; 55% of this coverage lies on the Yucatan Peninsula.

The literature reveals a wealth of direct and indirect ecosystem services provided by

mangroves (Barbier et al., 2011; Ewel et al., 1998; Vo et al., 2 12).

9
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Figure 2.1: Mangrove forests global distribution. Modified from Giri et al. (2011).

The objective of this literature review is to present and discuss the most relevant works

on mangrove forests. In doing this, it attempts to answer the following questions: Why

are mangroves important? Why do we need to monitor them? Are they changing or

responding to changes in climate? What can remote sensing offer to the study and

monitoring of mangrove forests?

The review begins by stating the scientific importance of mangrove in terms of their

productivity and their capacity to store carbon. Then the value of mangrove in disaster

risk mitigation is discussed. Subsequently the importance of mangrove from the

economic perspective is reviewed. Then mangrove forests threats are discussed

including land use change and conversion, deforestation, aquaculture, pollution and

sediment input. Once the scientific relevance of mangrove and the need to study this

ecosystem have been established, the question of what can remote sensing offer, is

addressed. Examples of the use of remote sensing are discussed, ranging from
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classification to biophysical variable estimation, covering both, field spectral information

up to satellite observation.

2.2 Scientific importance

2.2.1 Mangrove Productivity

Mangroves are amongst the most productive environments on earth (Jennerjahn and

Ittekkot, 2002). According to estimations on marine ecosystems, mangrove productivity

is only exceeded by coral reefs (Duarte and Cebrián, 1996). Above ground biomass of the

world´s mangroves was estimated to be ~2.83 Pg, almost half of which is located in

Southeast Asia (Hutchison et al., 2013) Figure 2.2.

Figure 2.2: Global estimation of mangrove above ground biomass at 1° spatial resolution.

Modified from Hutchison et al. (2013).

Over the last decades, three methods have been commonly used to estimate mangrove
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productivity: biomass estimation (Fatoyinbo et al., 2008; Hirata et al., 2014; Hutchison

et al., 2013; Komiyama et al., 2008; Ross et al., 2001; Simard et al., 2006), gas exchange

(Barr et al., 2009; Okimoto et al., 2013, 2008) and litterfall (Adame et al., 2013b; Alongi,

2011; Mandal et al., 2013; Saenger and Snedaker, 1993; Twilley et al., 1986).

Biomass estimations are generally conducted through the development and application

of allometric equations. The principle behind the allometric equations is the empirical

relationship between structural measurements, such as tree diameter and tree height,

and biomass components, such as trunks and above-ground biomass. For instance, Ross

et al. (2001) developed allometric equations for three mangrove species (R. mangle, L.

racemosa and A. germinans) using seven tree structure variables (total height, height to

base of crown, trunk diameter, crown length and width, crown depth and crown

volume). Although the use of allometric equations is widespread, equations are site and

species specific and therefore they are mostly applicable to a particular site (Komiyama

et al., 2008).

Alternative techniques which involve the use of remote sensing data have been

employed to estimate above ground biomass. Simard et al. (2008) developed a method

to map height and biomass in south Florida mangrove using Shuttle Radar Topography

Mission (SRTM), Airborne LiDAR and allometric equations available in the published

literature. This technique was further adapted and tested in Mozambique with relative

success (Fatoyinbo et al., 2008). Whilst these method have a great potential to be

employed at broad spatial scale, for instance STRM data is available for 80% of the world

(Simard et al., 2006), they suffer from uncertainties derived from tree height estimations

and from allometric equations employed (Hutchison et al., 2013). Recently, Hirata et al.

(2014) used both, allometric equations and Quick-Bird satellite data to estimate biomass

at high resolution. The two techniques tested produced similar results (R2 = 0.65).

In addition to biomass estimation, one method to account for mangrove productivity is

gas exchange such as Carbon dioxide (CO2). Two main techniques have been applied in

mangroves to measure CO2 fixation: gas exchange analysis (Barr et al., 2009; Okimoto

et al., 2013, 2008) and eddy covariance (Barr et al., 2010). The former is based on the
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measurement of photosynthetic absorption and respiration emissions. Okimoto et al.

(2008), employed Photosynthetic CO2 Exchange Rate measurements of single leaves in

response to light and temperature along with tree growth curve analysis to estimate

mangrove productivity on a monoculture of Kandelia candel in Vietnam. These two

methods were later used in a monoculture of Rhizophora apiculata in Thailand

(Okimoto et al., 2013). Although there were some discrepancies in the estimation of

annual net carbon fixation between the two methods, the gas exchange analysis method

proved to be effective and applicable to different species of mangrove. Barr et al. (2009),

measured CO2 fluxes in the Everglades, Florida using in situ gas exchange

measurements. The authors found a decrease in carbon assimilation rate when salinity

was higher than 35 ‰, suggesting that salinity is a key driver of mangrove productivity.

The second approach to estimate productivity through gas exchange is the eddy

covariance method. Turbulent vortices of wind above the canopies, better known as

eddies, transport trace gases such as CO2 and water vapour, sensors mounted on a tower

measure the vertical difference of gases in the vortices. This is the basic theory of eddy

covariance technique, the result is presented in terms of the covariance between the

wind velocity and the concentration of CO2 (Baldocchi, 2003). Barr et al. (2010),

estimated Net Ecosystem Production (NEP) using eddy covariance measurements and

investigated the key environmental factors that influence Net Ecosystem Exchange

(NEE). The authors reported a NEP of 1,170 ± 127 gm−2 during 2004. The authors also

observed a decrease in Light Use Efficiency (LUE) with increasing salinity. Further, Barr

et al. (2010) investigated the effect of hurricanes in mangrove productivity. Changes in

canopy architecture due to wind defoliation favoured an increase in soil respiration, and

these new conditions translated into lower NEE values in the post-storm period.

In addition to biomass and gas exchange, litterfall measurements have been widely used

to estimate mangrove productivity (Saenger and Snedaker, 1993; Twilley et al., 1986).

According to Bouillon et al. (2008), litterfall accounts for approximately 32% of total

mangrove Net Primary Production (NPP). Litter refers to the shed vegetative and

reproductive plant structures such as leaves, flowers, twigs and fruits. The method to

estimate litterfall and its components is relatively simple and inexpensive; it consists in a
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suspended basket located below the canopy. The basket size and the criteria used to

locate it within the study area varies from one study to another; usually the basket is 0.25

m2 - 1 m2 and its location design can be random or stratified (Adame et al., 2013b).

Global estimations of litterfall in mangrove ecosystems range from 1.3 to 18.7 t ha−1 yr−1

(Saenger and Snedaker, 1993). Litter production estimates vary due to numerous factors,

evidence suggests litter production is affected by seasons (Wafar et al., 1997), type of

forest, temperature; rainfall (Day Jr. et al., 1996); latitude (Saenger and Snedaker, 1993);

salinity (Lopez-Portillo and Ezcurra, 1985); Total Phosphorous (Adame et al., 2013b) and

strong winds produced by storms and hurricanes (Doyle et al., 1995). In addition, to

provide information about productivity, the amount and timing of litter components can

also be an indicator of phenological events such as leaf fall and production of leaves and

fruits (Kamruzzaman et al., 2012).

2.2.2 Mangroves as Carbon Sources and Sinks

Forest ecosystems absorb and retain atmospheric CO2 for long-term which otherwise

would be returned to the atmosphere; this process is known as “carbon sequestration”

(Lal, 2008; Pan et al., 2011). Carbon (C) retained or sequestered by coastal ecosystems

such as tidal marsh, seagrass and mangroves is recently known as “blue carbon” and it

has been focus of attention in the last years (Mcleod et al., 2011; Pendleton et al., 2012).

The recognition of mangrove in the global C cycle obeys to mangrove characteristics

including rapid sediment accretion (Bouillon et al., 2008), high productivity (Twilley and

Day, 1999) and low respiration rates (Barr et al., 2010).

Mangrove ecosystems are known to have one of the largest carbon stocks at the

landscape level. The majority of studies on mangrove productivity and carbon

sequestration are based on measurements of litterfall and aboveground biomass.

However, evidence suggests that most of the C is buried in soils and dead roots (Alongi,

2012; Bouillon, 2011). Data on C storage capacity of mangroves have been reported for

various countries across the globe including Australia (Lovelock et al., 2014a), China

(Liu et al., 2014b), Asia-Pacific (Donato et al., 2011), Africa (Jones et al., 2014), Caribbean
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(Adame et al., 2013a; Kauffman et al., 2014). Perhaps the greatest effort to estimate above

and below ground C storage at ecosystem level was conducted by Donato et al. (2011) in

the Indo-Pacific. In this study, 25 mangrove systems were sampled for sediment carbon,

standing tree and dead-wood biomass. According to their analysis, above ground C was

~159 Mgha−1, while below ground storage represented 71-98% and 49-90% of total C

storage in estuarine and oceanic mangroves, respectively. Further, Donato et al. (2011)

extrapolated their results and estimated a global C stored below ground from 4 to 20 Pg.

In China, C stocks were estimated at 6.91 ± 0.57 Tg of C, of which more than 80% was

within 1 m of soil (Liu et al., 2014b). In average, China’s mangrove forest store 355.25 ±

82.19 Mgha−1 C. Similarly, in the south east of Mexico (Adame et al., 2013a) reported

987 ± 338 Mgha−1, 623 ± 41 Mgha−1, 381 ± 52 Mgha−1 and 177 ± 73 Mgha−1 for tall,

medium, dwarf mangrove and marshes, respectively.

Carbon stocks are variable among mangrove systems and have been associated with

hydro-geomorphology, site physico-chemical gradients and forest structural traits. For

instance, in a karstic soil, Adame et al. (2013a) reported the highest C stocks in tall

mangroves. However, the role of forest stature is not clear; Kauffman et al. (2014),

reported the highest C stocks for medium height mangroves. Groundwater

Phosphorous (P) concentration influences primary productivity in wetlands

(Rejmánková, 2001) and potentially C stocks. In accordance with Rejmánková (2001),

Adame et al. (2013b) found the highest C stocks in soils with low salinity and high P.

Storage of C also differs among mangrove species. In India, C sequestration potential of

two mangrove species was investigated. Analysis suggested that sequestration was 75%

higher in A. marina than in R. mucronata. Similarly, in China Liu et al. (2014b) reported

higher C sequestration in four species of mangrove (R. stylosa, S. apetala, B. gymnorrhiza,

B.sexangula, and S. caseolares). Furthermore, the significant level of C storage reported in

mangrove forests is also associated to sediment accumulation.

Mangroves grow in tidal environments on the land-sea interface. High tides bring in

mineral and organic matter that accumulate vertically due to the input of sediment and

detritus (McKee, 2011; Victor et al., 2004). Carbon Sequestration rates in sediments
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depend on hydro-geomorphological conditions and sediment accretion rates. Recent

work has further shown that weak energy local settings, such as river-dominated

mangrove, presented the highest C accumulation rates (Yang et al., 2014). Another factor

that facilitates C sequestration could be CO2 increase. A controlled experiment in a

wetland showed that artificial CO2 enrichment stimulated soil elevation (Lange and

Jiddawi, 2009). In addition, flooded anoxic conditions of mangroves sediments prevents

organic carbon to be broken and released by microbes, favouring C sequestration

(Mcleod et al., 2011). Conversely, nutrients contamination could be a limiting factor of C

sequestration. In areas with relatively high concentrations of P, indicating pollution

derived from agriculture and urban development, Lovelock et al. (2014b) observed low

rates of C sequestration in Moreton Bay, Australia. Although mangrove forests

sequester a significant amount of C, there exist other important C sinks. Boreal and

subarctic peatlands are well known as C sinks due to their extensive spatial distribution

(Turunen et al., 2002). Due to the anaerobic conditions and bacterial activity, peatlands

are net sources of large amounts of CH4 (Smith et al., 2004), one of the group of

greenhouse warming gases. On the contrary, the saline tidal soils of mangroves and salt

marshes inhibit methane production making emissions of this gas negligible (Bartlett

and Harriss, 1993; Ding et al., 2004).

Finally, the results of the studies cited above revealed that disturbance and degradation

of mangrove ecosystem could lead to reductions in C sequestration rates and ultimately

to the release of CO2 stored in mangrove sediment. Changes in soil chemistry may result

in a decrease in C sequestration rates and increases in sediment respiration. Clearing

mangroves and using the land for alternative purposes increases CO2 efflux (Lovelock

et al., 2011). Pendleton et al. (2012) estimated that emissions of CO2 derived from coastal

wetlands disturbance would be ~0.45 Pg. Since mangroves contain more C ha−1, it is

expected that half of these emissions would come only from mangrove forests. In

addition, ecosystem degradation will affect an array of services provided by mangrove

such as fisheries nursery and biodiversity support and will increase the threat from

coastal hazards.
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2.3 The role of mangrove in disaster risk reduction

Besides the above mentioned values of mangrove ecosystem in terms of C sequestration

and storage, mangroves also play a role in coastal hazard mitigation and shoreline

protection. Mangroves aid to mitigate disaster risk by reducing wave energy (Tuyen and

Hung, 2009), attenuating of storm surge (Zhang et al., 2012b; Baird et al., 2009) and

reducing wind damage (Das and Crépin, 2013). Given the location of mangrove forests

between land and open ocean, they receive the energy of water masses in motion. This

energy is dissipated as the water mass moves through the mangroves (Tuyen and Hung,

2009). Wave attenuation capacity of mangroves is given by interaction of water with

roots, stems and canopies which act as physical barriers. In a review, Hashim et al.

(2013) analysed the role of mangrove and wave characteristics involved in wave

attenuation (such as species, density, forest width, size of tree, water depth and incident

wave height). The authors concluded that dense forest with larger width and higher

wave would increase the rate of wave energy dissipation.

Field measurements have shed light on the role of mangroves as a component of wave

attenuation. The specialized roots structures know as pneumatophores and the roots

themselves create friction as water moves through the mangrove. Based on field

observations in the north of Vietnam, (Mazda et al., 2006) concluded that

pneumatophores of Sonneratia sp. created a rough surface reducing wave energy at

shallow water depth; while at high water level the authors concluded that thick leaves of

the mangrove were more efficient. Species of the genera Rhizophora are characterized

by their stilt roots. In a study that covered several locations in Sri Lanka (19 locations)

and Thailand (29 locations) it was observed that stilt roots of R. mucronata and R.

apiculatawere effective at protecting the coast (Tanaka et al., 2007). Another important

factor is forest density. In another field study in Thailand that involved two transects

with different slopes and vegetation characteristics, significant correlation was found

between vegetation density and wave energy attenuation (Horstman et al., 2012).

Research also suggest that wave height, and thus wave energy, decreases with forest

width. Bao (2011), reported that a wave with an average height of 3 m would require,
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depending of mangrove structure, <40 m to >240 m of mangrove width to decrease

wave height to 30 cm.

The wave attenuation capacity of mangroves seems to be a natural defence against storm

surges and tsunamis. Numerical and field observations suggested that inundation

produced by hurricane Wilma, which hit the coast of Florida in 2005, would have

extended 70% more without mangrove cover (Zhang et al., 2012b). Furthermore, Liu

et al. (2013b) concluded that mangroves are more effective at reducing flooding derived

from fast moving, weak hurricanes than slow moving, large strong ones. It has also been

claimed that mangrove may reduce the death toll in extreme events. (Das and Vincent,

2009) analysed more than 400 villages that had mangrove between them and the ocean

to test the effect of mangrove in reducing the death toll of the storm surge produced by

the 1999 super cyclone in the west coast of India. Results suggested that mangroves

significantly reduced the number of deaths. However, the question still remains whether

an early warning system could save more lives than mangroves alone (Baird et al., 2009).

In addition to provide physical protection against storm surges, Das and Crépin (2013)

suggest that mangroves also provide protection against wind damage. In the case of

tsunami, model simulations by Hiraishi and Harada (2003) suggested 90% reduction of

tsunami flow pressure at 100 m of a forest with a density of 3000 mangrove trees per ha.

Another model simulation by Teo et al. (2009), showed significant tsunami velocities

attenuation using different scenarios of forest density and trunk diameter. In addition,

Tanaka et al. (2007) identified other protective benefits of mangrove during tsunami

such as soft-landing surface and escape structures for people and trapping effect for

debris. Despite the apparent consensus, there is some degree of scepticism regarding the

importance of mangrove in protecting the coast because dissipation of wave energy by

vegetation not only depends on mangrove forest characteristics but also on the wave

incident conditions and coastal geomorphology. Cochard et al. (2008) suggests that

protection from tsunami waves was better explained by the distance from the epicentre

and by coastal topography.

Furthermore, the protective role of mangroves is not limited to storm surges and
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tsunamis. Mangroves also protect the shoreline in a direct and indirect way by reducing

erosion and facilitating sedimentation (Gedan et al., 2011). Directly, mangroves reduce

coastal erosion stabilizing sediments and inducing deposition. This process was

explained by Furukawa et al. (1997) and Furukawa and Wolanski (1996). High tides

bring in sediment, as the mass of water flows through the mangrove the roots create

turbulence suspending fine cohesive sediment. At high tide the fine sediment creates

flocs and, due to the slow velocity, the ebb tide is not able to res-suspend the sediment.

Mangroves also affect the hydrodynamics indirectly. Average rates of soil accretion are

estimated as 5 mmyr−1 ranging between 0.1-10 mmyr−1 (Alongi, 2012). Moreover,

decaying plant material and roots contribute to enrich the soils building up vertically;

most importantly, organic-rich soils have a slower rate of erosion (Mudd et al., 2010).

The role of mangrove at mitigating coastal hazards has been well documented.

Although there is some degree of scepticism (Cochard et al., 2008; Feagin et al., 2010), the

evidence accumulated that supports this claim is overwhelming (Gedan et al., 2011).

Moreover, in addition to the contribution to C dynamics in the coastal area and the

physical benefits mentioned in this section, mangroves provide other ecosystem services

to coastal populations that result in significant economic profit.

2.4 Economic value of mangrove

In addition to provide C storage and protection from coastal hazards, a wealth of

ecosystem goods and services are attributed to mangroves; improve water quality

(Adame et al., 2010), support biodiversity (Nagelkerken et al., 2008) and fishery

catchments (Mumby et al., 2004). The value of an ecosystem can be subjective as it can be

interpreted in numerous ways. Mangroves for instance have an ecological,

socio-cultural and economic value. However, expressing the value of an ecosystem in

monetary terms is useful because it raises awareness about the relative importance of the

ecosystem (de Groot et al., 2 07) and provides convincing arguments to decision-makers,

communities and governments (Lal, 2003). Although mangrove value is difficult to
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quantify, many studies have attempted to estimate mangrove economic value using

different methods and ecosystem services (Vo et al., 2 12). A conservative global

valuation which considered only six ecosystem services (disturbance regulation, waste

treatment, habitat refuge, food production, raw materials and recreation) estimated

mangroves ecosystem services as $1.6 billion (Costanza et al., 1997). Alongi (2002)

estimated the global value of mangroves as $181 billion, while Rönnbäck (1999) priced

them between $475 and $1675 ha−1. A more recent meta-analysis from South Asia

estimated mangrove value $4,185 ha−1 yr−1 (Brander et al., 2012). The assessments yield

variable results and some variation can be explained by the method used and by the

number of ecosystem services employed in the estimation.

In addition, mangrove forests act as a nursery habitat and enhance fishery catches

(Aburto-Oropeza et al., 2008; Laegdsgaard and Johnson, 2001; Mumby et al., 2004).

Examples from the Caribbean highlight the importance of mangrove as nursery habitats.

For instance in the Netherlands Antilles, Dorenbosch et al. (2004) observed that juveniles

and adults of four reef fish species showed significantly higher densities in coral reefs

adjacent to sea grass and mangrove areas. Another study in the reef of the Island of

Curacao reported that small size (≤ 25 cm) nursery fish species biomass was higher in

areas close to sea grass and mangrove habitat (Nagelkerken et al., 2012). According to

this study, nursery fish biomass was even higher than in areas where fishing was

forbidden. The results suggest that the effect of nursery habitat outweighed the effect of

the natural reserve. Moreover, fishery benefits of mangrove were investigated in the

Gulf of California, Mexico (Aburto-Oropeza et al., 2008). Authors reported strong

correlation between fishery catchments and mangrove area, especially in the zones of

fringe mangrove, which are used as nursery by some fisheries in the Gulf of California.

Furthermore, Aburto-Oropeza et al. (2008) estimated a median annual value of $37,000

ha−1 derived from fish and blue crab fisheries.

Mangroves are considered a natural shield for shorelines during extreme events

contributing to saving lives and properties. A case study in India after the 1999 cyclone

reported significantly lower household loss in villages sheltered by mangrove (Badola
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and Hussain, 2005). For hurricanes, an economic assessment was conducted in the

Atlantic Ocean (Costanza et al., 2008). The analysis suggested that depending on the

storm category, the protection value per unit of wetland ranged between $23 and

$463,730 ha−1. Moreover, the devastation of the mangrove itself represents an economic

cost given the prices per ha ranging between $475 and $37,000.

Mangroves have a sequestration rate of 24 Tgyr−1 C (Alongi, 2014). Recent economic

evaluation suggests that conversion of coastal ecosystems would result in 0.15-1.02

billion t yr−1 of C emissions (Pendleton et al., 2012). This figure would translate to

economic damage of $6-42 billion yr−1. To put emissions into perspective, the CO2

released would be equivalent to 3-19% of global emissions derived from global

deforestation. Comparatively, mangroves account for the largest amount of C ha−1

among coastal ecosystems and would contribute with almost half of the emissions

(0.09-0.45 billion t yr−1 C). Mangroves are also known to sustain a large number of

species (Nagelkerken et al., 2008). Canopies, trunks and aerial roots provide habitat for

birds, insects, mammals and reptiles. The complex benthic environment of mangroves

tunicates, sponges, bivalves, prawns, crabs and fish. The total economic value of all the

diversity of organisms found in mangroves would require an individual assessment by

species. Further, some of these species are emblematic and attract tourists. In their

assessment, Costanza et al. (1997) estimated a very conservative value of $658 yr−1

derived from recreation services. Mangroves retain nutrients during tidal inundation

contributing to improved water quality (Adame et al., 2010). Depending on the type and

dimensions of the forest, the bio-filter function of mangroves has been valued between

$1,193 ha yr−1 (Cabrera et al., 1998) and $5,820 ha yr−1 (Lal, 1990). Finally, degradation

of mangroves could undermine these ecological, socio-cultural and economic services.

2.5 Why do we need to monitor mangrove?

Mangroves respond directly or indirectly to anthropogenic influence as well as to the

changing climate. Human related disturbances include land use change, deforestation
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and pollution. On the other hand, climate associated impacts consist of frequency of

extreme events such as tropical storms and hurricanes, increased CO2 and sea level rise.

During the last decades approximately 30% to 35% of mangrove cover has been lost

globally (Barbier et al., 2008; Valiela et al., 2001). It is widely acknowledge that land use

change and conversion is among the most important causes of mangrove cover decline,

and specifically when related to shrimp farming in coastal areas (Primavera, 1997).

Although there are reports of mangrove degradation and decline due to aquaculture in

Africa, Asia and America (Valiela et al., 2001), the problem seems to be more severe in

South Asia. Authors have suggested that in countries such as Indonesia and Philippines,

aquaculture ponds and shrimp farming have caused 50% to 80% of mangrove

degradation and decline (Wolanski et al., 2000). In Vietnam for instance, 63% of

mangrove area has been replaced by shrimp ponds between 1986 and 2001 (Béland et al.,

2006). Thailand is another example of mangrove conversion due to aquaculture. In this

country 16% to 32% of mangrove cover has been deforested between 1979 and 1993

(Dierberg and Kiattisimkul, 1996). The transformation of mangrove to shrimp

aquaculture degrades the environment at the same time that it reduces to one single

service from multiple ecosystem goods and services offered by mangroves (Primavera,

1997).

Other factors associated to mangrove deforestation and degradation include population

density, soil type (if the soil is suitable for agriculture, mangrove deforestation is more

likely to occur) and proximity to roads (Rideout et al., 2013). Deforestation has been

related to changes in the local physico-chemical and biological conditions. Analysis of

dated sediment cores from an estuary subject to mangrove deforestation in Vietnam

revealed increased sedimentation rate and changes in the structure of diatom

community at the time of deforestation (Ellegaard et al., 2014). In a mangrove system in

Kenya, (Fondo and Martens, 1998) reported increased temperature and salinity after

mangrove deforestation. The local increase in temperature exacerbated the effect of

drought. Furthermore, the alteration in the physical and chemical conditions affected

abundance and distribution of fauna. Changes in the structure of local fauna has
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important implications in C sequestration. A case study in a Kenyan mangrove system

investigated the role of benthic fauna in C sequestration. Authors found that soil organic

carbon was explained by the distribution of crab species (Andreetta et al., 2014).

Pollution is another source of mangrove degradation. Contamination can come from

human settlements, industrial and sanitary effluents. For instance in Hong Kong,

polycyclic aromatic hydrocarbons were found in the sediment of mangrove swamps.

The potential sources of these compounds include oil spills and leakages from boats and

municipal and industrial discharges (Tam et al., 2001). In addition, oil storage facilities

and refineries are often located on the coast in proximity to mangroves. There is a latent

risk of pollution due to petroleum spillage in these areas, oil spills have been reported in

the Caribbean, Gulf of Mexico, Indonesia, Niger Delta, Red Sea and Hong Kong (Lewis

et al., 2011). The effects of petroleum on mangroves are diverse and includes mangrove

mortality, leaf defoliation, mutations, decrease in the rate of growth and reduced

germination (Lewis et al., 2011). Furthermore, deforestation and human impact derived

from agriculture, aquaculture, industrial input of organic may cause low productivity

(Mandal et al., 2013). Moreover, mangrove trees from the genus Rhizophora are used as

environmental indicators because they show anatomical and physiological alterations in

the presence of chemical pollutants (da Costa Souza et al., 2014).

Disturbed mangrove ecosystems have higher accretion rates of nutrient pollutants such

as Organic Carbon (OC), Total Nitrogen (TN) and Total Phosphorous (TP) (Sanders

et al., 2014). However, much of this accumulation might be offset by organic

decomposition (Gruber and Galloway, 2008; Muñoz-Hincapié et al., 2002) because

impacted mangrove forests accumulate organic material such as phytoplankton and

benthic algae that are more susceptible to degradation (Macreadie et al., 2012). Further,

CO2 efflux is higher in disturbed mangrove peat showing a decrease over time after the

alteration of soil (Lovelock et al., 2011).

Another important threat derived from human activities is the modification of river

discharge. Mangroves develop in coastal areas with sediment contribution from run-off

and tides, prevention of fresh water flow may result in changes of sediment input
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patterns. An example of water discharge diversion was reported in Colombia,

hydrologic and sedimentary changes resulted in the die-off of 5,200 ha of mangrove

(Restrepo and Kettner, 2012). In the Sundarbans, a net erosion of ~170 km2 was reported

due to the combined effect of sea level rise and decreased sediment flow (Rahman et al.,

2011).

In Mexico, human-related driving factors of mangrove degradation differ between

regions. For instance, in the west of Mexico on the Pacific coast, mangrove degradation

is the result of agriculture and urban growth (Ruiz-Luna and Berlanga-Robles, 2003,

1999). Shrimp farming has been considered the main cause of mangrove deforestation

worldwide; however, in the Mexican Pacific coast it is not causing evident mangrove

cover loss (Alonso-Pérez et al., 2003). In the Gulf of Mexico mangrove is impacted by

increased in urban and induced grassland area (Soto-Galera et al., 2010). Whereas, in the

Yucatan Peninsula mangrove forests are affected by tourism infrastructure development

and poorly planned human settlements (Batllori-Sampedro et al., 1999; Hirales-Cota

et al., 2010).

Rates of deforestation are comparatively low and differ among regions. In the Mexican

Pacific rate of deforestation is estimated between 0.03% and 0.64% (Alonso-Pérez et al.,

2003; Berlanga-Robles and Ruiz-Luna, 2006), whereas in the Gulf of Mexico is ~0.46%

(Soto-Galera et al., 2010) and in the Yucatan Peninsula is 0.85% (Hirales-Cota et al., 2010).

Anthropogenic influence is the most important immediate threat that mangroves face.

However, in addition to human impact, mangroves are affected by the changing climate.

Global changes in climate are thought to be accompanied by sea level rise, increased

temperature and atmospheric CO2, changes in rainfall and the frequency of extreme

events.

Temperature: Between 1880 and 2012 the global temperature has increased by ~0.85 °C

(IPCC, 2013). Temperature increase is expected to have several outcomes in mangrove

ecosystems; these outcomes involve changes in species composition and changes in

species phenology. Additionally, an increase in productivity is expected in mangroves

located in higher latitudes below the upper limit of distribution (Field, 1995; Ellison,
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2000). Another important outcome is poleward migration of mangroves. Several studies

have reported a poleward migration of mangroves as a result of increased temperatures

(Krauss et al., 2014; Osland et al., 2013; Saintilan et al., 2014). Recently, based on remote

sensed data, Cavanaugh et al. (2014) reported poleward migration of mangroves at their

historic limit in east Florida. Giri and Long (2014) challenged this finding arguing that

although there is evidence to support the belief in mangrove poleward migration, longer

historical data on mangrove distribution is required in order to draw a solid conclusion.

Moreover, mangrove distribution not only depends on temperature but other factors

such as winter freeze, erosion, land subsidence and aggradation. Finally, the authors

suggested that finer spatial resolution is needed to look at the migration phenomenon in

more detail (Giri and Long, 2014).

Hurricanes: Furthermore, a warmer climate would result in more favourable conditions

for the formation of tropical storms (Kjerfve and Macintosh, 1997). Hurricanes form

when sea surface temperature is 26 °C or higher. Evidence suggests that the intensity of

hurricanes, thunderstorms and rainfall is expected to increase in the future (Trenberth,

2005); in fact, an increase in Atlantic hurricane activity in the last few decades has been

reported (Goldenberg et al., 2001). The devastating impact of extreme events such as

hurricanes and storm surges were addressed in the previous section on disaster risk

mitigation. Some of the negative effects include complete defoliation, physical breakage,

mortality and erosion. Besides the physical damage induced by tropical storms,

lightning pose an additional threat to mangroves. Lightnings strike mangroves creating

gaps and inducing mortality (Duke, 2001). Openings produced by lightning are

relatively small, ranging from 50 to 700 m2 (Duke, 2001; Sherman et al., 2000). However,

given the high frequency at which they occur (400-500 lightning gaps km2 km-2) they

may play a critical role in forest dynamics (Zhang, 2008).

Precipitation patterns are expected to change (Trenberth, 2005). Based on the association

between local rainfall patterns and mangrove forests, authors predict that changes in

precipitation will affect this ecosystem in different ways (Gilman et al., 2008). On the one

hand, a decrease in rainfall will increase salinity, which in turn will affect net primary
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productivity, seedling survival and induce competition among mangrove species.

Moreover, higher salinity would enhance sulphate availability facilitating

decomposition of soils rich in organic matter. On the other hand, an increase in rainfall

may induce peat production by reducing salinity and availability of sulphate. Increased

rainfall may also increase biodiversity and rates of mangrove colonization. For instance,

mangrove expansion rate has been positively related to high rainfall in Australia

(Eslami-Andargoli et al., 2010).

Sea level rise: According to the IPCC, during the last 100 years the global mean sea level

has increased 10 to 25 cm and it is expected to increase between 1 to over 3 m depending

on forecast scenario by 2100 (IPCC, 2013). Mangroves can cope with increasing levels of

water through sediment accretion. Ellison (1994) estimated that mangrove could keep

up with a sea level rise between up to 8-9 cm per 100 years. Other authors, based on

historical records suggest that mangroves could cope with twice as rapid seal level rise

rates (Snedaker et al., 1994). Sea level rise is expected to produce upland or lateral

migration of mangroves depending on local topography (Di Nitto et al., 2014). This

poses a threat in areas where man-made structures are an obstacle for mangrove

colonization (Gilman et al., 2007, 2008). Furthermore, due to the physiological response

of individual species, sea level rise may produce changes in species composition and

community structure (Ellison, 1994). The landward expansion of mangroves may also

result in the displacement of other natural vegetation in areas with contrasting habitats

(Bianchi et al., 2013; Doyle et al., 2010; March and Smith, 2012). Finally, current sea level

rise is not an important threat to mangroves. However, it could be a threat as the rate of

sea level rise has accelerated in the last three decades. For instance, between 1971 and

2010 sea level rise rate was ~2 mmyr−1 mm year-1, whereas it was ~3.2 mmyr−1 mm

year-1 between 1993 and 2010 (IPCC, 2013).

CO2: Another component of climate change is the increase in atmospheric CO2.

Experiments to determine the response of salt marshes and mangroves to increased CO2

have suggested that higher concentrations of atmospheric CO2 promote soil vertical

elevation (Cherry et al., 2009; Langley et al., 2009). From the CO2 sequestration
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perspective, climate change could have a positive effect in some wetlands since

mangroves store C in larger quantities compared to other ecosystems (Saintilan et al.,

2014). As mentioned previously, landward migration of mangrove would result in a

displacement of adjacent vegetation coverage, such as salt marshes. A historical

reconstruction of mangrove expansion using soil cores in the Gulf of Mexico suggested

that if the trend of salt marsh displacement trend continues, greater carbon sequestration

rates are expected (Bianchi et al., 2013). This increase in C sequestration could

potentially mitigate the loss of storage capacity due to mangrove cover decrease in other

parts of the world.

2.6 Remote sensing of mangrove

2.6.1 Applications

Given the relevance of mangrove as a source of ecosystem services and given the rates of

cover loss, there is a need to retrieve accurate and timely information from these

ecosystems. The intertidal muddy environment where mangroves develop and the

structure of their prop and aerial roots make field surveys logistically complex and time

consuming. Remote sensing data is currently an essential tool for earth and natural

resource observation and has been successfully used for the study of mangrove forests

covering a wide range of applications including mapping, monitoring, assessment and

change detection. Other applications involve hazard impact assessments, spatial

structure of forest, coastal erosion and phenology. A variety of passive and active

sensors are currently available from commercial parties and governmental agencies. An

inherent feature of remote sensing data is that it varies widely in terms of cost, spatial,

temporal and radiometric resolution. Therefore, the selection of a particular sensor

primarily depends on budget, objectives, level of detail required, the parameter of

interest and availability of data (Green et al., 1998a; Mumby et al., 1999). Remote sensors

can be categorized using different criteria such as their spatial and spectral resolution or

platform. In this review, sensors were grouped as follows: Aerial Photography (AP),
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Airborne sensors, Spaceborne sensors (high, medium and coarse resolution) and radar.

2.6.2 Aerial photography

One of the first methods employed to acquire remote sensing data was Aerial

Photography (AP). The method has been primarily employed to map and to monitor

land cover change. Verheyden et al. (2002) tested the suitability of aerial photography to

monitor mangrove systems in three sites in Sri Lanka by developing a systematic

framework to interpret the photographs. Although results were satisfactory in terms of

discrimination of mangrove assemblage at generic level, the use of the framework is

limited because it was created considering the local characteristics of the study sites. AP

is particularly useful when long records are available. Dahdouh-Guebas et al. (2000)

applied the framework developed by Verheyden et al. (2002) in a location in the south of

Sri Lanka covering a time span of four decades. The authors were able to observe minor

changes in the mangrove forest, which were corroborated by field observations. In

another study in Australia, also covering ~40 years period, AP allowed to observe a

landward migration of mangroves (Lucas et al., 2002). Furthermore, a recent study was

able to reconstruct the historical evolution of mangrove forest in an island northwest of

Madagascar using 60 years of aerial photography (Jeanson et al., 2014). Although the

preferred technique to process AP is visual interpretation, other techniques have been

successfully applied. For instance, colour-infared (CIR) aerial photographs were

processed through supervised image analysis in order to monitor and quantify the

expansion of mangrove in the coast of Texas, EEUU (Everitt et al., 2010). Given the high

spatial resolution of AP, in some instances it can yield more accurate results than

traditional methods. In a mangrove system in Australia, researchers mapped the

mangrove extent using AP, Landsat TM and a DEM (Manson et al., 2001). The study

concluded that AP method was more accurate than Landsat and DEM due to the finer

spatial resolution of AP (2 m). While most applications involve the use of AP alone,

there are cases where they have been employed in combination with other data. In

Kakau National Park, Australia, researchers successfully mapped the extent and height
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of mangroves using aerial colour photography and DEM with a resolution of ~1 m

(Lucas et al., 2002; Mitchell et al., 2007). Moreover, in four years study, Liu et al. (2013a)

used a combination of the optical satellite Formosat-2 and aerial photography from

taken by Unmanned Aerial Vehicle (UAV) to monitor mangrove. The authors reported

subtle changes in mangrove cover and made observations on mangrove phenological

events (it was noticed that mangroves were the most exuberant in summer). Finally,

aerial video simulating Landsat TM bands 3, 4 and 5 has been tested resulting in a more

cost-effective tool than AP (Everitt et al., 1990, 1991); however, not many studies report

the use of aerial CIR video.

2.6.3 Airborne

An alternative set of remote sensors are those mounted on survey aircrafts. This group

includes sensors such as the Compact Airborne Spectrographic Imager (CASI) and the

Airborne Visible/Infrared Imaging Spectrometer (AVIRIS). CASI can be programmed to

work in a multispectral or hyperspectral mode depending on the particular objectives

and spatial resolution can be as fine as 50 cm. Whereas AVIRIS has 224 continuous bands

covering from the visible to the thermal region of the electromagnetic spectrum at 20 m

spatial resolution (flown at 20 km height). CASI has been used for mapping the extent of

mangrove and to differentiate between classes of mangroves. Green et al. (1998b) were

able to categorised six classes of mangrove and three non-mangrove with high level of

accuracy (over all accuracy 85%) using CASI in a Caribbean island. Similarly, in

Brisbane River, Australia, nine classes of mangrove including three mangrove species

were categorised (Kamal and Phinn, 2011). Evidence suggests that integration of data

increases classification accuracy. For example, the combination of CASI and the

Aeronautics and Space Administration’s polarimetric radar (AIRSAR) yielded more

accurate results (76.5%) than CASI alone (71%). Another airborne hyperspectral sensor is

the AVIRS. Hirano et al. (2003) discriminated six classes of mangrove and five

non-mangrove in south Florida with 66% average accuracy for all classes. Furthermore,

AVIRIS was tested to discriminate x number of mangrove classes in x place (D’iorio et al.,
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2007). Although in general AVIRIS yielded accurate results (72.2%-89.8%) depending on

the classification algorithm employed, the accuracy was not significantly different from

other sensors (AP and ASTER). In addition, the use of airborne optical instruments can

also be used as complementary data to study ecosystem gas exchange. Zulueta et al.

(2013) used the on-board hyperspectral instrument UniSpec-DC, PPSystems radiometer

in combination with CO2 flux measurements across different coastal ecosystems.

Authors found significant association between NDVI and CO2 fluxes.

2.6.4 Satellite imagery

Space borne remote sensing (also referred here as satellite imagery) is a crucial tool for

the synoptic observation of the earth. Unlike AP and Airborne sensors, satellite imagery

has the unequalled advantage in that it is continuous; it systematically revisits a given

area which enables access to historical data. Previous reviews have detailed the technical

specifications of each sensor’s capabilities and applications (Green et al., 1996; Ozesmi

and Bauer, 2002; Kuenzer et al., 2011). Space borne sensors can be roughly grouped by

their spatial resolution in high, medium and coarse resolution.

High resolution satellite sensors such as the Ikonos, GeoEye, QuickBird and WorldView

are multispectral satellites with spatial resolution between <1 m to 4 m. The fine spatial

resolution of these sensors allows mangrove species to be distinguished from the same

genus (Dahdouh-Guebas et al., 2004a). Comparative studies suggest that there is no clear

difference between sensors at discriminating mangrove species in terms of accuracy.

Wang et al. (2004) compared the capabilities of Ikonos and QuickBird and found no

significant difference in classification accuracy of three mangrove species. Furthermore,

high resolution sensors have been employed to investigate the most suitable season to

classify mangrove forests. During the rainy season researches find greater accuracies in

classification because mangrove canopies depict fluctuations in reflectance due to

phenological events (Wang et al., 2008). Other common uses of high resolution sensors

include mangrove condition assessment (Kovacs et al., 2005), change detection

(Leempoel et al., 2013) and biomass estimation (Jachowski et al., 2013; Proisy et al., 2007).
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In addition, high resolution sensor WorldView was recently used to investigate the

spatial structure of mangroves (e.g. canopies, stands and gaps) at different scales.

According to the literature, the multispectral, medium resolution Landsat is by far the

most used sensor in mangrove research. This is because Landsat archive data is freely

available eliminating researchers’ financial constraints; it also allows analysts to access

large time series scenes. In addition, its spectral resolution allows the differentiation of

mangrove from other vegetation (Ramirez-Garcia et al., 1998). Medium resolution

sensors have proved useful in mangrove mapping, change detection, mangrove

conversion to aquaculture and hazard risk assessment. Alsaaideh et al. (2013) recently

developed a method using Landsat ETM+ to map mangrove at a regional scale in the

south of Japan. Berlanga-Robles and Ruiz-Luna (2002) used Landsat MSS and Landsat

TM to investigate coastal landscape change in a Mexican Pacific system. Chen et al.

(2013) went one step further in change detection and using Markov Chain Model, and

predicted future changes in mangrove landscape. In addition, multitemporal series of

Landsat imagery are used to study the land cover change derived from shrimp

aquaculture in coastal wetlands and the impact of international protection conventions

such as Ramsar (Seto and Fragkias, 2007). Moreover, Landsat is used to test new

algorithms aiming to improve mapping accuracy (Luo et al., 2013; Rahman et al., 2013).

Another medium resolution sensor less commonly used in mangrove research is the

Satellite Pour l’Observation de la Terre (SPOT). Similar to the previous sensor described

above, SPOT has also been used to quantify change detection (Lee and Yeh, 2009) and to

map and discriminate mangrove from other land cover classes with reasonable overall

accuracy (~80%) (Gao, 1998). It has also been used to map mangroves in areas where it is

difficult to quantify. For instance, Vo et al. (2013) mapped mangroves in mixed

mangrove aquaculture ponds. In addition, the capabilities of SPOT have been applied in

hazard risk assessment (Blasco et al., 1992).

Coarser resolution satellite system such as the Moderate-resolution Imaging

Spectroradiometer (MODIS) has proven useful in mangrove research. A time series of

MODIS at 250 m resolution was used to investigate mangrove depletion and the drivers
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of deforestation (Rahman et al., 2013). Recently, a study on land surface phenology on

the Mekong Basin described the phenological metrics of several land covers including

mangroves (Leinenkugel et al., 2013). Nevertheless, the use of MODIS is not widely

extended probably because its coarse resolution (250 m, 500 m, 1000 m) as mangroves

often grow in relatively narrow strips on coastlines.

2.6.5 Radar

Radar sensors have some advantages over the optical ones. Radar do not depend on the

light conditions and are less affected by cloud cover (Green et al., 1998a). This makes

them suitable to overcome the limitations or to complement the performance of optical

sensors. Researchers have used ALOS PALSAR L-band to map mangroves

(Flores-de-Santiago et al., 2013c; Nascimento et al., 2013) and to detect multitemporal

change (Nascimento et al., 2013). The studies concluded that ALOS PALSAR data was

useful to discriminate mangrove from other land cover with reasonable accuracy. A

common use is the association of radar data with mangrove tree parameters. Bands C, L,

and P of Radarsat-2, ALOS PALSAR and AIRSAR have been used to explore their

empirical relationship with mangrove structural and biophysical variables (Kovacs et al.,

2013b,a; Lucas et al., 2007; Mougin et al., 1999; Proisy et al., 2000). Simard et al. (2006);

Simard et al. (2008) used Shuttle Radar Topography Mission data and biological

parameters such as biomass to explore their relationship. Additionally, Held et al. (2003)

used hyperspectral CASI data and radar AIRSAR to map mangrove forest. These studies

concluded that the integration of optical and radar sensors improved overall accuracies.

Moreover, Kovacs et al. (2008) used C-band ENVISAT ASAR along with Landsat TM to

map four conditions of mangrove. Unlike Simard et al. (2006); Simard et al. (2008),

Kovacs et al. (2008) found that optical data alone yielded more accurate results. Radar

data has also been used for flooding detection (Hess et al., 1990) and cyclone impact

assessment (Cornforth et al., 2013). Moreover, L-band of SAR has been proposed for

long term mangrove monitoring (Lucas et al., 2014).
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2.6.6 New technologies

Currently, new radar and optical technologies are available and others will be soon.

Kuenzer et al. (2011) pointed out that the radar Terra-SAR-X and Terra-SAR-Tandem

DEM and hyperspectral EnMAP (expected to be launched in 2020) will improve

mangrove mapping activities. Researchers are testing some of these new technologies.

Heumann (2011b) tested the vegetation spectral separability of Worlview-2 and

QuickBird concluding that although Worldview-2 had better separability than

Quickbird, as it was only capable to separate mangrove from other vegetation but not

able to accurately distinguish between mangrove species. Other potential sensors for

mapping and retrieving biophysical variables of mangroves is the new generation of

optical satellites by the European Space Agency such as Sentinel-2, which challenges the

capabilities of widely used Landsat (Drusch et al., 2012). Finally, in recent years, the

development of UAV has brought new opportunities for the acquisition of remotely

sensed data.

2.6.7 Techniques

The categorisation of mangroves from other land uses is essential for studying their

coverage and distribution. Numerous algorithms have been developed to classify

remote sensing data. Traditional techniques and new algorithms are employed in the

classification of mangrove forests. Numerous techniques have been applied including

visual interpretation (Dahdouh-Guebas et al., 2004b; Dahdouh-Guebas, 2002),

supervised classification, unsupervised classification (Rahman et al., 2013) and object

based classification (Conchedda et al., 2008). The most commonly used method is

supervised classification (Berlanga-Robles and Ruiz-Luna, 2011; Chadwick, 2011;

Eslami-Andargoli et al., 2010; Rakotomavo and Fromard, 2010; Ruiz-Luna and

Berlanga-Robles, 1999; Satyanarayana et al., 2011).

The object based approach has demonstrated to be a feasible classification alternative

(Kamal and Phinn, 2011; Vo et al., 2013). Conchedda et al. (2008) employed this method
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to map mangrove forest using SPOT XS. Results suggested that the method could

accurately discriminate mangrove from other cover classes with an overall accuracy of

86% and a mangrove class user’s accuracy of 97%. Similarly, object based classification

was used in Galapagos Archipielago mangrove forest (Heumann, 2011a). The accuracy

assessment revealed this method could efficiently separate true mangrove from

associate vegetation with an overall accuracy of 94%.

Concerning classification algorithms, maximum likelihood and iterative self-organizing

data analysis technique (ISODATA) are the most commonly used in mangrove

classification literature. However, comparative studies have demonstrated that new

methods such as Artificial Neural Networks (ANN) yield more accurate results than

maximum likelihood (Wang et al., 2008; Yu et al., 2010). ANN has been successfully

tested in mangrove classification (Chun et al., 2012; Wang et al., 2008; Yu et al., 2010). In

their study, Yu et al. (2010) contrasted the ability of ANN, spectrum angle and

maximum likelihood algorithm to discriminate five species of mangrove. Authors

obtained higher precision with ANN than that of maximum likelihood and spectrum

angle (86.6%, 50.8% and 75.3% respectively).

Additionally, Wang et al. (2008) compared three classification approaches, Back

Propagation NN, Cluster Based NN and maximum likelihood with and without textural

information using Ikonos imagery. They found that when using only multispectral

bands maximum likelihood had better accuracy results, but when adding textural

information to the classification, Cluster Based NN had higher accuracies (kappa 0.93).

Similarly, Chun et al. (2012) compared ANN and maximum likelihood to detect

mangrove cover in Malaysia using Thailand Earth Observing System. Again authors

found that overall accuracy and kappa coefficient achieved with ANN was 2% higher

compared to maximum likelihood. Recent work has tested new algorithms such as VI’s

and band ratios (Alsaaideh et al., 2013) and the Artificial Immune algorithm (Luo et al.,

2013) for mangrove classification obtaining reasonable overall accuracies.
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2.6.8 Variables measured

Monitoring and assessing mangrove forest often involves the quantification of

biophysical variables. Several field and laboratory-based studies have attempted to

measure mangrove forest biophysical and chemical variables using different techniques,

obtaining varying degrees of accuracy. Studies often involve establishing an empirical

relationship between ground measurements (such as LAI, DBH, tree height, crown

diameter, Nitrogen, Chlorophyll among others) and remote sensing derived VIs or radar

backscatter.

In Turk and Caicos Islands, field LAI measurement were recorded and correlated with

Landsat TM and SPOT NDVI values for the same area (Green et al., 1997). A regression

model was computed and a LAI map with 88% accuracy was produced. Using higher

spatial resolution sensor, Kovacs et al. (2004) tested the association between field LAI

measurements and Ikonos derived NDVI and Simple Ratio at different window sizes.

Results showed a strong correlation (rˆ2>0.7) between the two indices and LAI at the

two window sizes. In a degraded system of black mangrove (A. germinans), field LAI,

DBH and tree height were correlated with cross-polarization backscatter HV (Kovacs

et al., 2013b). Strong positive correlation was found between LAI and the

cross-polarization backscatter HV. Using this strong correlation a LAI map for the entire

system was created; map results were comparable to those obtained with VHR sensor

QuickBird. Similarly, Jean-Baptiste and Jensen (2006) measured LAI, DBH, height and

percent canopy closure in Haiti. Authors found strong significant correlation found

between ASTER VIs and biophysical variables especially between percent canopy

closure and NDVI (0.85) and LAI and SAVI (~0.91). In addition to optical and radar data,

LiDAR has also been employed to derive biophysical variables. Wannasiri et al. (2013)

reported significant relationship between tree height and crown diameter and LiDAR;

however, only weak correlation was found for number of trees and DBH.

Field canopy reflectance measurements are another valuable source of remote sensing

data. Ramsey and Jensen (1996) sampled canopy reflectance, leaf reflectance spectra and

LAI at 21 sites in south Florida. LAI was significantly correlated with canopy height but
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not with species composition. Similarly, LAI was correlated with VIs derived from

defined bandwidths for Advanced Very High Resolution Radiometer (AVHRR),

Landsat TM and SPOT. Furthermore, no correlation between VIs and species was

observed. Mangroves depict the typical reflectance curve of green vegetation. Given

that some features of the reflectance curve are associated with some biophysical

attributes of leaves and canopies, hyperspectral remote sensing data has been used to

measure some biophysical variables such as Nitrogen (N) and chlorophyll content (Chl).

Recently airborne hyperspectral data from HyMap sensor (126 bands) were compared

against mangrove foliar chemistry (Axelsson et al., 2013). Authors measured P, K, Ca,

Mg, Na and N from individual leaves. While most of elements measured had weak

correlation, N was strongly correlated with hyperspectral data (R2 = 0.67).

Plant physiological status is a source of variation in leaf’s chemical composition which in

turn affects mangrove reflectance properties. Laboratory-based studies have also focus

on the association between hyperspectral data and leaves chemical composition. Leaves

Chla, Chlb N and total caroteoids were measured for two mangrove species (A.

germinans and R. mangle) at two conditions (healthy and poor condition) (Zhang et al.,

2014a). Positive correlation was found between reflectance response obtained with an

ASD spectroradiometer and pigments content, particularly in the Red Edge Position

(REP). Similar to previous reports, low concentrations of mangrove leaf Chl associates

with REP around 700 nm while high concentrations of Chl associate with REP around

725 nm. Additionally, REP was significantly different between conditions. Chemical and

structural features generally vary among mangrove species; therefore, hyperspectral

data is useful at species discrimination (Rebelo-Mochel and Ponzoni, 2007). Manjunath

et al. (2013) collected spectral reflectance of 17 mangrove species using ASD

spectroradiometer and concluded that the most important bands in terms of species

separability were NIR (960, 970, 1000, 1070, 1120 and 1160 nm) and MIR (2070, 2080,

2150, 2200, 2240 and 2340 nm). In accordance, (Zhang et al., 2013) also found significant

differences in the spectral response between the two species analysed, particularly in the

NIR region of the spectrum. In addition, black mangrove (A. germinans) had higher N

concentration than R. mangle (1.15% vs 0.82%). The field and laboratory studies
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described above confirm that remote sensing along with ground data are suitable tools

for retrieving biophysical variables of mangrove forests at broad spatial scales.

2.7 Smoothing methods

2.7.1 Introduction

The characterisation and monitoring of vegetation phenology using time-series of

remote sensing data involves two main steps, modeling the trajectory of vegetation

growth and estimation of phenological metrics (Zhang et al., 2012c).

Time-series of remote sensing data represents an important source of information to

understand the earth’s surface processes. Optical sensors mounted on sun-synchronous

satellites obtain reflectance information in the visible, near infrared, far near infrared

windows of the electromagnetic spectrum. Remotely sensed earth surface reflectance is

transformed through arithmetic combinations of reflectance bands to investigate specific

properties of the earth’s surface such as vegetation dynamics. These arithmetic

combinations known as vegetation indices (VI) enable scientists to track vegetation

growth and its link with climate.

While the data acquired by the sensors cover large areas at high temporal resolution, the

information retrieved by those sensors is compromised by the presence of clouds, dust,

aerosol thickness, water vapour, viewing angle effects and sensor related failures. Those

artefacts in the reflectance measured by the sensors propagate to the time-series of VI

introducing high frequency noise. Spurious hikes and dropouts appear in the time-series

that are not related to the natural behaviour of vegetation growth.

Numerous methods have been developed over the last decades to address the issue.

These methods can be broadly grouped in two approaches (Julien and Sobrino, 2010).

One approach uses the spectral information available to remove the contamination.

Clouds are characterised by high reflectance in the visible region and low temperature.

Therefore, a multispectral approach using the visible bands and the infrared thermal
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bands are typically employed to identify if clouds are present in a pixel. Examples of

these methods have been developed for AVHRR, MODIS and Landsat (Ackerman et al.,

1998; Saunders and Kriebel, 1988; Zhu et al., 2015). Although this approach yields

relatively accurate results, its application can be impractical over long time-series, in

addition, it presents no means to interpolate the gap left by the cloud.

The second approach to address pixel contamination is the one that uses temporal

information. This approach will be the focus of this review as this thesis uses time-series

of remote sensing data to estimate the phenology of mangrove forests. The methods

developed can be grouped as local and global.

2.7.2 Most notable smoothing methods

The need to minimise the high frequency noise while keeping the low frequency trend in

time-series of vegetation indices is well recognised. A review of the literature reveals

that each method has its potentials and limitations. The variety of smoothing algorithms

can be broadly grouped in two categories: global and local. Global methods fit functions

to the entire time-series or to half of the series while local methods work in windows

using information of neighbouring points. Some of the most commonly used methods

are described below:

Proposed by Holben (1986), one of the most common methods to reduce the unwanted

noise produced by artifacts in the time-series of VI is the Maximum Composite Value

(MCV). This method is based on the assumption that clouds and other changing

atmospheric conditions generally depress VI values. As its name indicates, the method

consists on extracting the VI value within a compositing period pixel basis. Although

this method reduces the undesired high frequency noise to some extent, substantial noise

remains due to subpixel clouds or constant cloud cover during the compositing period.

Best Index Slope Extraction (BISE), proposed by Viovy et al. (1992) as an alternative to

MCV. The algorithm searches forward for higher VI values. In the case the next VI value

is low, it is accepted only if the difference between the first low value and the next high
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values is greater than a threshold (typically 20%) within a predetermined time window

(sliding period). A modified version of this method is found in Lovell and Graetz (2001).

This method has the advantage that is computationally simple and fast. However,

spurious peaks in the time-series due to atmospheric conditions and viewing angles are

still retained after applying this algorithm (Viovy et al., 1992). Furthermore, BISE

requires the user to specify a sliding period and a threshold for VI increase (Chen et al.,

2004). In addition it makes the assumption that all noise is negatively biased, an

assumption that is not always true (Jönsson and Eklundh, 2003).

Running means and medians suggested by Van Dijk et al. (1987). The method employs

statistical filters to smooth the time-series regardless of the source of high frequency

noise. This method reduces the noise but leads to depressed values of VI (Gutman, 1991).

Double-Logistic (DL) and Asymmetric-Gaussian (AG). This methods were popularised

by Zhang et al. (2003), Beck et al. (2006) and Jönsson and Eklundh (2002). Both of these

methods fit local functions between maxima and minima. This funciton is fit to the first

half of the season and another function to the second half of the season which are then

merged into a global function that approximates the natural growing trend. To ensure

smooth results it is necessary to specify a range of values for the curve parameters that

determine width and flatness for AG and slope and inflection point for DL. These

smoothing methods are implemented in the TIMESAT software (Jönsson and Eklundh,

2004) and are adapted to fit to the upper envelop.

Weighted Least-Squares was introduced by Swets et al. (1999). The technique uses

weighted least squares linear regression in a moving window. This approach generates

numerous regression lines which are then averaged to replace each point of the input

time-series. The use of weights in this technique results in a smoothed series that gives

preference to high values in the time-series.

Savitzky-Golay filter method originally proposed by Savitzky and Golay (1964) was

introduced to smooth time-series of VI by Chen et al. (2004). The Savitskyâ€“Golay filter

is a moving filter based on local polynomial regression (Jönsson and Eklundh, 2004).

The polynomial is fitted to data points within a moving window of a certain width, the
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width of the window affects both the degree of smoothing and the ability to follow rapid

changes. The fitting is performed in several steps allowing for an adaptation to the

upper envelope of the VI curve. The technique is available in TIMESAT software

(Jönsson and Eklundh, 2004).

Fourier Transformations method decomposes a noisy time-series into a series of cosine

waves or harmonics terms. Each term is defined by its amplitude and phase angle or

offset. The harmonics are then added to construct a complex wave that approximates the

input series without the high frequency noise. Each harmonic term explains a

percentage of the variability in the time-series (Dash et al., 2010; Geerken et al., 2005;

Jakubauskas et al., 2002; Roerink et al., 2000; Verhoef et al., 1996).

Wavelet Transformation (Martinez and Gilabert, 2009; Lu et al., 2007; Sakamoto et al.,

2005) method approximates the input time-series using a number of short waves which

belong to a family of mother wavelets.

Whittaker smoother, proposed by Atzberger and Eilers (2011b); Atzberger and Eilers

(2011a). The algorithm is based on penalised least squares (Eilers, 2003; Whittaker, 1922).

It attempts to balance between roughness and fitting closely the input series. This

balance between roughness and fidelity is achieved by the smoothing parameter (λ). The

original Whittaker algorithm has been modified to fit to the upper envelop.

It is generally accepted that smoothing methods significantly reduce the perturbations

contained in time-series of VI produced by atmospheric and sensor related artefacts. The

literature reveals more than a dozen smoothing algorithms exist to date. The limitations

of some methods lead to the development and implementation of new algorithms.

Comparative experiments show the superiority of one algorithm over another under

certain conditions. However, there is no consensus about the superiority of one

particular smoothing method under all scenarios.

In high latitudes, Beck et al. (2006) using MODIS 250 m 16-day NDVI found that DL

performed better than Fourier series and Asymmetric Gaussian methods. Similarly

using MODIS NDVI in a Canadian seasonal environment comprising a variety of

landcovers Hird and McDermid (2009) concluded that AG (Jönsson and Eklundh, 2002)
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and double logistic function-fitting (Beck et al., 2006) techniques were superior than

Savitzkyâ€“Golay filter, 4253H twice filter, Mean-value iteration filter and

ARMD3-ARMA5 filter.

Atkinson et al. (2012) compared four smoothing methods (Fourier analysis, AG, DL and

the Whittaker smoother) using MTCI over India. The study also added Gaussian noise

to representative profiles. The authors concluded that no method significantly

outperforms another under both natural and artificial scenarios. However, given the

ability to approximate the growing cycle of natural vegetation and the relative ease of

computation, Whittaker filter and DFT are good candidates.

Geng et al. (2014) compared eight smoothing techniques (BISE, Savitzky-Golay, mean

value iteration filter, AG, DL, changing-weight filter, IDR, and Whittaker smoother) in

China using four NDVI datasets at varying temporal and spatial resolutions. The

datasets used were GIMMS, Pathfinder AVHRR Land, SPOT VGT and MODIS

MOD13A2. The study concluded that the best de-noising technique varies with

vegetation type and data source. However, Savitzky-Golay filter, Changing Weight filter

and Whittaker smoother performed well under most scenarios.

More recently, Cai et al. (2017) investigated the performance of five smoothing methods

(Savitzky-Golay filter, locally weighted regression scatterplot smoothing (LO), spline

smoothing (SP), AG and DL. The smooth results were compared to in situmeasurements

of NDVI and GPP from flux towers. The study found that local methods

(Savitzky-Golay and LO) performed better but they require the user to spend time

turning the model parameters.

In conclusion, it is generally accepted that all techniques accomplish the objective of

noise removal to an acceptable level. Several comparative studies (e.g. Cai et al. (2017);

Atkinson et al. (2012); Hird and McDermid (2009); Chen et al. (2004); Jönsson and

Eklundh (2002)) have demonstrated that no single method is superior than other under

most circumstances (vegetation type, data source). In the light of each methods’

drawbacks and advantages it seems difficult to select a particular smoothing algorithm.

Nevertheless, some aspects need to be taken into account, for instance the nature of the
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vegetation growing cycle, the nature of the noise in the time-series, the computational

demand.

DFT is relatively straightforward and computationally simple. Transformation methods

such as DFT perform well when the growing cycle follows a clear growth and decline

(Jönsson and Eklundh, 2003). From the inspection of mangrove pixel profiles, mangroves

follow a characteristic growth and decline pattern which make them suitable for fitting

sinusoidal functions. DFT was chosen among other methods because DFT satisfactorily

approximates the mangrove growth cycle and because it requires minimum user input.

Moreover, it is acknowledged that there may be a bias in the estimation of phenological

metrics as this technique does not fit to the upper envelope. However, in this work, a

pre-processing step is taken to reduce the negatively biased noise.

2.7.3 Phenology estimation

Once the unwanted noise has been removed from the time-series the next step is to

estimate the phenological metrics from the smoothed time-series. The literature reports

several approaches which can be grouped in three broad categories: threshold,

derivative and inflection point (Reed et al., 1994; Shang et al., 2017).

Threshold methods use defined absolute (White et al., 2009) or relative (White et al.,

2002; Jönsson and Eklundh, 2002) values to estimate key phenological event such as SOS.

The idea behind the absolute threshold method is that vegetation SOS occurs when

vegetation vigour reaches certain greenness. This characteristic makes the method site

and vegetation type specific which limits its application. The relative threshold method

on the other hand is more flexible as it dynamically estimates SOS as a proportion of the

amplitude. Overall, relative thresholds achieve higher accuracy as compared with

absolute threshold (Hird, 2010).

Derivative methods estimate SOS as the point of rapid sustained increase in VI values.

For example Reed et al. (1994) which uses a time lagged series produced through a

moving average to compare the input series. The SOS is defined as the crossing point



2.8. The need to “deseasonalise” data with strong seasonal patterns 43

between both series in increasing direction. That point is thought to represent the

greatest sustained increase. Others defined the SOS as the point of maximum difference

between consecutive points (DeFries et al., 1995; Piao et al., 2006) or half maxima of the

sigmoid curve (Fisher et al., 2006).

The inflection point method estimates SOS where the rate of change of the second

derivative shifts from positive to negative. This is, where the maximum curvature

occurs in the smooth profile. This method has been extensively used to characterise the

phenolgy of a variety of vegetation types (Dash et al., 2010; Jeganathan et al., 2010a;

Moulin et al., 1997; Rodriguez-Galiano et al., 2015; Zhang et al., 2003, 2009). The

principle of this method is simple and it is easy to compute. For this, an algorithm is

used to find valley points in the smoothed series.

de Beurs and Henebry (2010) reviewed methods and conducted a one year (2002) case

study to compare SOS estimation in the USA using GIMMS dataset. Also using GIMMS

but including a longer study period (1982â€“2006) (White et al., 2009), compared some of

the most common methods of SOS estimation. The authors found differences in SOS

estimations among methods and could not conclusively suggest a preferred method.

However, White et al. (2009) recommend to abandon the use of absolute threshold

approaches for studies that span beyond regional domain.

The inflection point methods are gaining popularity. Since it can be easily implemented

and applied to the smoothed series in this thesis the inflection point method was used.

2.8 The need to “deseasonalise” data with strong seasonal

patterns

Because many process occurring on the Earth surface are driven by the seasons (by the

sun), the time profile of remote sensing data (e.g. vegetation indices) is seasonal in

nature. Therefore, removing the seasonal component of time-series of VIs before

correlating to climatic and biophysical variables should be mandatory.
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Basic literature on time-series analysis highlights the need to “deseasonalise” the data

prior to explore correlations between two variables (Chatfield, 2016). The pre-processing

“deseasonalise” step aims to prevent misleading conclusions about the association

between the two analysed variables. The risk of inferring a causal relationship where

there is none is also known as “spurious correlation”. Spurious correlations between

two time-series occur when an underlying or confounding factor (e.g. time) is not

properly accounted for on the construction of the model.

Time-series often have a seasonal and a trend component. When a value in a time-series

can be predicted based on previous values, it is said that there is autocorrelation, serial

correlation or serial dependence. In other words, autocorrelation is present if the error

term at one time period is related to the error term from a previous time period.

The problem with cross-correlation of two auto correlated variables is that it violates the

assumptions of Ordinary Least Squares (OLS). The seasonal component in a time-series

causes to violate the homogeneity of variance and lack of serial correlation in the

residuals (Lin et al., 2015; Jong and de Bruin, 2012). When this happens, it is said that the

model is misspecified or that the model is missing an explanatory variable. Because the

basic assumptions of linear relationship are violated, the correlation coefficient, the

standard errors, p-value and the model itself, are misleading or invalid. This would

translate into poor predictions and the detection of inaccurate relationships.

Autocorrelation in a time-series can be detected by several means. Visual inspection is

perhaps the easiest but this may not be objective or it may not be so evident for some

datasets. More rigorous means include the autocorrelation (ACF) or partial

autocorrelation function (PACF) plots (Box and Jenkins, 1990). The ACF computes the

correlation of the time-series with itself at different time lags. The PACF also computes

the correlation of the time-series with itself but with the linear dependency of previous

lags removed. A value close to zero would be interpreted as marginal or no

autocorrelation whereas a value close ± 1 would indicate autocorrelation in the series.

In addition to ACF, Durbin-Watson statistical test is designed to inspect autocorrelation

in a series. One basic assumption of OLS is that the error terms are uncorrelated.
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Time-series often violate this assumption because a temporal dependency is known

beforehand. In principle, most auto correlated time-series has some degree of first-order

correlation. The order of the correlation is given by the time lags used to regress yt. The

Durbin-Watson test makes the assumption that the error terms produced by the

regression are from a first-order autoregresive model (Montgomery et al., 2007). Thus,

Durbin-Watson test examines if he error term is correlated to the error term in the

previous period.

A common approach for the removal of auto-correlation involves a data transformation.

One of the techniques is to generate a new time-series by taking the difference of pairs of

consecutive values. Another technique, perhaps the most widely used is to calculate

z-scores. This is, to transform the magnitude of the variable relative to its mean.

Similarly, the computation of anomalies remove the seasonal component of the

time-series. An anomaly is defined as the deviation from the natural or historical trend;

therefore, by definition the anomaly time-series has the seasonal component removed.

Exploring association between two or more “deseasonalised” variables to have more

confidence in the results.

2.9 Problems associated with retrieving leaf level

properties from leaf and canopy spectral signatures

Optical remote sensing from leaves and canopies provides a non-destructive way to

derive biophysical characteristics of vegetation. However, many challenges remain to

accurately retrieve biochemical constituents and biophysical properties using canopy

and leaf reflectance. In essence, the reflectance perceived by the optical sensor not only

corresponds to the variable of interest but mixture of elements. Canopy architecture,

LAI and canopy cover complicate the retrieval of pigment concentration. For example, at

moderate or dense canopies, VIs such as NDVI tend to saturate (Haboudane et al., 2004).

Chen (1996), described an asymptotic curve shape at LAI > 3.

In addition, the relationship between biochemical components and reflectance is affected
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by phenology and developmental stage of vegetation (Cipar et al., 2008). For instance,

Chla/Chb ratio is reported to change between young and well developed leaves.

Similarly, evidence suggests that prior to leaf abscission nutrients such as N, which is

directly related to Chl content, is reabsorbed by the plant (Wang and Lin, 1999; Kao et al.,

2002). Research suggests leaf structure (e.g. thickness, internal cavities, and pubescence)

has a direct impact on the spectral signal reflected by plants. The presence of wax reflects

light, leaf hair, cuticle thickness, and internal air and water cavities cause light scattering.

Hair increases the leaf surface reflectance in the visible region and its effect in the NIR is

variable (Slaton et al., 2001a) Leaf wax increases reflectance in the visible and the NIR

(Sims and Gamon, 2002a). This has an impact because light that is reflected on the

surface of the leave does not interact with the internal structure and the leaf pigments.

Given that leaf structure, morphology and other properties vary from one species to

another, VIs may not have the same performance. Other confounding effects are the

presence of other non-photosynthetic pigments such as anthocyanin (Ustin et al., 2009).

Canopy reflectance does not discriminate between the plant components and the

surroundings. Soil background contributes to the signal perceived by the sensor.

Vegetation indices derived from canopy reflectance exhibit attributes of the soil rather

than only those of the canopies. Variable sky conditions and shadows in the canopy also

have an effect on the signal received by the sensor. Further, the anisotropic nature of

canopies due to leaves morphology, orientation, gaps in the canopy, etc., the estimation

of a biophysical variable is challenging.

To conclude, factors such as species, leaf age, water content, LAI, leaf clumping,

nutritional and health status complicate the retrieval of leaf and canopies biophysical

properties. To mitigate the confounding effects of the above mentioned factors, several

techniques have been proposed. For instance, the development of soil resistant VIs

(Huete, 1988; Rondeaux et al., 1996), LAI insensitive VIs (Haboudane et al., 2002; Verrelst

et al., 2010) and the acquisition of bi-directional canopy reflectance (Huang et al., 2011).
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Spatiotemporal variation in mangrove

chlorophyll concentration using

Landsat-8

3.1 Introduction

Mangrove forests cover approximately 13.7 million ha of tropical and subtropical

shorelines across 118 countries (Giri et al., 2011). Worldwide, Mexico ranks fourth in

terms of mangrove coverage (742,000 ha), with 55% of the coverage distributed along the

coast of the Yucatan Peninsula. Mangrove forests provide a wealth of direct and indirect

ecosystem services such as natural protection barriers and nursery habitat for marine

organisms (Aburto-Oropeza et al., 2008; Barbier et al., 2011; Ewel et al., 1998; Vo et al., 2

12). Further, the ability of mangrove forests to act as a carbon (C) sink has been the focus

of recent research. Estimates suggest that mangrove C storage ranges between ~160

Mgha−1 and ~1000 Mgha−1 depending on location, species composition, height, and

canopy closure (Donato et al., 2011; Matsui, 1998). Data on C stocks have been published

for numerous mangrove systems across the globe including Australia (Matsui, 1998),

China (Liu et al., 2014b), Indo-Pacific (Jones et al., 2014; Donato et al., 2011),

Western-Pacific (Kauffman et al., 2011), Caribbean (Kauffman et al., 2014) and Mexico

47
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(Adame et al., 2013a). In addition, C removal from the atmosphere has been estimated at

around 1,170 ± 127 gm−2 yr−1 (Barr et al., 2010). These figures acquire relevance in the

context of climate change mitigation as C sequestration is emerging as a major strategy

to reduce atmospheric C. In spite of the array of ecosystem services provided by

mangroves, their high productivity and their role played in C dynamics at the

land-ocean interface (Adame and Lovelock, 2011), large areal losses are presently

occurring due to deforestation and land use conversion due to both human and natural

drivers (Duke et al., 2007; Valiela et al., 2001).

The high productivity and C uptake of mangroves are intimately linked to

photosynthesis, which is largely dependent on the availability of leaf pigments.

Chlorophylls (Chl) are the most important leaf pigments responsible for photosynthesis.

Leaf pigments have been identified as indicators of physiological status, senescence and

stress (Carter and Knapp, 2001; Penuelas and Filella, 1998). This is also true in

mangroves, which exhibit pigment variation between species and health conditions

(Flores-de-Santiago et al., 2013b; Zhang et al., 2013, 2012a).

Pastor-Guzman, J., Atkinson, P., Dash, J., Rioja-Nieto, R., 2015. Spatiotemporal Variation

in Mangrove Chlorophyll Concentration Using Landsat 8. Remote Sens. 7, 14530–14558.

doi:10.3390/rs71114530

doi:10.3390/rs71114530


3.1. Introduction 49

Furthermore, mangroves are subject to a range of environmental gradients that vary

seasonally, potentially inducing stress. In a coastal lagoon system that was markedly

seasonal in terms of water availability, (Flores-de-Santiago et al., 2013b, 2012) found

higher Chl a concentration during the rainy season in two species of degraded dwarf

stands, suggesting that precipitation patterns might have an effect on leaf biochemical

constituents and possibly on the total productivity of the mangrove forest.

Given the potential of Chl to act as a surrogate of vegetation status, Chl has become a

key biophysical variable to monitor. The standard approach to estimating Chl

concentration (CC) involves extracting the leaf pigment using an organic solvent

followed by spectrophotometric determination of absorbance in the laboratory and,

finally, conversion to CC using empirical equations (Porra et al., 1989; Ritchie, 2006). A

more practical technique that complements the aforementioned approach consists on the

use of portable Chl meters such as the Opti-Sciences CCM-200 Chlorophyll Content

Meter (CCM-200) and Minolta SPAD-502 Chlorophyll Meter (SPAD-502). Portable Chl

meters have been used extensively in precision agriculture and have been tested on a

variety of tree species (Coste et al., 2010; Markwell et al., 1995; Mielke et al., 2010;

Richardson et al., 2002; Uddling et al., 2007). To our knowledge, the first documented

example of the use a portable Chl meter in mangrove species is Connelly (1997).

Connelly (1997) reported a large correlation between CC and Minolta SPAD-502

readings in red mangrove (R. mangle) (R2 > 0.6 total Chl; R2 > 0.7 Chl a). Years later

Biber (2007) assessed the CCM-200 in R. mangle(R2 > 0.9 Chl a) and other wetland

species. Recently Flores-de-Santiago et al. (2013b) documented large correlations for

healthy stands of three mangrove species (R. mangle R2 > 0.76, L. racemosa R2 > 0.68 and

A. germinans R2 > 0.74; rainy season) using the CCM-200. Calibration equations need to

be applied to use portable Chl meter readings to convert these readings to actual

chlorophyll concentration.

Remote sensing offers an alternative set of techniques to estimate chlorophyll

concentration. These can be grouped into two main categories: (i) Radiative transfer

models and (ii) vegetation indices (VIs). The physically based canopy reflectance model
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relies on the principle that canopy reflectance is controlled by a combination of canopy

and soil background biophysical variables such as vegetation structure, leaf composition,

and illumination angle (Goel and Thompson, 2000; Houborg et al., 2007; Houborg and

Anderson, 2009). To estimate Chl from observed reflectance data, the physical model

must be inverted. The inversion consists of adjusting the input biophysical variables to

reduce the error between the simulated and measured reflectance (Combal et al., 2002;

Jacquemoud et al., 1995). While these techniques have been applied with success

(Darvishzadeh et al., 2012; Jacquemoud et al., 2009), they can be computationally

demanding. In addition, they suffer from the so-called ill-posed problem (Dash and

Curran, 2004; Gitelson and Merzlyak, 2003) due to model and measurements

uncertainties; that is, different model parameters might result in very similar spectra

(Atzberger, 2004). The VI approach is based on the statistical or empirical relationship

between arithmetic combinations of two or more spectral bands and a particular leaf or

canopy characteristic (i.e., chlorophyll concentration) (Blackburn, 2007). It has been

argued that this approach is sensor-specific, site-dependent, and does not account for

variability in LAI. However, the VI approach offers computational simplicity and

accuracy, and its potential for predicting vegetation variables is well supported by

numerous published studies (Dash and Curran, 2004; Gitelson, 2005).

VIs can be derived from hyperspectral and multispectral data. Several studies have

examined the relationship of VIs and CC leaf hyperspectral response at the leaf level

(Gitelson and Merzlyak, 2003; Sims and Gamon, 2002b; Zhang et al., 2012a). Sensors on

board different satellites have estimated vegetation CC using VIs at varying spatial

resolutions, from a few to hundreds of meters (Croft et al., 2014, 2013; Dash and Curran,

2007). While field spectroscopy and satellite-derived VIs have been used to estimate the

chlorophyll content in leaves and canopies in different vegetation types, only few studies

have focused on mangrove forests (Connelly, 1997; Flores-de-Santiago et al., 2013a,b,

2012). The spatial distribution and seasonal dynamics of mangrove forest CC is not well

understood as previous studies have been spatially localized. Given the importance of

foliar pigments as surrogates of mangrove physiological status, phenology, health

condition, and potentially GPP, it is fundamental to assess the accuracy of VIs to predict
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CC at the leaf and landscape level. Our main goal is to show for the first time that the

multispectral sensor Landsat 8 can be potentially used to produce maps of spatial

distribution and temporal variation of chlorophyll concentration in mangrove forests.

Description of the various remote sensing techniques

The value of remote sensing data to derive biophysical characteristics of vegetation is

well recognised. In the last few decades, several methods have been developed to

improve the accuracy of estimations. The various remote sensing techniques can be

broadly categorised in two main groups: the empirical and the radiative transfer models

(Berger et al., 2018; le Maire et al., 2008; Blackburn, 2007; Weiss and Baret, 1999).

The empirical approach consists on relating single or multiple spectral bands against a

vegetation biophysical variable. Arithmetic combination of spectral bands are typically

used. These arithmetic combinations better known as vegetation indices (VIs) can be

ratios or normalised ratios. Numerous VIs have been developed over the last decades,

each of them to highlight a particular characteristic or to overcome the limitations of

existing VIs. There are VIs that best relate to LAI, FAPAR, Chlorophyll; others, resistant

to soil background and atmospheric effects.

Within this approach other spectral metrics such as continuum-removal and derivative

spectra have been widely used as predictors of photosynthetic pigments (Horler et al.,

1983; Malenovský et al., 2013). The advantages of the VIs approach make this method

appealing. VIs are relatively easy and straightforward to compute. In most instances the

physical explanation is clear. For example, a normalised difference between a region of

photosynthetic pigment absorption (red band) and a region of high reflectance due to

leaf scattering (NIR region) would correspond to vigorous green vegetation.

The results obtained through this approach are generally reasonable. Numerous studies

report strong correlations between VIs and a particular biophysical property. Given its

relative simplicity and ease of computations, the VIs approach is widely used and there

is a long history of highly temporal time-series products (e.g. MODIS NDVI, GIMMS,

MERIS). Another reason that makes this approach appealing is the addition of red-edge

bands in the new generation of satellites. This improves the accuracy in the retrieval of
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chlorophyll and LAI (Delegido et al., 2011b).

Disadvantages are that VIs can be site, time and species specific. The correlation with the

variable of interest would depend on the phenological phase, growing stage and soil

background characteristics (Glenn et al., 2008). In addition, VIs typically use between

two to three spectral bands only. Thus, this approach does not exploit the spectrum to its

full potential. In recent decades however, machine learning algorithms are being used to

exploit the information contained in the full spectrum (Liu et al., 2014a). These

algorithms can deal with large datasets, numerous predictors and with collinearity in the

predictors.

The second group of methods to derive vegetation biophysical variables from remote

sensing data is the use of radiative transfer models (RTMS). RTMS are widely used in

physics, geosciences and remote sensing. RTMS are mathematical representations of the

complex interaction of light with a medium. RTMS developed specifically for vegetation

applications are also known as Canopy Reflectance Models (CRM) (Goel and Thompson,

2000). CRMs are model the physical laws that describe the light absorption, reflectance,

transmittance and scattering that occur in canopies.

In their forward mode, CRM take leaves and canopies biophysical and biochemical

characteristics and construct a simulated spectral signature. Thus, the resulting spectral

signature is a function of leaf biochemical components, leaf structure, canopy geometry,

LAI, fraction of vegetation cover, soil background. In their inverse mode, CRM aim to

retrieve canopy biophysical properties from a given input spectral signature. The

inversion of CRM is a complex problem due to uncertainties derived from sensor

calibration, atmospheric conditions, sun and viewing angle. In addition, often the

number of unknown variables can be greater than the number of independent variables.

These issues lead to the retrieval of different combinations of biophysical parameters

from a single spectral signature. This lack of unique solution is known as the ill-posed

problem (Atzberger, 2004; Combal et al., 2002).

Several methods have been developed to solve the inversion of the CRM. These can be

grouped in three main classes, the statistical or parametric, the numerical and the hybrid
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(Svendsen et al., 2018). The statistical inversion relates the reflectance bands to reference

data of the biophysical variable of interest. The numerical applies numerical

optimization techniques or constrains the number of possible solutions by using look-up

tables (LUT). The hybrid approach amalgamates model simulated reflectance based on

physical principles and the use of statistical non-parametric techniques such as artificial

neural networks (NN) and support vector machine (SVM).

Based on their assumptions and complexity CRMs are grouped in four main categories

according to Goel (1988); Goel and Thompson (2000); Berger et al. (2018): geometrical,

turbid medium, hybrid and Monte-Carlo ray tracing models. Examples of the most

widely used leaf and CRMs are PROSPECT (Jacquemoud and Baret, 1990), SAIL

(Scattering by Arbitrary Inclined Leaves) (Verhoef, 1984), LIBERTY (Leaf Incorporating

Biochemistry Exhibiting Reflectance and Transmittance Yields) (Dawson et al., 1998),

FLIGHT (North, 1996) and PROSAIL (Jacquemoud et al., 2009); the combination of the

leaf optical properties model PROSPECT and the bidirectional canopy reflectance model

SAIL.

The objectives of this research were to (a) assess the performance of selected

hyperspectral and broad band VIs for predicting CC at the leaf level, and (b) relate the

estimated CC on the ground with Landsat 8 data to map the spatial distribution and

temporal variability of mangrove CC at the landscape level.

3.2 Methods

3.2.1 Study Area

The NW of the Yucatán Peninsula is characterized by a semi-arid climate (Roger

Orellana et al., 2009) with three clear, distinct seasons: A dry season from March to May,

a rainy season from June to October, and a third season characterized by cold fronts

locally known as “Nortes” from November to February (Herrera-Silveira et al., 1999).

Topographic features on land do not exceed 2 m elevation, and the mangrove forest
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extends parallel to the coast (Pope et al., 1997) Figure 3.1. Two protected areas are

established in the region, El Palmar State Reserve and the Biosphere Reserve of Ría

Celestún. Mangrove communities in the protected areas are well developed with four

species dominating the landscape: R. mangle, L. racemosa, A. germinans and C. erectus. The

karstic nature of the ground favours the rapid infiltration of rainfall, resulting in the

absence of runoff and the lack of important streams above the surface. Furthermore,

wetland and floodplain flooding is controlled by groundwater discharge. In the wet

season, aquifers recharge and reach saturation. At this point the water displaces

horizontally while a fraction of it is discharged through sinkholes and fractures known

locally as “petenes”. Surface water is reduced significantly in the dry season, confined to

pools and saturated soils adjacent to the sinkholes (Pope et al., 1997).

Figure 3.1: Location of sampling units in themangrove forest in the north west of Yucatan

peninsula.
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Based on tidal patterns and surface drainage (geomorphology and hydrology), Lugo and

Snedaker (1974) proposed a classification scheme for mangrove forest. According to

their framework, six well-defined physiognomic types are distinguishable: fringe,

riverine, over washed, basin, scrub, and hammock. Except for the riverine type, all forest

types are found in the NW of Yucatan Peninsula. In the study area, four types have been

recognized: fringe, dwarf, basin, and peten (Batllori-Sampedro et al., 1999). Fringe

mangroves occur along the edge of the lagoon, composed mainly by R. mangle at the

front and L. racemosa at the interior zone (Figure 3.2a). Fringe mangroves reach 12–14 m

in height and are exposed to daily tidal inundation (Acosta Lugo, E. et al., 2010). On the

contrary, dwarf mangroves develop in highly saline environments with limited nutrient

input and generally they do not exceed 4 m; dwarf mangroves are composed mainly by

R. mangle, followed by A. germinans and L. racemosa (Acosta Lugo, E. et al., 2010; Lugo

and Snedaker, 1974; Naidoo, 2006). Basin mangroves distribute inland, north of the

study area, along drainage depressions. They are flooded by runoff and the dominant

species are A. germinans and R. mangle (Acosta Lugo, E. et al., 2010). Peten mangroves,

also known as “hammocks” consist of characteristic islands of vegetation that stand out

from a surrounding matrix composed of dwarf mangrove and savannah (Figure 3.2b).

These islands may reach 20–25 m and flourish over freshwater springs. Therefore,

salinity is considerably lower and nutrient input is constant (Acosta Lugo, E. et al., 2010).

Representative species of this type of mangrove include R. mangle, A. germinans, and L.

racemosa, associated with other evergreen and semi-evergreen tropical trees intolerant to

salinity (Acosta Lugo, E. et al., 2010; da Silveira Lobo Sternberg et al., 2007).
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Figure 3.2: Mangrove stand at the edges of an island of vegetation near Sisal locally known

as peten or hammock in English. Mangrove stand dominated by R. mangle in Celestun (b).
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3.3 Study sites characterisation

3.3.1 Policy, changes and monitoring

There is an increasing recognition of the importance of mangrove forests which has

translated in government policies. By 1970, only 1% of mangrove area was protected in

Mexico (Troche-Souza, C et al., 2016). To date, this number has increased to 63% thanks

to a series of efforts such as the creation of a federal environmental agency, the issue of

environmental legislation and standards, the creation of the National Commission of

Protected Areas (CONANP), the creation of National Commission for the Knowledge

and Use of Biodiversity (CONABIO for its Spanish acronym) and the incorporation of

Mexico to international treaties such as the Kyoto Protocol, Aichi and Ramsar

(Valderrama-Landeros, L. H. et al., 2017). Currently Mexico does not have a law

specifically dedicated to mangroves or wetlands. However, the Mexican Constitution,

seven laws and regulations and 15 environmental standards issued by the Official

Journal of the Federation have implication for mangrove protection and conservation. In

addition, recently the federal government issued the National Policy for Wetlands which

aims to preserve wetland ecosystems through education, research, identification of

threats and restoration (http://ramsar.conanp.gob.mx/).

With regards to changes, in spite of conservation efforts and legislation, mangroves in

Mexico experience human induced pressure. Recent estimations reported a nationwide

net loss of 10% between 1970 and 2005 (Valderrama-Landeros, L. H. et al., 2017). In the

Yucatan Peninsula the main threat faced by this ecosystem is the pressure from coastal

tourism developers and infrastructure. For the period 1981-2005 Valderrama et al. (2014)

estimated a net loss of 38.6%. Although area loss trend continues since 1990, evidence

suggests the rate of loss is decreasing (Vaca et al., 2012). The Yucatan Peninsula, with

~421,000 ha hosts >50% of mangrove area in the country. With more than 70 protected

areas including Ramsar sites, most of the mangrove coverage 37,0613 ha (~88%) is

currently protected under a national or international conservation scheme (Table 3.1).

The comparatively lower anthropogenic impact and the existence of many protected

http://ramsar.conanp.gob.mx/
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areas makes the Yucatan Peninsula a suitable region to study mangroves under relative

undisturbed conditions.

Concerning the monitoring, in Mexico and in particular in the Yucatan Peninsula there is

an active community of scientists working on different aspects of mangroves ecology,

carbon cycle, hydrology and physico-chemical variables (Adame et al., 2013a,b;

Herrera-Silveira et al., 1999; Zaldivar-Jimenez et al., 2004). Despite the efforts, there are

still many gaps in our knowledge about the mangrove dynamics due to personnel and

budget constraints. In 2005, the CONABIO implemented the Mexican System for

Mangrove Monitoring (SMMM for its Spanish acronym). This is the most comprehensive

effort to examine the mangroves of the country which includes three components: the

spatial, the experimental and the social. The spatial involves classification, mapping and

landscape fragmentation indices. The experimental component includes in situ

measurements of community structure and biomass estimations and the examination of

biophysical variables using satellite imagery. The social component focuses on the

development of indicators to monitor the effects of policies on the mangrove ecosystem.

Table 3.1: Mangrove forest surface and protected area in the Yucatan Peninsula, Mexico.

Modified from Valderrama-Landeros et al. (2017).

State Mangrove (ha) Protected (ha) Percentage Protected sites

Campeche 198853 93171 129902 421926

Yucatan 180622 86195 103796 370613

Q. Roo 90 93 80 88

Total 19 20 38 77

3.3.2 Sites description and selection

The Elementary Sampling Units were located in the north west and west of the Yucatan

Peninsula. The climate in this portion of the Yucatan Peninsula dry and semi-arid with

rain from June to October, does not vary significantly, therefore, all sites were subject to
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very similar climatic conditions during the sampling. Due to time constraints and

logistical complications, tree height and salinity were estimated when possible.

Variables such as diameter at breast height (DBH) and tree density were not measured in

this campaign. For some places those variables have been measured in previous studies.

Typically, mangrove stands with taller trees had a higher canopy closure. At the time of

the sampling campaign most of sites were flooded. In the Celestun area, tree density is

1,466 trees per ha .

The ESU’s were selected on the following criteria:

• Representativeness of one of the physiognomic mangrove types.

• Homogeneity of the area in terms of mangrove cover. This is, avoiding areas with

canopy gaps.

• Previous studies.

• Accessibility. Proximity to a road or lagoon.

ESU 01 & 02: This mangrove stand was located at the edge of a peten north of the study

area. The site was completely inundated therefore salinity was not measured. The

dominant species was L. racemosa followed by R. mangle. Tree height ranged between 6

and 9 m.

ESU 03 & 04: This site was located at the north of the study area within a peten. Salinity

in this site was significantly lower ~1 ppm and trees were ~14 m height.

ESU 05 & 06: This mangrove stand was located north of the study area. Young trees ~5

m height. The dominant species was L. racemosa. Salinity was low ~3 ppm.

ESU 07: This fringe mangrove was located east of the study area. The place was

dominated by the presence of R. mangle followed by L. racemosa and rarely A.

germinans. Trees were well-developed with heights ranging between 7 and 10 m.

Generally R. mangle had greater height.

ESU 08 This site is a basin mangrove located east of the study area. The stand was

dominated by R. mangle followed by C. erectus and L. racemosa. Trees were ~10 m

height.
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ESU 09 This mangrove stand was located north east of the study area. The dominant

species was R. mangle. The site was characterised by well-developed trees ~7 m height.

Trees in this location had greater density and lower DBH compared to other sites.

ESU 10 This site is a fringe mangrove located east of the study area. The dominant

species was R. mangle followed by A. germinans and L. racemosa. The site was

characterised by well developed mature trees >10 m height. Visual inspection revealed

low tree density and greater DBH compared to other sites. Overall, leaves at this site

were dark green possibly reflecting the favourable conditions for growth given its

proximity to Celestun lagoon. Salinity at this site was ~18 ppm.

Figure 3.3: Fringe mangrove Celestun location.

ESU 11 & 12 This was a stand of dwarf mangrove located east of the study area. The

dominant species was R. mangle. Trees were stunt and were no higher than 7 m. Salinity

at this site was high compared to other sites ~20 ppm.

Elementary sampling units (ESU) details.
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ESU Lon Lat T

emp. (C)

Pr

ecip. (mm)

Sa linity (g/kg)

Puente -90.37517 20.86236 26.8 47.4 34.1

Interna -90.35261 20.93000 26.8 47.4 34.1

Pecis III -90.0005 21.15578 26.3 44.4 48.6

Chelem II -89.6755 21.25057 26.8 49.2 49.3

Pueblo -88.88928 21.39119 26.0 65.2 31.6

Rio Lagartos -88.12722 21.61167 26.3 55.2 11.3

Poligono 9 -86.82265 21.08723 27.0 89.5 30.0

CID -86.9355 20.79917 26.6 74.4 9.6

3.3.3 Data Acquisition

A field campaign was carried out between 7 and 14 January 2014. The purpose of the

fieldwork was to collect leaf hyperspectral data and SPAD-Chlorophyll meter readings.

Multispectral Landsat 8 data were acquired on 28 January to measure the association

between CC and satellite-derived VIs. Landsat 8 was selected in this study given that its

medium spatial resolution (30 m) enables capture of the heterogeneity of the mangrove

landscape while its spectral resolution enables the computation of broad band indices

highly correlated with CC (Blasco et al., 1998; Giri et al., 2011). In addition, Landsat 8 is

the most recent instrument of the Landsat mission and has a similar spatial resolution to

the future Sentinel 2 MSI sensor; therefore, it allows the continuity of mangrove

chlorophyll concentration monitoring.
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Figure 3.4: Testing ASD FieldSpec Pro spectroradiometer at the mangrove forest in Sisal,

Yucatan Peninsula, Mexico a and b. Sampled leaves of R. mangle, the dominant mangrove

species in the region.



3.3. Study sites characterisation 63

The leave-one-out cross-validation (LOOCV) method was used to validate the

relationship between CC at the ESU level and Landsat 8 NDVIgreen. Figure 3.5 provides a

schematic overview of the methodology followed in this paper.

3.3.4 Ground Data Collection

Twelve elementary sampling units (ESUs) of 30 m by 30 m to represent the Landsat

spatial resolution were sampled. Coordinates were recorded at each ESU with a Global

Positioning System (GPS) handheld receiver unit e-Trex (GARMIN International, Inc),

with <15 m accuracy. At the centre of each ESU two or three trees were sampled,

according to species richness. To take account of the uneven distribution of CC in the

canopy (Buckley et al., 2013), on each sampled tree 15 leaves were taken from the top of

the canopy and 15 leaves from below the top. The following measurements were

performed for each tree:

(i) Leaf hyperspectral measurements: Leaf adaxial spectra were measured

using the leaf clip of the Analytical Spectral Devices (ASD) Field Spec

Pro spectrometer (Analytical Spectral Devices, Boulder, CO, USA) with

a 350–2500 nm spectral range (Figure 3.4). Three scans were taken per

leaf. The ASD spectrum averaging per scan was set to 25. Optimization

and dark current collection were performed before measuring each leaf.

(ii) Leaf Chlorophyll: All leaves used in (i) were measured using a portable

Minolta SPAD-502 Chlorophyll Meter (SPAD-502). The average of five

SPAD readings evenly distributed around the leaf adaxial face was

taken to represent the CC. Calibration equations were used to convert

the SPAD values to actual chlorophyll concentration. Finally, the ESU

CC was expressed as the average of the total number of leaves

measured per ESU. For example, if in one ESU the total number of

leaves measured were 90, the chlorophyll concentration would be the

average of 90 leaves.
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3.3.5 Ground Data Processing

3.3.5.1 SPAD Calibration

Several equations describing the statistical relationship between the SPAD readings and

CC are available in the literature. We used the homographic equation of Connelly (1997)

for R. mangle to convert the SPAD readings to CC. Table A.1 in the Supplementary

Information shows the published conversion equations including polynomial,

exponential, linear, and homographic. The relationship depends on leaf structure factors

such as leaf thickness, leaf mass per area (LMA) (Coste et al., 2010), and the proportion

of vascular tissue (Cerovic et al., 2012), characteristics known to vary among species.

Equations reported by Coste et al. (2010), Cerovic et al. (2012), and Marenco et al. (2009)

have general applicability as they are estimated from different species covering a range

of leaf characteristics. For the particular case of mangroves, the only equation reported

in the literature is that of Connelly (1997), established for the red mangrove (R. mangle).

This equation has a close agreement with equations estimated from different species

covering a range of leaf characteristics (Figure A.1) and, therefore, was deemed to be

suitable for the purposes of the study. Once SPAD readings were converted to CC, each

individual leaf CC was compared with its corresponding spectral response to establish

the CC and spectral characteristics at the leaf level.
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Figure 3.5: Schematic diagram of the procedures in relating CC to VIs. In this paper the

leaf level refers to the CC and hyperspectral response measured at individual leaves. ESU

level refers to CC and hyperspectral response averaged at Elementary SamplingUnit level

(a plot of 30 m by 30 m to represent the spatial resolution of Landsat 8). Chl maps were

computed using the Landsat 8 VI, which had the best performance in terms of correlation

with Chl at ESU level.
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Table 3.3: Hyperspectral and broad band indices used in this research.

Vegetation index Abbreviation Formula Reference

Simple Ratio Index 680 SR680
800
680

Jordan (1969)

Simple Ratio Index 750 SR750
750
705

Gitelson and Merzlyak (1994)

Normalized Difference Vegetation Index 680 NDVI680
800 − 680
800 + 680

Rouse et al. (1974)

Normalized Difference Vegetation Index 705 NDVI705
750 − 705
750 + 705

Gitelson and Merzlyak (1994)

Modified Red Edge Simple Ratio Index mSR705
750 − 445
750 − 445

Sims and Gamon (2002b)

Modified Normalized Difference Vegetation Index mND705
750 − 705

750 + 705 − 2 · 445
Sims and Gamon (2002b)

Modified Chlorophyll Absorption Index mCARI705 [(750 − 705) − 0.2 · (750 − 550)] · 750
705

Wu et al. (2008)

MERIS Terrestrial Chlorophyll Index MTCI
753.75 − 708.75
708.75 + 681.25

Dash and Curran (2004)

Vogelmann Red Edge Index 1 VOG1
740
720

Vogelmann et al. (1993)

Vogelmann Red Edge Index 2 VOG2
734 − 747
715 + 726

Zarco-Tejada et al. (2001)

Vogelmann Red Edge Index 3 VOG3
734 − 747
715 + 720

Zarco-Tejada et al. (2001)

Photochemical Reflectance Index PRI
531 − 570
531 + 570

Gamon et al. (1992)

Transformed Chlorophyll Absorption Ratio Index TCARI 3 · [(700 − 670) − 0.2 · (700 − 550)] · 700
670

Haboudane et al. (2002)

Green Normalized Difference Vegetation Index NDVIgreen
NIR − Green

NIR + Green
Gitelson et al. (1996)

Simple Ratio Simple Ratio
NIR

Red
Jordan (1969)

Green Chlorophyll Index CIgreen
NIR

Red
− 1 Gitelson (2005)

Normalized Difference Vegetation Index NDVI
NIR − Red

NIR + Red
Rouse et al. (1974)

Enhanced Vegetation Index EVI1 2.5 · NIR − Red

1 + NIR + 6 · Red − 7.5 · Blue
Liu and Huete (1995)

Enhanced Vegetation Index 2 EVI2 2.5 · NIR − Red

1 + NIR + 2.4 · Red
Jiang et al. (2008)

Wide Dynamic Rage Vegetation Index WDRVI
α · NIR − Red

α · NIR + Red
Gitelson (2004)

Green Wide Dynamic Range Vegetation Index WDRVIgreen
α · NIR − Red

α · NIR + Red + 1−α
1+α

Gitelson et al. (2012)
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3.3.5.2 Hyperspectral Data Processing

A total of 21 VIs were computed using the hyperspectral data collected in the field, 13

VIs were narrow band indices while 8 were broad band indices Table 3.3. Hyperspectral

bands employed were 445, 531, 550, 570, 670, 680, 681, 700, 705, 708, 715, 720, 726, 734,

740, 747, 750, 753, and 800 nm. Spectral bands used to compute broad band VIs were:

Blue (436–528), green (512–610), red (625–691), and NIR (829–900 nm). Broad band VIs

were computed using the Landsat 8 spectral response function available in the Landsat

Science website (http://landsat.gsfc.nasa.gov/). Narrow and broad band indices were

then used to establish the relationship between CC and the spectral characteristics of

mangrove leaves. Therefore, the selection of these indices was based upon their tested

ability to predict CC.

3.3.5.3 Satellite Sensor Data Processing

Six Landsat 8 images were obtained between April 2013 and March 2014 (path 21, row

45). All images were pre-processed using the Fast Line-of-sight Atmospheric Analysis of

Hypercubes (FLAASH) algorithm in ENVI 5.0. The January 2014 image, which

corresponds to the month where field data were obtained, was employed to compute

eight broad band VIs: NDVIgreen, WDRVIgreen, NDVI, EVI2, WDRVI, CIgreen, SR, and EVI1

(Table 3.3). These VIs produced a large correlation with CC from previous analyses. The

correlation between CC at the ESU level and Landsat 8 VIs was examined. The index

that provided the largest correlation between the Landsat 8 images and CC measured at

the ground was then used to produce the CC maps. Non-mangrove pixels were masked

out using the land cover map of the Yucatan Peninsula (CONABIO, 2013).

3.3.6 Statistical Analysis

The Kruskal–Wallis test was conducted to explore the overall statistical difference

among mangrove species. Further, pairwise comparisons between species were

conducted using the Wilcoxon signed-rank test. To establish the relationship between

http://landsat.gsfc.nasa.gov/


68 Chapter 3. Spatiotemporal variation in mangrove chlorophyll concentration using Landsat-8

leaf CC and leaf spectral response, simple linear regression was applied and the

coefficient of determination was estimated for the entire dataset and on a per-species

basis. To examine the influence of a mixed species signal and its relationship with CC,

CC and the VIs were merged at each ESU and simple linear regression was applied and

the coefficient of determination estimated. Similarly, to examine the relationship

between CC measured at the ground and Landsat 8 VIs, the CC was merged at each ESU

and simple linear regression was applied and the coefficient of determination estimated.

The LOOCV approach was used to assess the accuracy of the CC map created with the

image acquired close to the field campaign dates, and the coefficient of determination

and RMSE were estimated. This LOOCV approach consists of training a model with the

complete dataset except for one point, then that point is predicted by the model allowing

accuracy statistics to be estimated. The process iterates N times and the RMSE is

calculated (Lachenbruch and Mickey, 1968). Statistical analyses were conducted in the R

statistical software (R Core Team, 2015).

3.3.7 Machine Learning algorithms

In addition to the VI indices approach to predict Chl content in mangrove leaves, two

state of the art machine learning algorithms were tested. Unlike the empirical simple

linear regression approach other techniques such as Partial Least Squares (PLS) and

Random Forest (RF) take advantage of the full spectrum. First, 1D and 2D correlograms

were created to gain information about the individual bands and band combinations

that best correlate with leaf chlorophyll. Then PLS and RF were conducted. To test the

machine learning techniques the dataset was partitioned for training (75%) and

validation (25%).

3.3.7.1 Partial Least Squares

The number of predictors was reduced from the total number of wavebands (1250) to 5,

10 and 22 components. Then RMSE was computed between the observed and modelled
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chlorophyll. Variable importance in projection (VIP) scores were computed to identify

the wavebands that explain the variability in leaves chlorophyll.

3.3.7.2 Random Forest

Model parameters: The number of trees (ntree) was set to 500, the number of variables

selected at each iteration (mtry) was set using the rule of thumb number of predictors/3. A

test was run for model optimisation, the results demonstrated that ntree = 500 was

appropriate. An evaluation of the model accuracy was performed. In addition, two

measures of variable importance were computed: the mean decrease in mean squared

error (MSE) and the total decrease in node impurities from splitting on the variable.

3.4 Results

3.4.1 Spectral Variation among Species

Spectral reflectance curves of the four mangrove species are presented in Figure 3.6. In

general, the species exhibit similar curves typical of green vegetation. A. germinans had

the highest reflectance in the visible region as well as in the NIR, while R. mangle had the

lowest reflectance in the visible spectral bands. C. erectus and A. germinans are not clearly

distinguishable in the green region. Similarly, R. mangle and C. erectus are confounded in

the NIR region of the spectrum.
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Figure 3.6: Spectral reflectance of mangrove species (mean ± SD). The smaller plots on

the upper right corner represent a zoom in of the visible range of the spectrum. The visi-

ble region depicts features associated with differences in Chl μg cm−2 among species. R.

mangle, the species with the highest CC shows the lower reflectance in the visible part of

the spectrum.

3.4.2 Mangrove Species CC

Figure 3.7 shows the CC in leaves obtained from four species of mangrove. The range of

CC was 2.28–92.28 μg cm−2 for C. erectus, 16.67–84.39 μg cm−2 for L. racemosa, 20.35–82.81

μg cm−2 for A. germinans, and 22.28–96.14 μg cm−2 for R. mangle. On average, CC was

highest for R. mangle and lowest for C. erectus. Significant differences (p<0.05) were

observed between the following pairs: (i) R. mangle-A. germinans, (ii) L. racemosa-C. erectus

and (iii) R. mangle-C. erectus.
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Figure 3.7: Leaf CC (μg cm−2) for the four mangrove species. Each box embodies the first

and the third quartile. The bold line represents the median while the dark dot represents

the mean. Whiskers are located at 1.5 times the interquartile range and white dots denote

outliers. Significant differences (p<0.05) were observed between the following pairs: (i) R.

mangle-A. germinans, (ii) L. racemosa-C. erectus and (iii) R. mangle-C. erectus.

3.4.3 Performance of VIs

Leaf hyperspectral response was used to derive the VIs listed in Table 3.3. Leaf-level

relationships were computed between the narrow band VIs and CC. The narrow band

VIs with the most explanatory power (R2 > 0.5) were VOG indices, MTCI, mND705,

mSR705, mCARI705, and SR750 (Table 3.4; Figure 3.8. When coefficients of determination

were computed on a per-species basis, VIs followed the same trend showing an increase
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in the percentage of explained variation in CC. The best performing narrow band VIs in

terms of coefficient of determination for R. manglewere VOG2, VOG3, VOG1, mND705,

and MTCI Table 3.5. Similarly, VOG2, VOG3, MTCI, VOG1, and mSR705 performed best

for L. racemosa Table 3.6. A. germinans CC had the largest correlation with VOG1, VOG3,

mCARI705, MTCI, and mND705 Table 3.7, while VOG2, VOG3, VOG1, mCARI705, and

mND705 best explained CC variation in C. erectus Table 3.8.

3.4.4 VIs and CC at the ESU Level

The CC of sampled leaves and narrow band VIs were averaged within the ESUs. The

main difference between this step and the previous section is that in this section we

attempted to produce a mixed species response. Linear models were fitted to describe

quantitatively the response of VIs to change in CC at the ESU level. The red-edge VIs

mCARI, VOG1, EVI2, EVI1, VOG2, VOG3, mND, NDVI, SR750, MTCI, mSR, and

NDVIgreen individually explained more than 60% of the variation in CC Figure 3.9. It is

important to note that some of these indices (NDVIgreen, WDRVIgreen, NDVI, EVI2,

WDRVI, CIgreen, SR, and EVI1) can be calculated using Landsat 8 data, allowing

measurements of chlorophyll concentration at landscape scale.

Table 3.4: Relationship between CC and VIs (n = 987).

VI Intercept Slope R2 RMSE Signif.

VOG2 20.382 -449.057 0.588 11.3 ****

VOG1 -77.714 91.798 0.587 11.3 ****

VOG3 22.558 -379.752 0.582 11.4 ****

MTCI 22.817 15.554 0.564 11.7 ****

mND705 -7.524 112.029 0.551 11.8 ****

mSR705 16.172 10.088 0.530 12.1 ****

mCARI705 22.597 35.201 0.528 12.1 ****

SR750 9.051 14.264 0.514 12.3 ****

TCARI 82.556 -103.717 0.457 13.0 ****
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VI Intercept Slope R2 RMSE Signif.

WDRVIgreen 15.381 65.250 0.450 13.1 ****

NDVIgreen 2.228 92.202 0.446 13.2 ****

CIgreen 30.693 7.828 0.432 13.3 ****

NDVI -40.481 120.412 0.281 15.0 ****

WDRVI 27.422 60.234 0.274 15.1 ****

SR 30.901 2.438 0.217 15.6 ****

EVI2 -30.779 228.633 0.203 15.8 ****

EVI1 -34.546 221.288 0.198 15.8 ****

NDVI705 10.544 116.844 0.185 16.0 ****

SR680 32.193 1.614 0.116 16.6 ****

NDVI680 40.587 0.073 0.006 17.6 *
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Figure 3.8: Scatterplots of VIs that showed the highest correlation (R2 > 0.53) with CC.

Red: R. mangle, black: A. germinans, grey: L. racemosa, and green: C. erectus.

Table 3.5: Relationship between CC and VIs for R. mangle (n = 579).

VI Intercept Slope R2 RMSE Signif.

VOG2 18.188 -451.792 0.693 5.7 ****
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VI Intercept Slope R2 RMSE Signif.

VOG3 21.345 -373.644 0.688 5.7 ****

VOG1 -87.574 96.967 0.672 5.8 ****

mND705 -42.674 163.958 0.672 5.8 ****

MTCI 22.359 15.054 0.670 5.9 ****

mSR705 14.913 9.963 0.650 6.0 ****

SR750 4.131 15.024 0.621 6.3 ****

NDVIgreen -54.493 174.230 0.609 6.4 ****

WDRVIgreen -13.384 100.923 0.607 6.4 ****

CIgreen 24.163 8.929 0.584 6.6 ****

mCARI705 23.182 33.436 0.582 6.6 ****

TCARI 93.665 -174.992 0.577 6.6 ****

NDVI705 29.339 81.311 0.114 9.6 ****

WDRVI 31.829 51.978 0.056 10.0 ****

SR 44.576 1.352 0.055 10.0 ****

NDVI -43.281 123.583 0.055 10.0 ****

EVI1 15.393 110.420 0.043 10.0 ****

EVI2 20.601 104.767 0.037 10.1 ****

NDVI680 44.377 33.138 0.011 10.2 *

SR680 60.735 0.049 0.000 10.2 ns

Table 3.6: Relationship between CC and VIs for L. racemosa (n = 151).

VI Intercept Slope R2 RMSE Signif.

VOG2 26.277 -274.101 0.881 0.6 ****

VOG3 27.114 -238.934 0.880 0.6 ****

MTCI 26.178 10.039 0.866 0.6 ****

VOG1 -26.703 50.467 0.865 0.6 ****

mSR705 19.105 7.395 0.852 0.7 ****
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VI Intercept Slope R2 RMSE Signif.

CIgreen 27.373 6.728 0.841 0.7 ****

SR750 15.436 9.852 0.838 0.7 ****

TCARI 60.562 -57.535 0.835 0.7 ****

mND705 12.596 58.631 0.830 0.7 ****

WDRVIgreen 21.085 41.491 0.830 0.7 ****

NDVIgreen 14.663 53.726 0.809 0.8 ****

mCARI705 26.561 21.353 0.804 0.8 ****

WDRVI 24.994 41.655 0.545 1.2 ****

SR 23.427 2.278 0.541 1.2 ****

NDVI -22.222 82.947 0.536 1.2 ****

EVI1 -13.213 135.008 0.422 1.4 ****

EVI2 -10.006 138.282 0.420 1.4 ****

NDVI705 16.729 65.825 0.384 1.4 ****

SR680 29.778 0.964 0.139 1.7 ****

NDVI680 19.155 43.457 0.059 1.7 **

Table 3.7: Relationship between CC and VIs for A. germinans (n = 121).

VI Intercept Slope R2 RMSE Signif.

VOG2 29.348 -309.760 0.639 0.9 ****

VOG3 30.320 -273.024 0.634 0.9 ****

mCARI705 28.267 29.045 0.627 0.9 ****

MTCI 28.543 14.332 0.594 1.0 ****

mND705 12.727 77.113 0.590 1.0 ****

VOG1 -34.331 61.339 0.589 1.0 ****

mSR705 17.873 11.066 0.579 1.0 ****

SR750 16.139 13.104 0.523 1.0 ****

EVI1 -17.632 152.880 0.492 1.0 ****
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VI Intercept Slope R2 RMSE Signif.

EVI2 -16.545 164.050 0.452 1.1 ****

NDVIgreen 26.849 47.782 0.384 1.2 ****

WDRVIgreen 32.141 38.064 0.372 1.2 ****

TCARI 66.330 -42.785 0.362 1.2 ****

CIgreen 37.155 6.625 0.346 1.2 ****

NDVI705 21.378 59.379 0.258 1.3 ****

NDVI 14.489 45.855 0.188 1.3 ***

WDRVI 40.738 22.664 0.175 1.3 ***

NDVI680 13.451 58.514 0.136 1.4 **

SR 40.683 1.125 0.127 1.4 **

SR680 39.332 0.765 0.077 1.4 *

Table 3.8: Relationship between CC and VIs for C. erectus (n = 136).

VI Intercept Slope R2 RMSE Signif.

VOG2 4.968 -1013.500 0.834 5.0 ****

VOG3 6.924 -895.743 0.830 5.0 ****

VOG1 -182.561 181.758 0.817 5.2 ****

mCARI705 6.077 84.213 0.810 5.3 ****

mND705 -26.193 188.601 0.794 5.5 ****

EVI2 -146.001 602.331 0.794 5.5 ****

EVI1 -144.589 545.121 0.783 5.7 ****

MTCI 4.549 36.791 0.779 5.7 ****

NDVI705 -58.082 335.829 0.776 5.8 ****

SR750 -34.070 37.251 0.775 5.8 ****

mSR705 -20.928 27.366 0.768 5.9 ****

SR680 -64.088 12.103 0.755 6.0 ****

NDVIgreen -23.472 188.194 0.735 6.3 ****
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VI Intercept Slope R2 RMSE Signif.

WDRVIgreen -7.665 157.046 0.726 6.4 ****

WDRVI 19.586 143.564 0.711 6.6 ****

NDVI -116.197 250.425 0.705 6.6 ****

CIgreen 7.468 28.715 0.698 6.7 ****

TCARI 130.880 -201.672 0.686 6.8 ****

SR -13.847 11.322 0.685 6.8 ****

NDVI680 -253.313 605.497 0.501 8.6 ****
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Figure 3.9: Correlations between VIs and CC (μg cm−2) at ESU level.
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Figure 3.10: Correlations between Landsat 8 VIs and CC at ESU level.
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Chl Concentration and Landsat 8 VIs

One Landsat 8 image acquired in January 2014 was used to derive broad band VIs for

comparison with CC at the ESU level. Using the coordinates recorded in the field, each

ESU plot was located on the Landsat 8 image. The average CC per ESU was plotted

against its corresponding pixel on the Landsat 8 NDVIgreen and the coefficient of

determination was computed. The correlation analyses demonstrated that Landsat 8

NDVIgreen is the broad band VI most sensitive to CC at the ESU level (R2 = 0.805), Figure

3.10. The linear model that produced this large correlation, described by Equation 3.1,

was used to construct a Chl map.

y = 54.5 + 149.4x (3.1)

where x = pixel value of the Landsat 8 NDVIgreen image.

Accuracy Assessment

The relationship between CC at the ESU level and Landsat 8 NDVIgreen expressed by

Equation 3.1 was assessed using the LOOCV method. The coefficient of determination

was relatively large (R2 = 0.703) indicating a good level of agreement between observed

CC and predicted CC Figure 3.11. The root mean squared error (RMSE) was used to

compare the observed vs. predicted CC (RMSE = 15 μg cm−2). RMSE was calculated

using Equation 3.2:

RMSE =

√√√√√ n∑
i=1

(CCobsi
− CCpredi

)2

n
(3.2)

where CCobs and CCpred are the observed and predicted CC, respectively.
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Figure 3.11: Observed against predicted CC using the leave-one-out cross-validation

method. Each point represents an ESU. RMSE = 15 μg cm−2, R2 = 0.703.

Spatial Variation of Chlorophyll Concentration across the Study Site

A Landsat 8 image acquired in January 2014 was used to produce landscape scale

mangrove leaf CC map. First, NDVIgreen was computed for the region of interest then,

using Equation 1, CC was calculated for every pixel using the band math tool in ENVI

5.0. The same procedure was applied to the Landsat 8 images acquired at different dates

throughout a complete annual cycle Figure 3.12. Maps are able to show the spatial

distribution of CC with a pattern that seems related to distance from water. Larger CC

values are observed at the borders of the Ría Celestún, in petenes (characterized by
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circular shaped “islands” of vegetation), and flooded areas, with values decreasing

towards the continent or the sea. With respect to the temporal variability, in general the

maps depict an increasing gradient from April 2013 to November 2013 and a decreasing

pattern form November 2013 to March 2014 (Figure 3.13).

Figure 3.12: Remote sensing-based maps of the spatiotemporal variation in CC (μg cm−2)

estimated using the relationship between Landsat 8 NDVIgreen and Chl measurements ob-

tained in the field. The non-mangrove pixels have been masked out.
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Figure 3.13: Temporal variation in CC. The boxes represent each CC map. Each box em-

bodies the first and the third quartile. The bold line represents the median while the dark

dot represents the mean. Whiskers are located at 1.5 times the interquartile range and

white dots denote outliers. Panels c-d show the seasonal variation in the green, red and

NIR spectral bands. The panels suggest that the seasonal variation inmangrove greenness

is associated to variations in the chlorophyll absorption regions.
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Figure 3.14: Landsat-8 NIR compared to chlorophyll concentration at each sampling unit.

At the bottom, MODIS LAI (MCD15A3H) compared to chlorophyll concentration at each

sampling unit. The figures show that NIR and LAI are positively correlated to chlorophyll

concentration.
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An additional small piece of analysis was conducted to answer the question, if we select

pixels with constant LAI, what is the impact on CC? The chlorophyll map derived from

the Landsat-8 image closest to field campaign dates was used. The LAI dataset used was

MOD15A2H product. All chlorophyll pixels were extracted for a given LAI values. For

example, all coordinates of LAI=1 were extracted and used to query the CC map. Two

conclusions are derived from the analysis (Figure 3.14). First, for any given LAI value

there was a range of chlorophyll values, suggesting CC responds to other factors rather

than LAI only. Second, for LAI values between 1 and 3 there is no clear increasing trend

in CC. Third, overall, the higher the LAI the higher the CC, supporting the assumption

that CC and LAI are covariates and it is indeed challenging to separate the contribution

of LAI when estimating CC. Therefore, despite the clear seasonality observed in CC, the

results must be taken with caution.

3.4.5 Full spectrum methods

Overall the full spectrum methods satisfactorily predicted mangrove leaves chlorophyll

and gave insights on wavebands importance.

Figure 3.15 shows 1D correlogram between individual bands and leaf chlorophyll.

According to this results the four species of mangrove have a higher correlation with

chlorophyll in the region of the spectrum around 550 nm and 700 nm followed by

several peaks in the NIR region. The overall correlation is higer for L. racemosa and C.

erectus in the visible and NIR regions.
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Figure 3.15: 1D correlograms illustrating the coefficient of determination R2 of linear re-

gression between NDVI type band combinations and leaf chlorophyll. From a to d R.

mangle, L. racemosa, A. germinans and C. erectus, respectively.
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With respect to the waveband combinations (Figure 3.16), generally the regions around

550 nm and 700 nm deliver higher coefficient of determination with bands from the NIR

(R2>0.5). L. racemosa and C. erectus have a wider spectrum of band combinations which

yield high R2.

Figure 3.16: 2D correlograms illustrating the coefficient of determination R2 of linear re-

gression between NDVI type band combinations and leaf chlorophyll. From a to d R.

mangle, L. racemosa, A. germinans and C. erectus, respectively.
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3.4.5.1 Partial Least Squares

Leaf chlorophyll could be satisfactorily predicted using 10 to 20 latent components from

PLS (Figure 3.17). Figure 3.18 shows the 1:1 relationship between measured and

predicted chlorophyll using 10 components for the cross validation.

Figure 3.17: Root mean squared error of predictions (RMSEP) as a funciton of the number

of latent components of Partial Least Squares (PLS) to predict chl concentration. From a

to d R. mangle, L. racemosa, C. erectus and A. germinans, respectively.
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Figure 3.18: Cross validation between predicted and observed chlorophyll. From a to d R.

mangle, L. racemosa, C. erectus and A. germinans, respectively.
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Variable importance were found primarily in the visible region in the range 549-567 nm

and in the red edge in the range 707-715 nm Figure 3.19. In those regions of the spectrum

the VIP score was >2.

Figure 3.19: Variable (waveband) importance in projection (VIP) in grey. Maximum VIP

indicated by black arrows. From a to d R. mangle, L. racemosa, C. erectus and A. germinans,

respectively.
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3.4.5.2 Random Forest

The average number of nodes per tree was ~30. Only R. mangle had ~140 (Figure 3.20).

The prediction error estabilises at 500 trees per forest (Figure 3.21), therefore 500 trees

was considered suitable for the model. The out of the bag error (OOB) decreased around

500 predictors considered at each split of the trees (Figure 3.22 - 3.25).

Figure 3.20: Frequency of tree sizes. This is the number of nodes per tree. From a to d R.

mangle, L. racemosa, C. erectus and A. germinans, respectively.
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Figure 3.21: Prediction error as a function of the number of trees averaged. From a to d R.

mangle, L. racemosa, C. erectus and A. germinans, respectively.
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The waveband importance varied among species (Figures 3.26-3.26). For R. mangle the

wavebands with maximum importance were 404, 554, 715, 556 and 716 for decrease in

MSE and 554 and 556 nm for node purity. For L. racemosa the wavebands with more

importance were 402 and 530 nm for decrease in MSE and 530 for node purity. C. erectus

had 693 nm for both, decrease in MSE and node purity. Whereas A. germinans had 695

and 701 for decrease in MSE and 681, 701, 695 and 696 for node purity.

Figure 3.22: Out of the bag error (OOB) (red line) and the error computed using the test

dataset (blue line) for R. mangle.
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Figure 3.23: Out of the bag error (OOB) (red line) and the error computed using the test

dataset (blue line) for A. germinans.

Figure 3.24: Out of the bag error (OOB) (red line) and the error computed using the test

dataset (blue line) for C. erectus.
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Figure 3.25: Out of the bag error (OOB) (red line) and the error computed using the test

dataset (blue line) for L. racemosa.

Figure 3.26: Variable (waveband) importance for chlorophyll prediction in R. mangle. On

the left hand side of each panel the mean decrease in MSE. On the right hand side of each

panel the total decrease in node impurities from splitting on the variable.
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Figure 3.27: Variable (waveband) importance for chlorophyll prediction in A. germinans.

On the left hand side of each panel the mean decrease in MSE. On the right hand side of

each panel the total decrease in node impurities from splitting on the variable.

Figure 3.28: Variable (waveband) importance for chlorophyll prediction in C. erectus. On

the left hand side of each panel the mean decrease in MSE. On the right hand side of each

panel the total decrease in node impurities from splitting on the variable.
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Figure 3.29: Variable (waveband) importance for chlorophyll prediction in L. racemosa. On

the left hand side of each panel the mean decrease in MSE. On the right hand side of each

panel the total decrease in node impurities from splitting on the variable.
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3.4.5.2.1 Models performance

Results of PLS and RF were comparable in terms of R2 and RMSE. However, the cross

validation exercise showed that overall the full spectrum methods had consistently

higher R2 and lower RMSE than the empirical approach (see Table 3.9). Several

hyperspectral indices that best correlated to Chl (VOG3, VOG1, SR750, MERIS, NDVIg,

mND705, WDRVIg, VOG2, mSR705, mCARI705, CIgreen and NDVI) were compared

against the full spectrum methods. Amongst the compared indices, VOG3, VOG1, SR750

and MERIS showed reasonable performance, but none of the indices performed as good

when tested with the validation dataset. These results demonstrate the superiority of the

full spectrum methods as contrasted to OLS.
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Table 3.9: Cross validation of full spectrum methods compared to ordinary least squares (OLS).

R. mangle L. racemosa C. erectus A. germinans
R2 RMSE R2 RMSE R2 RMSE R2 RMSE

Full spectrum PLS 0.89 4.78 0.91 3.49 0.95 6.68 0.05 16.43
RF 0.81 6.26 0.84 4.44 0.93 6.82 0.38 9.24

Ordinary Least Squares (OLS)

VOG3 0.69 7.52 0.86 6.35 0.90 8.03 0.36 8.78
VOG1 0.65 6.99 0.88 4.50 0.84 11.51 0.43 9.88
SR750 0.70 7.62 0.86 5.44 0.83 10.63 0.35 9.91
MERIS 0.68 7.52 0.83 5.13 0.87 9.42 0.28 10.43
NDVIg 0.57 9.32 0.92 5.00 0.85 10.62 0.32 11.59
mND705 0.71 7.90 0.88 4.61 0.82 10.29 0.19 6.69
WDRVIg 0.62 8.34 0.84 4.95 0.91 8.57 0.20 8.90
VOG2 0.77 6.40 0.87 4.95 0.89 10.30 0.01 11.35
mSR705 0.63 8.32 0.91 4.43 0.84 12.05 0.11 8.75
mCARI705 0.57 9.45 0.81 6.85 0.87 8.32 0.09 11.34
CIgreen 0.65 7.81 0.88 4.80 0.78 12.38 0.00 11.16
NDVI 0.06 12.96 0.71 8.95 0.83 12.27 0.11 10.12
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3.5 Discussion

Leaf CC is an important biophysical variable used as an indicator of vegetation

condition and stress. Field-based measurements of biophysical variables in mangrove

forests are labour-intensive and time-consuming. Consequently, only a few spatially

localized studies have focused on estimating mangrove CC (Flores-de-Santiago et al.,

2013a,b, 2012). To obtain a synoptic view of mangrove condition at the landscape level,

it is important to generate more data on the spatial and temporal variation of mangrove

biochemical variables. The current research assessed the performance of hyperspectral

and broad band VIs for predicting the CC of mangroves at the leaf and ESU levels. The

association between CC at the ESU level and Landsat 8 NDVIgreen was validated using

the LOOCV approach. In addition, six maps depicting the spatiotemporal variability of

CC using Landsat 8 data are presented.

3.5.1 Spectral Signature and Chl Concentration

Leaf spectral features in the visible and NIR regions of the spectrum have been

associated to pigment concentration (e.g., chlorophyll) and leaf structure, respectively

(Slaton et al., 2001b). Chl peaks of absorbance are located in the blue and red regions of

the spectrum. Since carotenoid absorbance also occurs in the blue region, typically the

red spectral bands are used to estimate Chl (Sims and Gamon, 2002b). Low reflectance in

the red part of the spectrum is then related to the presence of Chl. In this study, R. mangle

had the lowest reflectance in the red spectral bands, followed by L. racemosa, A. germinans,

and finally C. erectus with the highest reflectance of the four species. Accordingly, the

average CC followed the same gradient; it was highest for R. mangle and lowest for C.

erectus, no statistical difference was found between L. racemosa and A. germinans and R.

mangle and L. racemosa. Likewise, (Flores-de-Santiago et al., 2013b, 2012) reported similar

CC ranges per species; the highest CC in R. mangle and lowest for L. racemosa and A.

germinanswas in the Mexican Pacific. In Brazil, Rebelo-Mochel and Ponzoni (2007)

reported the highest reflectance in the visible bands for C. erectus and lowest for R.
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mangle, confirming our results. However, they did not measure pigment concentration.

The NIR reflectance, in contrast, is known to be affected by leaf anatomical structure

such as leaf thickness, cell walls, and intracellular air spaces. We did not carry out leaf

anatomical measurements; however, the low NIR reflectance of R. mangle and

significantly higher reflectance of A. germinans would suggest differences in leaf

morphological characteristics. Rebelo-Mochel and Ponzoni (2007) also reported higher

reflectance in the NIR for A. germinans. In addition, Lima et al. (2013) reported

significantly lower palisade, spongy parenchyma, and total leaf thickness for R. mangle.

Furthermore, physical gradients such as waterlogging (Xiao et al., 2009b) and salinity

(Camilleri and Ribi, 1983; Parida et al., 2004; Sobrado, 2005) act on mangrove leaf

morphology and pigment concentration and this, in turn, could affect the visible and

NIR leaf reflectance.

3.5.2 Chl Concentration and Narrow Band Vegetation Indices

In general, the correlation between the VIs derived from remote sensing data and CC in

the mangrove leaves was significant at all levels. Indices specifically designed to be

sensitive to CC such as VOG indices and MTCI produced the largest coefficient of

determination at the leaf level (R2 > 0.5).

VIs that best explained the variability in CC were those that included in their formula

spectral bands in the range 705 to 753 nm (e.g., VOG and MTCI). VOG indices and MTCI

had the largest correlation with CC at the leaf level (R2 = 0.56–0.58) when all leaves

were pooled together. Similarly, these indices had the largest correlation on a

per-species basis (Tables 3.5 to 3.8; Figure 3.8. Flores-de-Santiago et al. (2013b) and

Zhang et al. (2012a) suggested VOG1 was the optimal VI in terms of its linear correlation

with Chl a concentration in mangrove leaves. Moreover, our results show that the MTCI

had equal or, in some cases, larger correlation with leaf CC than VOG1. For instance,

VOG1 had an average difference of 1.1% with respect to MTCI. Also, in this study VOG2

correlated better with CC than VOG1 or MTCI. Finally, opposed to their counterparts,

the modified indices mSR705, mND705, and mCARI705 produced a larger correlation.
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Modified indices with spectral bands of 705 nm and 750 nm in general had a larger

correlation than those composed by 800 nm and 670 nm (Wu et al., 2008); this is

consistent with our findings in that mND705 performed at the same level of VOG indices

in R. mangle, the species with the highest CC.

3.5.3 Chl Concentration and Broad Band Vegetation Indices

Performance from Leaf to ESU Level

According to our results, the relationship between broad band VIs and CC increased as

we move from leaf level to ESU level Figure 3.10. Although the correlation between CC

and broad band VIs was significant at leaf level Table 3.4, this correlation was relatively

weak (R2 0.4, p < 0.001). The relatively weak relationship is explained by the variability

in the data. Differences in leaf structure among mangrove species affect the leaf spectral

reflectance. Therefore, the response of VIs to CC varies among mangrove species (Tables

3.5 to 3.8). Conversely, at ESU level, high significant correlation was observed between

six Landsat 8 broad band VIs and CC (N = 12; R2 > 0.7; p < 0.001). At this stage, the CC

measured at each ESU was averaged and compared with the Landsat 8 broad VI pixel

value. In this study, Landsat 8 NDVIgreen was able to explain ~80% of the variation in CC

at the ESU level. The linear model that produced this large correlation was the basis for

upscaling CC at landscape scale.

The main difference between broad band and hyperspectral algorithms is the width of

the spectral band used for the computation of the index. Broad band indices use

information from wide regions of the spectrum such as blue, green, red, near infrared,

and short wave near infrared regions. On the contrary, hyperspectral indices include

narrow regions of the spectrum. It is possible to derive information about the structure

and biochemical composition of vegetation from both types of indices, however,

hyperspectral indices that include bands in areas of the spectrum of high absorbance by

chlorophyll a and b (particularly between 650 and 690 nm) perform best at estimating

chlorophyll concentration. The transition region between the red and the near infrared

part of the spectrum, the so-called red edge (680–750 nm) tends to shift towards longer
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wavelengths at high chlorophyll concentrations (Gitelson and Merzlyak, 2003); therefore,

those indices that include narrow bands in the red edge are more sensitive to variations

in chlorophyll.

3.5.4 Full spectrum methods

The limitations of broad and narrow band indices to estimate vegetation biochemical

variables are widely acknowledged. Some of these limitations include saturation, the use

of 2 to 3 spectral bands, overfitting and collinearity. Machine learning algorithms that

use the full spectrum represent an alternative to overcome some of those issues. In this

thesis, PLS and RF were used to identify the most important wavebands for mangrove

species chlorophyll concentration prediction.

PLS method satisfactorily predicted chlorophyll content in the mangrove species. For

leaf chlorophyll across species PLS predicted with R2>0.8 with five to ten latent

components. In addition, the method was able to identify the most important

wavebands through VIP scores. The wavebands correspond to the visible (549-567 nm)

and the red edge (707-715 nm). RF method also produced satisfactory results. R2 was

>0.8 in most cases and RMSE was <10. Nevertheless, PLS performed better.

Although variable importance differed among species and between methods there were

some similarities. Frequently appearing narrow bands were 554 and 715. These bands,

along with other bands that appeared as important from the MLAs (such as VIP PLS:

549, 554,567; 707, 709, 710, 715; 404, 554, 715, 556 and 716; 554 and 556; 402, 530; 530; 693;

695, 701; 681, 701, 695, 696) are also present in the formulation of hyperspectral indices

which showed greatest correlation in the linear model experiment. The reason for this is

that the region around 550 nm corresponds to a high absorption by chlorophyll while

the region around 715 nm corresponds to the red edge.

Both MLAs assessed in this thesis satisfactorily predicted chlorophyll concentration in

mangrove species using hyperspectral data. However, overall PLS had greater R2. The

methods were able to deal with high dimensional dataset, collinearity and were also able
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identify wavebands with higher predictive power. Such wavebands have the potential

to develop new vegetation indices adapted for mangrove species. Finally, the accuracy

of the MLAs were comparable to that of the empirical model in terms of RMSE and

coefficient of determination.
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3.5.5 Chl Map

In order to map the CC using Landsat-8, it is necessary to use the broad band spectral

indices. The VI that best explained the variation in CC at the ESU level, the Landsat 8

NDVIgreen, was used to create the Chl maps. Gitelson et al. (1996) developed the

NDVIgreen for MODIS and, unlike its predecessor, the NDVI that uses the red band

(650–690 nm), the NDVIgreen incorporates the green band (530–570 nm) in its formulation

and is sensitive to a wider range of CC (Gitelson et al., 1996; Gitelson and Merzlyak,

1997). Similar to MODIS, the Landsat 8 green band ranges between 530 and 590 nm, this

region of the electromagnetic spectrum is located above the “green edge” between two

regions of strong pigment absorption: blue (460–480 nm) and red (650–690 nm) Gitelson

et al. (1996). It has been observed that the green edge has behaviour similar to the red

edge in the sense that both edges tend to shift towards longer wavelengths at high CC

(Gitelson and Merzlyak, 2003). Therefore, as CC increases and the red spectral band

reaches minimum reflectance the green band still remains sensitive; this may explain

why Landsat 8 NDVIgreen was best correlated to CC at ESU level. To our knowledge, this

is the first time that Landsat 8 has been used to map the CC of mangrove forest at

landscape scale in Mexico. The importance of the relationship between Landsat 8 VIs

and CC stems from the potential of Chl to be used as a proxy of GPP, as has been

suggested in precision agriculture studies (Gitelson et al., 2006; Rossini et al., 2014).

Although the Chl maps depict a reasonable spatial and temporal pattern in CC, there is

uncertainty associated to them as they were constructed under some limitations and

assumptions. The main limitation of this study is that LAI measurements were not

collected during the field campaign. LAI is a major component of canopy Chl content

(Green and Edwards, 2000; Roberts et al., 2004), this latter is defined as the product of

CC and LAI (Gitelson and Merzlyak, 1997; Gitelson, 2005). Therefore, in this study it

was not possible to derive canopy Chl content to plot against Landsat 8 NDVIgreen.

Instead of canopy Chl content, we used leaf CC averaged at the ESU level.

In addition, differences in plant structure, changes in soil reflectance, and changes in soil

moisture and leaf moisture might affect the relationship between Landsat 8 VIs and CC
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at ESU level (Blackburn, 2007) particularly at LAI<3 (Diaz and Blackburn, 2003).

One major assumption in the present study was that seasonal trend in Landsat 8

NDVIgreen and thus CC, co-varied with LAI. An additional check was conducted to

assess the validity of this assumption. CC was compared to MODIS LAI and to NIR per

ESU and through time. The results suggest that NIR and LAI varied positively with CC

in the study area (Figure 3.14). Nevertheless since LAI data was not collected in the field

further research is needed to account for its contribution.

Another assumption was that the trees sampled were representative of a Landsat 8 pixel

of 30 m × 30 m. Pixels that cover more than one species are a source of uncertainty (Wu

et al., 2008). According to our results, mangrove species contribute in different

proportions to the total CC at ESU level. Although only four species of mangrove

dominate the landscape in the study area, species composition and density vary spatially

(Zaldivar-Jimenez et al., 2004). It is also important to note that the association between

CC and VIs was based on the January image (close to maximum canopy development)

with average CC ranging between 40 and 70 μg cm−2 thus particularly the low CC

values (e.g., those estimated in April/May 2013) are affected by a degree of uncertainty.

In addition, in order to convert SPAD readings into actual chlorophyll concentration

calibration equations have to be applied; however, due to logistical and equipment

constrains in this study it was not possible to derive calibration equations from the

SPAD readings. Therefore, a published equation based on the dominant species of

mangrove was used.

To partially overcome some of these issues, it is recommended to sample a larger

number of ESUs including field measurements of LAI at different seasons and to

develop Chl meter and CC calibration equations. Finally, as this is a pioneer study the

authors acknowledge that the limited number of ESUs may lead to optimistic results.

For the reasons explained above, in this paper the focus is on the seasonal variation of

CC rather than in the absolute values of CC.

The results of this research have implications for the use of a new generation of satellites

that include a spectral band in the red edge position such as the Sentinel 2 from the
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European Space Agency. At a leaf level, the hyperspectral indices tested in this study

that had a red edge band in their formulation achieved a larger correlation with leaf CC.

At ESU level, the Landsat 8 broad band NDVIgreen achieved the largest correlation with

Chl measured on the ground. Further, Sentinel 2 will enable computation of commonly

used broad band indices such as the NDVIgreen plus the highly correlated VI’s using the

red edge bands. Sentinel 2 transcends the capabilities of the Landsat mission in terms of

swath width, spatial resolution, revisit time, and number of spectral bands (Drusch et al.,

2012). Information in the red edge combined with the frequent revisit time of Sentinel 2

(5 days) is expected to increase the accuracy of leaf CC estimation. To date, algorithms to

estimate CC based on Sentinel 2 simulated spectral bands are being revised, created, and

validated in crops across Europe, showing promising results (Frampton et al., 2013;

Delegido et al., 2011a,b). Therefore, there is much scope for the application of these

algorithms to estimate CC in mangrove forests once Sentinel 2 is operational.

3.6 Conclusions

The results presented in this work add to the understanding of the relationship between

vegetation indices and the biochemical composition of mangrove by showing which

multispectral and hyperspectral indices best explain the variation in chlorophyll

concentration at the leaf and canopy level. By testing the ability of broad band and

hyperspectral VIs to predict mangrove CC at different scales. At leaf level indices with

spectral bands around the red edge (705–753 nm), Vogelmann indices and the MTCI

were the most sensitive to mangrove leaf CC (R2 > 0.5). A key finding was that at ESU

level, the best performing Landsat 8 VI was NDVIgreen, which explained 80% of the

variation in CC. The linear model describing the relationship between CC and NDVIgreen

was used to map the spatiotemporal variability of CC in the mangrove landscape. The

study demonstrated that the multispectral, medium-resolution Landsat 8 can be used to

quantify CC in mangrove forests where ground networks and other possible tools

cannot be applied and the use of mapping techniques based on satellite data is necessary.

A practical application of this result is that future efforts to estimate CC in mangrove
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forests using multispectral remote sensing should consider the use of Landsat 8

NDVIgreen. The findings also corroborated the utility of the red edge spectral bands to

predict mangrove CC at leaf and ESU level. This has implications for the improvement of

mangrove monitoring using upcoming technology such as Sentinel 2, which will include

two spectral bands around the red edge position. This spectral band arrangement will

allow for the computation of VIs highly correlated with CC tested in this work at finer

spatial and temporal resolution. It is recommended that future research should focus on

testing existing and newly developed algorithms to estimate CC in mangrove forests

using the new generation of satellites that outperform the capabilities of current sensors.
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Chapter 4

Remote sensing of mangrove forest

phenology and its environmental drivers

4.1 Introduction

Mangroves are a taxonomically diverse assemblage of tree species, which have common

morphological, biochemical, physiological, and reproductive adaptations that allow

them to colonise and develop in saline, hypoxic environments (Alongi, 2016). These

assemblages form intertidal forests, which are one of the most carbon rich ecosystems

(Donato et al., 2011) because of their high productivity (Twilley and Day, 1999), rapid

sediment accretion (Bouillon et al., 2008) and low respiration rates (Barr et al., 2010).

Vegetation phenology, defined as the growing cycle of plants and involving recurring

biological events such as leaf unfolding and development, flowering, leaf senescence

and litterfall (Njoku, 2014), regulates the timing of plant photosynthetic activity and

influences directly the annual vegetation carbon uptake. Vegetation phenology has been

a focus of attention in recent years due to a strong and measurable link between

biological events and climate (Cleland et al., 2007; Richardson et al., 2013; Dannenberg

et al., 2015).

Historically, vegetation phenology was based on field records of key biological events

111



112 Chapter 4. Remote sensing of mangrove forest phenology and its environmental drivers

such as budburst, flowering, seed set and leaf senescence (Fitter and Fitter, 2002).

Recently, a network of fine-resolution digital cameras installed in the field known as

“phenocams”, emerged as a new method to monitor vegetation phenology (Richardson

et al., 2007). While this method reduces the subjectivity of human observations, it is

limited by its relatively small spatial extent across the globe (Mizunuma et al., 2013;

Klosterman et al., 2014). Alternatively, as the reflectance properties of vegetated land

varies seasonally in relation to vegetation phenology, the systematic, multi-temporal

data collected by optical satellite sensors offer a unique mechanism to monitor

vegetation dynamics as this approach allows monitoring of an entire ecosystem rather

than individual trees (Reed et al., 2009; White et al., 1999, 1997). This has led to the rise of

a new field known as land surface phenology (LSP) (Hanes et al., 2014).

In the last few decades, LSP, which uses time-series of satellite-derived vegetation

indices, has received considerable attention given its potential to characterise the

interactions between vegetation and climate at broad geographical scales. Pioneer work

in the temperate latitudes of the American continent showed that the start of vegetation

greening was controlled by pre-season temperature (White et al., 1997). Moulin et al.

(1997) conducted one of the first attempts to map global vegetation phenology using the

Advanced Very High Resolution Radiometer (NOAA/AVHRR) at 1° x 1° resolution.

The study revealed patterns in the global vegetation phenology related to seasonal

variation in climate. For example, the start of vegetation greenness in temperate

deciduous forests was strongly influenced by temperature, whereas savannahs were

more influenced by rainfall. The capability to study global vegetation dynamics

increases as more advanced sensors and new algorithms become available. Zhang et al.

(2006) mapped global vegetation phenology at a finer spatial resolution (1km x 1km)

achieving more realistic results using the Enhanced Vegetation Index (EVI) derived from

the Moderate Resolution Imaging Spectroradiometer (MODIS). In the last decade,

numerous studies have been carried out to analyse patterns in vegetation phenology at

continental and regional scales at a variety of latitudes including the boreal ecosystem

(Jeganathan et al., 2014; Xu et al., 2013), Europe (Rodriguez-Galiano et al., 2015; Stockli

and Vidale, 2004), India (Dash et al., 2010) and the Amazon Forest (Xiao et al., 2006).



4.1. Introduction 113

Despite increasing interest in the use of remote sensing to characterise vegetation

phenology, most studies of mangrove phenology rely on traditional field methods

consisting on in situ collection of different components of litterfall (e.g. leaves, branches,

flowers and propagules) (Leach and Burgin, 1985). Studies of this nature were

documented in mangrove forests across the globe (see Table 4.1), and those studies have

indicated that litterfall dynamics and reproductive phenology of mangroves is driven by

a complex interaction of ecological (species composition, competition, reproductive

strategy), climatic (air temperature, precipitation, evaporation, hours of sun, wind

speed) and local environmental factors (fresh water inputs, tides, flooding, soil salinity,

soil nutrients) and natural disturbances (e.g., hurricanes). Moreover, these studies

revealed that although mangroves are evergreen species that produce litterfall and

replace old leaves continuously throughout the year they generally present a peak of leaf

fall, leaf emergence and reproductive structures in the wet season. There are cases,

however, where this pattern can be bimodal, with one leaf fall peak in the dry season

and one in the wet season.

Although the above studies provide a local perspective of the interaction between

mangroves and physical drivers, there are some limitations. For instance, mangroves are

often distributed across hundreds of kilometres of coastlines. Thus, spatially restricted

studies do not support observation of the phenology phases over the complete extent of

the forest. In addition, a common characteristic of those studies is the limited time span,

ranging between 1 to 4 years. This relatively short period prevents observing

inter-annual variation and trends in phenological metrics and how they are driven by

any climatic factors. Spatially continuous and temporally rich information on mangrove

phenology would be useful to characterise mangrove forest dynamics at the landscape

scale and understand their contribution to biogeochemical cycles.

To date there has been no characterisation of mangrove forests phenology using remote

sensing data. In this chapter, we estimate and map phenological metrics from

time-series of medium resolution satellite sensor imagery in a mangrove forest in the SE

of Mexico and investigate their relationship with environmental drivers. The objectives
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of this research were to (i) estimate phenological parameters using a time-series of

MODIS vegetation indices to explore the consistency among them, (ii) map the spatial

distribution of phenological metrics (start of growing season, time of maximum

greenness, end of growing season and end of season), and (iii) characterise the

relationship between phenology dynamics and environmental drivers.

Figure 4.1: Study area showing eight ground sampling stations distributed along the Yu-

catan Peninsula coastline. The figure depicts the spatial distribution of the mangrove

forest in green.
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Table 4.1: Field studies on mangrove forest vegetative and reproductive phenology.

Country Reference

Australia Coupland et al. (2005); Duke (1990)
Borneo Sukardjo et al. (2013)
Brazil Mehlig (2006); Fernandes (1999)
India Upadhyay and Mishra (Win); Wafar et al. (1997)
Japan Kamruzzaman et al. (2016); Sharma et al. (2014)

Kenya Slim et al. (1996)
Malaysia Hoque et al. (2015); Akmar and Juliana (2012)
Mexico Agraz-Hernandez et al. (2011); Utrera-Lopez and

Moreno-Casasola (2008); Ake-Castillo et al. (2006);
Arreola-Lizarraga et al. (2004); Day et al. (1987);
Lopez-Portillo and Ezcurra (1985)

Panama Ceron-Souza et al. (2014)
South Africa Rajkaran and Adams (2007)

United States of America Castaneda-Moya et al. (2013)

4.2 Methods

4.2.1 Study area

Yucatan Peninsula is located in SE Mexico Figure 4.1. To the west and north the Yucatan

Peninsula is bordered by the Gulf of Mexico and to the east it is bordered by the

Caribbean Sea. The area comprises the states of Campeche, Yucatan and Quintana Roo.

Except for a narrow fringe of dry climate in the north west (see C.1 - C.3), the climate of

the Yucatan Peninsula is predominantly hot and humid with little precipitation all year

and a distinct rainy season in summer (Roger Orellana et al., 2009). The region

experiences three seasons: a dry season from March to May, a rainy season from June to

October and a cold season from November to February (Herrera-Silveira et al., 1999).

The mean annual temperature ranges from 26.5 °C to 25.5 °C and mean annual

precipitation ranges from 600mm to 1100mm (Roger Orellana et al., 2009). Mangrove

forest in the Yucatan Peninsula is found on a flat karstic substrate that facilitates the

infiltration of rainfall resulting in the absence of runoff and the lack of important streams

above the surface (Pope et al., 1997). The vertical and horizontal range of the tides is
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variable across the study area as the tide depends on the morphology of a particular

location. For the Yucatan Peninsula the tidal range is estimated to be between 0.06m to

1.5m (Herrera-Silveira and Morales-Ojeda, 2010). The mangrove forest is separated

from the sea by a sand barrier and it extends in a fringe of varying widths parallel to the

coast covering an area of approximately 423,751 ha which represents 55% of Mexico’s

mangrove cover (CONABIO, 2009). Four species of mangrove dominate the landscape:

Rhizophora mangle, Laguncularia racemosa, Avicennia germinans and Conocarpus erectus. The

National Commission for Knowledge and Use of Biodiversity (CONABIO) has a

programme for mapping and monitoring mangrove forest based on aerial photography

and fine spatial resolution satellite sensor imagery, which is updated every five years.

4.2.2 Data processing

Four major steps were followed in this research as summarized in Figure 4.2: (i) remote

sensing data pre-processing and computation of vegetation indices, (i) time-series

smoothing and estimation of phenological metrics, (iii) in situ data collection and

comparison of in situ data with mangrove phenology.
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Figure 4.2: Schematic diagram illustrating the methodology followed in this research.

Although there is a phenology product readily available it was not used in this research

for several reasons. The MODIS Land Cover Dynamics (MCD12Q2) also known as the

MODIS phenology product which primarily uses MODIS EVI, offers a global

characterisation of vegetation phenology. However, according to the MODIS team the

quality assurance layer of this product is not working as intended. In addition, the use of

a standard product prevents the computation of other vegetation indices which can

provide complementary information about mangrove forest biophysical variables such

as canopy water thickness and chlorophyll content. Further, the use of a standard
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product limits the user’s control over the algorithms for smoothing the time-series and

estimating phenology metrics. An exploratory analysis revealed that for the study area,

the MCD12Q2 product seems to capture the start of greening season (SOS) at spurious

peaks at the first half of the time-series (Figure 4.5 - 4.7).

Figure 4.3: RMSE as a function of the number of harmonics used to reconstruct the raw

time-series. The red lines represent sampled pixel profiles. The pixel profiles were itera-

tively fit with an increasing number of harmonics and the RMSE was computed at each

iteration. The shaded area covers the number of harmonics suggested in the literature.
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Figure 4.4: Spatial distribution of RMSE between the raw time-series and DFT smoothed

time-series.
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Figure 4.5: Comparison of phenological estimations between MCD12Q2 and this study.
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Figure 4.6: Comparison of phenological estimations between MCD12Q2 and this study.
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Figure 4.7: Comparison of phenological estimations between MCD12Q2 and this study.

4.2.3 Remote sensing data pre-processing and computation of

vegetation indices

To investigate the mangrove phenology this research employed a fifteen-year time-series

(2000-2014) of Moderate Resolution Imaging Spectroradiometer (MODIS) land surface

reflectance product, 8-day composite MOD09A1 at 500 m spatial resolution, tile h09v06

courtesy of the NASA EOSDIS Land Processes Distributed Active Archive Center (LP
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DAAC; see https://lpdaac.usgs.gov/). The tiles were reprojected using the MODIS

Reprojection Tool. In addition, quality assessment (QA) was applied to each pixel using

the 32-bit QA band. Only those pixels that met the following criteria were included in

the analysis: MODLAND QA produced at ideal quality, the highest data quality for all

reflectance bands, atmospheric and adjacency correction performed (detailed

description MOD09A1 product and QA is presented in Appendix B).

Vegetation indices have been demonstrated to be a useful tool in assessing vegetation

biophysical variables. Therefore, in this research four vegetation indices were used to

investigate mangrove biophysical variables and to track their seasonality. The indices

used were: Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation

Index (EVI), Green Normalized Vegetation Index (gNDVI) and Normalized Difference

Water Index (NDWI). The NDVI is perhaps the most widely employed index in

vegetation phenology (Adole et al., 2016; Julien and Sobrino, 2009), which allows

comparison with previous studies. Although NDVI is used widely it tends to saturate at

high biomass or at high chlorophyll concentration, which is especially likely for

mangroves, and it is affected by soil background, atmospheric effects and aerosols. EVI

has an improved sensitivity to high biomass while it compensates for soil background

and atmospheric effects using the canopy background adjustment (L=1), the coefficients

of aerosol resistance (C1=6, C2=7.5) and the gain factor (G=2.5) (Huete et al., 2002).

gNDVI uses the green band of MODIS and has been more directly related to leaf

chlorophyll concentration (Gitelson et al., 1996). NDWI is less sensitive than NDVI to

atmospheric scattering and is related to vegetation moisture content (Gao, 1996). The

indices are computed as follows:

EVI = G · (NIR − Red)
(NIR + C1 · Red − C2 · Blue + L)

NDVI =
(NIR − Red)
(NIR + Red)

gNDVI =
(NIR − Green)
(NIR + Green)

https://lpdaac.usgs.gov/
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NDWI =
(NIR − SWIR)
(NIR + SWIR)

For MOD09A1 data, band 1 corresponds to the reflectance in the red region of the

spectrum (620-670 nm), band 2 represents the near infrared reflectance (871-876 nm),

band 3 represents the blue region of the spectrum (459-479 nm) and bands 4 and 5

correspond to the green (545-555 nm) and SWIR (1230-1250) regions, respectively (see

documentation at https://lpdaac.usgs.gov).

In addition, non-mangrove pixels were masked out using the mangrove distribution

shapefile generated by the National Commission for Knowledge and Use of Biodiversity

(CONABIO, 2013). The dataset was produced using SPOT-5 imagery from 2010 with a

spatial resolution of 10 m. Further, only MODIS pixels that had more than 60%

mangrove cover were used in the analyses.

4.2.4 Time-series smoothing and phenological metrics estimation

4.2.4.1 Time-series smoothing

Time-series of remote sensing data contain noise due to atmospheric conditions, aerosols

and clouds at the time of data acquisition. Therefore, it is necessary to remove this

contamination by using curve fitting methods which smooth the data and estimate the

underlying signal prior to estimating phenological metrics. Several smoothing methods

are used commonly ranging from relatively simple techniques such as the median filter

(Reed et al., 1994) or moving averages to more complex algorithms including the

Savitzty-Golay, Asymmetric Gaussian, Double Logistic and Discrete Fourier Transform

(DFT) methods (Atkinson et al., 2012; Jönsson and Eklundh, 2002; Zhang et al., 2003).

The DFT algorithm was selected to decompose the mangrove signal because it has

consistently produced smaller root mean square error (RMSE) between the input and

fitted data over a variety of vegetation types including evergreen vegetation (Atkinson

et al., 2012). The principle behind DFT is that any complex vegetation growth cycle can

be decomposed into a series of sinusoids of different frequencies and a constant

https://lpdaac.usgs.gov
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(Atkinson et al., 2012; Jakubauskas et al., 2001; Wagenseil and Samimi, 2006). The

sinusoids with their frequencies (harmonics) are then summed through a process known

as Inverse Fourier Transformation to form a complex smooth wave that resembles the

original input profile with the high frequency noise removed. The Inverse Fourier

Transform has the advantage of requiring minimum user input (it only needs the user to

decide the number of harmonics to reconstruct the profile). This technique has been

used widely to smooth time-series of satellite sensor data covering a wide range of

environments (Atkinson et al., 2012; Dash et al., 2010; Jakubauskas et al., 2001;

Jeganathan et al., 2010a,b; Moody and Johnson, 2001; Rodriguez-Galiano et al., 2015;

Roerink et al., 2000). Typically one to five harmonics are recommended to efficiently

reconstruct the natural annual phenological profile (Geerken, 2009). An exploratory

analysis revealed that the first four harmonics plus the mean satisfactorily reconstructed

the phenological profile (Figure 4.3 - 4.7); therefore, four harmonics plus the mean were

used in in this research. Prior to reconstructing the time-series with DFT, obvious

dropouts from the raw input time-series are removed. Then, the removed dropout is

replaced by a moving average which considers valid neighbouring values; in this way

the new interpolated value preserves the trend of its temporal neighbours. There is a

limit for the number of missing values that are interpolated. If there is more than a

month of consecutive missing values the time-series is discarded and no phenological

metrics are estimated.

4.2.4.2 Phenological metrics estimation

Data processing, DFT based smoothing and phenological metrics estimation based on

Atkinson et al. (2012) and Dash et al. (2010) were developed and implemented in the R

Programming Language (R Core Team, 2015).
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Figure 4.8: Graphical illustration of phenological metrics estimation using DFT and inflec-

tion point algorithms: (a) start of green up season (SOS), (b) time of maximum greenness

(Max Green), (c) end of growing season (EOS) and (d) length of growing season (LOS).

Grey solid line represents a raw data pixel profile and the black solid line represents the

smoothed series using four harmonics plus themean. The pixel profilewas extracted from

the season 2010-2011 at the coordinates 20.66601 ° N, -90.35937 ° W.

The 15-year time-series was divided into 14 seasons. For each season four phenological

metrics were estimated: start of growing season (SOS), end of growing season (EOS),

length of season (LOS), time of maximum vegetation greenness (Max Green) Figure 4.8.

Several methods are used to estimate phenological metrics from smooth pixel profiles

such as threshold based, trend derivative methods and inflection point methods (Dash

et al., 2010; Jönsson and Eklundh, 2002, 2004; Reed et al., 1994). In this research, the

inflection point method was adopted because it does not assume a pre-defined value as

transition date and it is easy to implement. The SOS was defined as the valley point at

the start of the increasing trend in the vegetation index values before the first half of the
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smooth curve, while the EOS was defined as the valley point at the end of the decreasing

trend in the vegetation index values after the first half of the curve Figure 4.8. The

process consists of extracting the dominant peak (Max Green) in the curve and iterating

backwards and forward to find the SOS and EOS; LOS was defined as the difference

between EOS and SOS. Finally, the phenology characterisation maps were created by

computing the median from the 14 seasons.

4.2.5 In situ data collection and comparison of data with mangrove

phenology

4.2.5.1 In situ data collection

This research used data produced by the regional programme for characterisation and

monitoring of mangrove ecosystems in the Gulf of Mexico and Mexican Caribbean:

Yucatan Peninsula (Herrera-Silveira et al., 2014). A field campaign was conducted from

January 2009 to October 2011 in 16 sites located along the coast of Yucatan Peninsula

within MODIS tile h09v06 (Figure 4.1; Table C.1). The objective was to characterise, and

to establish a baseline for monitoring, the mangrove forest of the region

(Herrera-Silveira et al., 2014). The monitoring involved monthly in situmeasurements of

interstitial salinity and litterfall. Rainfall and temperature data were obtained from

automatic meteorological stations. In this research, only those sites with meteorological

data (Table C.1) were used in the analysis because one the main objectives was to

examine the link between climatic variables and mangrove forest phenology. The

fieldwork was conducted by the Centre of Research and Advanced Studies

(CINVESTAV) campus Merida, Yucatan and it was funded by the National Commission

for the Knowledge and Use of Biodiversity (CONABIO). Two permanent sampling plots

of 10 m by 10 m were established at each site. Five litterfall traps were located at each

sampling plot at 1.3 m height from the ground. The vegetative material was collected

monthly. It was then dehydrated for 72 hours and litterfall components were separated.

Dry litterfall was weighed and represented in grams per square metre per month.
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Temperature and rainfall data were collected from automatic meteorological stations

located at the nearest town. The stations recorded the mean of the meteorological

variables every 10 minutes and were expressed as monthly means. Monthly

measurements of interstitial water salinity were conducted at each site using a YSI-30

multiprobe sensor (YSI, Xylem Inc., Yellow Springs, Ohio, U.S.A.); the water was

sampled at 30 cm depth and expressed in grams per kilogram.

Comparison of in situ data with mangrove phenology.

Cross correlations between two auto correlated variables can result in misleading

conclusions. Unrelated time-series with a seasonal and a trend component may seem

correlated only because they share similar drift (Chatfield, 2016). In this scenario,

correlations cannot be used as empirical evidence of causation between the analysed

variables. Furthermore, although spurious correlations can be statistically significant

they can be nonetheless misleading. Some statistical techniques have been developed to

deal with this issue and still benefit from the information contained in the time-series.

One way to achieve this is to test the assumptions of ordinary least squares (De Beurs

and Henebry, 2005). Normality can be tested using Kolmogorov–Smirnov test, whereas,

seasonality and autocorrelation can be tested using the Durbin–Watson test.

Autoregressive Integrated Moving Average (ARIMA) models and nonparametric tests

are another technique to deal with seasonality (Lin et al., 2015). With this technique, the

two series to be compared are modelled using ARIMA, then, the residuals of both

models are used for the correlation. Another technique consists on removing the

seasonal component by fitting sinusoids (Fourier Series) and then subtracting the

prediction from the original time-series (Jong et al., 2011, 2013). Finally, another simple,

widely used technique is to use the anomalies. This is, to compute the deviation from a

long-term mean and divide by the standard deviation.

The in situ data described above were used for two purposes. First, litterfall was

employed to validate the mangrove phenology information derived from satellite sensor

data. Second, physical variables (rainfall, temperature and salinity) were used to

identify the factors driving mangrove phenology. Spearman’s rank correlation analysis
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was conducted between VIs, litterfall, rainfall, temperature using the monthly mean of

all sites to explore the relationships between climatic variables and mangrove greenness

and between climatic variables and litterfall. In addition, Spearman’s rank correlation

analysis was carried out to examine the relationship between cumulative rainfall and

phenological metrics SOS, Max Green across sites (eight sites) and years (2009 to 2011) to

assess the influence of climatic variables on the main phenological events in the

mangrove forest. Spearman’s rank correlation was used because normality in the data

and a linear relationship could not be assumed in all cases and because building a

predictive model was beyond the scope of the analysis. Data analysis was carried out in

R (R Core Team, 2015).

4.3 Results

4.3.1 Relationship between litterfall, physical variables and vegetation

indices temporal profiles

Figure 4.9 shows the seasonal variation profiles of monthly litterfall, soil interstitial

salinity, temperature, rainfall and vegetation indices at one representative ground

sampling station located in the north west of Yucatan Peninsula from January 2009 to

October 2011. At this site, during the in situ data collection period air temperature

increased from March to August with a concomitant increase in salinity. From January

to May rainfall remained below 50 mm. Moreover, an increment in rainfall appears to be

followed by a decrease in salinity. This seasonal pattern seems to be consistent across all

sampling sites (Figure C.4 - C.11).

4.3.2 Litterfall and physical variables

Litterfall production is continuous throughout the year in the mangrove forest of

Yucatan Peninsula. Minimum values of litterfall were recorded between December and

February during the cold season. Two peaks in litterfall were observed, one between
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April and June and the second between August and October. The first peak in litterfall

corresponds to the end of dry season and beginning of rainy season while the second

peak corresponds to the late rainy season (Figure 4.9). Both peaks are composed of

leaves, stems and reproductive structures, but reproductive structures are more

common in the second litterfall peak. A large positive correlation (r=0.88, p<0.01) was

observed between litterfall and temperature, a moderate significant positive correlation

(r=0.70, p<0.01) was observed between litterfall and salinity while a weak and not

significant correlation (r=0.25, p>0.1) was observed between litterfall and rainfall.

Further analysis was conducted to check the robustness of these correlations by

removing the seasonal component in the time-series (Figure 4.11). In this additional

analysis the seasonal component was removed by computing the z-scores of the monthly

data. In general, the variable comparison maintain the correlation shown in Figure 4.10.

Figure 4.9: Seasonal variation in vegetation indices, litterfall (a), salinity (b), temperature

(c) and rainfall (d) at the ground station Interna located in the north west of the Yucatan

Peninsula between January 2009 and October 2011.
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Figure 4.10: Scatterplots describing the relationship between monthly vegetation indices

values and monthly values of four physical in situ variables: litterfall, rainfall, tempera-

ture and salinity from January 2009 to October 2011 (n=34). Dominant correlations are

observed for EVI, gNDVI and NDVI.
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Figure 4.11: Correlation between VIs and physical and climatic variables. The seasonal

component of monthly datasets was removed by computing monthly anomalies.

4.3.3 Litterfall and vegetation indices profiles

In Figure 4.9, the vegetation indices profiles were averaged monthly to match the

temporal resolution of the litterfall data. The temporal pattern of vegetation indices

shows that the seasonality of mangrove forest growth is unimodal in nature, it presents

a continuous decrease from January to March 2009, reaching a minimum between April

and June; then vegetation indices increase steadily from July to September. Mangrove

greenness had broadly a negative correlation with litterfall; periods of minimum

greenness were coincident with maximum litterfall, and significant negative correlations

were observed for gNDVI (p<0.05) (Figure 4.10). Furthermore, mangrove greenness
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appears to lag behind the second peak of litterfall by two to three months. The

vegetation indices seasonal pattern described is consistent across all sampling sites

(Figure C.4 - C.11).
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Figure 4.12: Distribution of phenologicalmetrics for themangrove forest of Yucatan Penin-

sula. The green, red, orange and blue boxes denote EVI, NDVI, gNDVI andNDWI, respec-

tively. The boxplots are ordered from earlier to later dates (or minimum to maximum,

depending on the phenological metric).The letters on the plots denote the phenological

metrics as follows: (a) SOS, (b) Max Green, (c) EOS and (d) LOS. The middle line of the

box represents the median, the lower and upper boundaries of the box are located at the

first and third quartile, respectively, and the bars indicate maximum and minimum val-

ues.
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In general, the temporal profiles of the four vegetation indices were negatively

correlated with the physical variables (Figure 4.10). Temperature and salinity were

significant for NDVI, EVI and gNDVI (p<0.05). Maximum NDVI, EVI and gNDVI seem

to lag behind maximum rainfall by two to three months (Figure 4.9; Figure C.4 - C.11).

NDWI and rainfall have a weak, positive, but not significant correlation.

4.3.4 Regional mangrove phenology

Figure 4.12 illustrates the distribution of the median of the phenological variables

derived from the calendar maps. To examine the spatial distribution of the phenological

variables, calendar maps of SOS, Max Green, EOS and LOS were created by computing

the median from the 14 seasons. For brevity, only the EVI phenological maps are

presented in the main paper (Figures 4.13-4.16) and the maps for NDVI, gNDVI and

NDWI are presented as supplementary figures (Figure C.12 - C.23).

The dates of phenological variables depend upon the choice of VI. Overall, the timing of

SOS, Green Max and EOS is reached first by NDWI, next by EVI, then by NDVI and

finally by gNDVI (Figure 4.12). SOS occurred at DOY 144 (third week of May), DOY 184

(July), DOY 200 (mid-July) and DOY 220 (August) for NDWI, EVI, NDVI and gNDVI,

respectively.
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Figure 4.13: Spatial distribution of EVI SOS in the mangrove forest of Yucatan Peninsula.

The map shows the integrated median for the period 2000-2014. The top figure is a map

of the entire study area, while at the bottom, from left to right, the figure shows a zoom

of the west, north and north-east of the Yucatan Peninsula. The continuous colour ramp

on the left indicates the DOY of SOS, with earlier SOS in blue and later SOS in yellow

and red. Non-mangrove pixels were masked out using the land cover map of the Yucatan

Peninsula (CONABIO 2013).
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Figure 4.14: Spatial distribution of time of EVI maximum greenness (Max Green) in the

mangrove forest of Yucatan Peninsula. The map shows the integrated median for the

period 2000-2014. The top figure is a map of the entire study area, while at the bottom,

from left to right, the figure shows a zoom of thewest, north and north-east of the Yucatan

Peninsula. The continuous colour ramp on the left indicates the DOY of Max Green, with

earlier Max Green in blue and later Max Green in yellow and red.
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Figure 4.15: Spatial distribution of time of EVI EOS in the mangrove forest of Yucatan

Peninsula. Themap shows the integratedmedian for the period 2000-2014. The top figure

is a map of the entire study area, while at the bottom, from left to right, the figure shows a

zoom of the west, north and north-east of the Yucatan Peninsula. The continuous colour

rampon the left indicates theDOYof EOS,with earlier EOS in blue and later EOS in yellow

and red.
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Figure 4.16: Spatial distribution of time of EVI EOS in the mangrove forest of Yucatan

Peninsula. Themap shows the integratedmedian for the period 2000-2014. The top figure

is a map of the entire study area, while at the bottom, from left to right, the figure shows a

zoom of the west, north and north-east of the Yucatan Peninsula. The continuous colour

rampon the left indicates theDOYof EOS,with earlier EOS in blue and later EOS in yellow

and red.
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Spatially, EVI SOS of the mangrove forest of Yucatan Peninsula is reached first in the

east of the peninsula and later in the north and the west (Figure 4.13). A notable feature

particularly in the north and west of the peninsula is the earlier SOS dates at the edge of

the mangrove forest and later dates at the interior.

Max Green was estimated at DOY 288 (mid-October) for NDWI, at DOY 332 (end of

November) for EVI, at DOY 348 (mid-December) for NDVI and at DOY 360 (end of

December-beginning of January) for gNDVI (Figure 4.12). EOS occurred at DOY (104)

for NDWI, at DOY (136) for EVI, at DOY (148) for NDVI and at DOY (160) for gNDVI

(Figure 4.12c). The spatial distribution of NDVI Max Green and EOS is generally similar

to that of the SOS. That is, delayed Max Green and EOS dates are coincident with

delayed dates of SOS (Figure 4.14-4.15; C.20). The mangrove LOS duration ranged

between 228 to 264 days; shorter for EVI and longer for NDWI (Figure 4.12d). The NDVI

LOS was homogeneous across the study area; longer EVI LOS durations were observed

in the north or north west of the peninsula (Figure 4.16).
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Figure 4.17: Relationship between cumulative rainfall and mangrove forest phenological

variables. The scatterplots describe the relationship between EVI SOS and MAX with the

accumulated rainfall (mm) between January and March. The scatterplots suggest that an

increase in rainfall during the first three months of the year leads to an earlier maximum

greenness.
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Figure 4.18: Panels a, b and c represent the Spearman correlation between cumulative

rainfall from January to March and the timing of EVI start of greening season (SOS) for

2009, 2010 and 2010, respectively. Rainfall corresponds to Climate Hazards Group In-

fraRed Precipitation with Station data (CHIRPS) gridded data at 0.05 °. Correlations were

calculated using pixels with mangrove cover greater than 30% for each CHIRPS rainfall

pixel.
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Figure 4.19: Correlation between EVI SOS and cumulative rainfall between January and

March.
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4.3.4.1 Relationship between satellite-derived phenology and rainfall

To investigate the relationships between the mangrove forest phenological variables and

physical drivers, correlation analysis was conducted between the timing of phenological

variables and the cumulative temperature, rainfall and salinity. Correlations were weak

and not significant for temperature and salinity (results not shown); however,

cumulative rainfall from January to March produced a large negative correlation (r > -75,

p < 0.05) with the timing of EVI SOS and Max Green (Figure 4.17) and this pattern was

also shown by the other three vegetation indices (Figure C.24). Further analysis was

carried out to examine if the effect of rainfall on the phenological variables observed

using in situ data was consistent using rainfall gridded data. Figure 4.18 shows the

relationship between EVI SOS and cumulative (January to March) rainfall using CHIRPS

gridded data for 2009 to 2011 at 0.05° spatial resolution. The figure confirms the negative

correlation between the cumulative precipitation and EVI SOS across the Yucatan

Peninsula. Overall, this pattern was consistent across seasons (Figure C.25). Finally, to

test the robustness of the negative correlation, different mangrove fraction was

examined. The results confirm the pattern observed at 30% mangrove cover (Figure

4.19). However, the results of this test cannot be conclusive because only few pixels are

available as mangrove fraction increases.

4.4 Discussion

In this paper, 15 years of 8-day MODIS composites were used to characterise the

phenology of the mangrove forest of Yucatan Peninsula, SE Mexico. The present study

used four vegetation indices, EVI, NDVI, gNDVI and NDWI computed from the MODIS

surface reflectance product to derive the SOS, Max Green, EOS and LOS of the

mangrove forest. The vegetation indices temporal profiles suggest that although

mangrove is an evergreen forest it exhibits seasonal variation in greenness detectable

using moderate spatial resolution (500 m) remotely sensed data. In situ data on litterfall,

temperature, precipitation and salinity were used as possible explanatory drivers of the
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mangrove forest phenology. To our knowledge, this is the first attempt to provide a

regional scale characterisation of the main phenological events of a mangrove forest and

assess its relationship with physical drivers and litterfall.

Mangrove litterfall is commonly used as an indicator of forest productivity. Attempts to

understand the drivers of mangrove forest litterfall dynamics have tried to establish

correlations with physical variables such as wind speed, temperature, rainfall,

evaporation and hours of sunshine, but given the disparity in results it is difficult to

generalize conclusions. In our study, temperature and salinity were linearly correlated

with litterfall. The dynamics of litterfall in the Yucatan Peninsula was in agreement with

reports from the Gulf of Mexico (Day Jr. et al., 1996; Day et al., 1987; Gill and Tomlinson,

1971; Utrera-Lopez and Moreno-Casasola, 2008) and previous records in the study area

(Zaldivar-Jimenez et al., 2004). These studies have reported continuous litterfall

throughout the year with leaf litter the main component, low litterfall values during the

cold season, a peak in litter at the end of the dry season and most of the litterfall

occurring in the rainy season with a higher proportion of reproductive structures. The

pattern described responds to environmental adaptations. On the one hand, during

periods of water stress characterised by increases in evapotranspiration and soil salinity

due to higher temperatures or decreases in soil moisture as a result of lack of

precipitation and low tides, mangrove trees shed leaves, potentially with a decrease in

leaf cover (Medina, 1999). Leaf shedding in mangroves has been widely cited as an

adaptation to saline environments (Hasegawa et al., 2000), more specifically as a

mechanism to eliminate salt from the tissue (Tomlinson, 1995; Zheng et al., 1999).

Furthermore, the physiological stress caused by high pool water salinity has been

related to reductions in photosynthetic radiation-use-efficiency (Barr et al., 2013; Song

et al., 2011). On the other hand, during the wet season litterfall contains a higher

proportion of flowers, fruits and seedlings. Fresh water input from rainfall leads to

higher water levels and milder salinity, and these conditions favour the dispersal of

seedlings (Lopez-Portillo and Ezcurra, 1985).

In other tropical evergreen and deciduous forests canopy seasonality is regulated by
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rainfall seasonality (Chave et al., 2010; Zhang et al., 2014b) but the response of vegetation

is not immediate. Rainfall increases soil water and atmospheric humidity reducing

water stress in the plants. Similarly, in this research, mangroves did not respond

immediately to rainfall, the mangrove greenness was weak and not significantly

correlated with rainfall (Figure 4.10), and mangrove greenness generally lagged behind

rainfall (Figure 4.9).

Regarding the phenological variables, the results revealed differences between VIs. One

obvious contrast was the earlier dates of SOS, EOS and Max Green for NDWI compared

to the rest of the vegetation indices (see Figure 4.12). This asynchrony in phenological

metrics may be explained by the sensitivity of the indices to different features of

vegetation growth that may not necessarily occur simultaneously. The advanced SOS for

NDWI observed in this study could be due to an increase in soil moisture before the

development of new leaves as NDWI is not only sensitive to vegetation water content

(Gao, 1996; Chen et al., 2005) but is also sensitive to soil moisture (Gao, 1996; Xiao et al.,

2005). Increases in NDWI proportional to soil moisture were observed in paddy fields

before leaf on and proportional to leaf water content during leaf development (De Alwis

et al., 2007; Tornos et al., 2015; Xiao et al., 2002). In addition, delayed phenological

variables for NDWI were observed in the northwest of the Yucatan Peninsula, an area

characterised by an arid and semi-arid climate (Figure C.1 - C.3). The ability of NDWI to

vary proportionally according to soil moisture and canopy water stress makes it suitable

to monitor mangrove forest water stress.

It is evident that EVI presents greater variability in the phenological metrics (Figure

4.12). This variability may respond to the attributes of this vegetation index. EVI is a

vegetation index primarily sensitive to canopy structural properties such as LAI, canopy

cover and leaf structure (Gao et al., 2000). Mangrove forests are heterogeneous

landscapes composed of several species and individuals of different age which may not

respond uniformly to the environmental drivers. Therefore, the mangrove’s canopy

structural properties vary spatially within a mangrove stand, and this structural

diversity is reflected in a greater variation in EVI phenological metrics. Another contrast
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was the delayed SOS, Max Green and EOS dates for gNDVI. This delay could respond to

mangrove leaf development processes. Previous work suggests that gNDVI is more

sensitive to mangrove leaf chlorophyll concentration (Pastor-Guzman et al., 2015), a

photosynthetic pigment that increases with leaf age during the leaf development stage

(Wang and Lin, 1999). The time to fully develop leaf anatomy and photosynthetic

pigments depends on the species and the time of the year that leaves are born. Soto

(1988), reported that new leaves of A. germinans reached their maximum size at between

4 to 6 months, whereas leaves from the genus Rhizophora reached their maximum mass,

area and chlorophyll concentration in 3 to 4 months (Mehlig, 2001; Sharma et al., 2014;

Wang and Lin, 1999). Therefore, it could be suggested that the delay in gNDVI

phenological variables could be due to its sensitivity to canopy chlorophyll content.

With respect to the drivers of mangrove forest phenology, our results revealed that sites

receiving a greater amount of rainfall between January and March experience earlier

SOS and Max Green (Figure 4.17; Figure C.24 - C.25). The geology of the Yucatan

Peninsula prevents the formation of rivers due to the karstic permeable soil. Thus, fresh

water contributions from runoff and rivers are practically non-existent (Perry et al.,

1995). The mangrove forest in the region receives fresh water inputs mainly from rainfall

and ground water discharges via springs when the aquifer recharge is greatest. This

fresh water is characterized by high inorganic nitrogen content, silicates and low

particulate matter (Herrera-Silveira, 1994; Herrera-Silveira et al., 1999). Given that

milder salinity and greater availability of nutrients leads to more favourable conditions

for mangrove growth, it is reasonable to speculate that cumulative rainfall plays an

important role in mangrove phenology.

The results obtained in this research serve as a reference for future studies addressing

long-term phenological changes in the mangrove forest of the Yucatan Peninsula.

Nevertheless, there are some limitations that need to be taken into account. For example,

the study focused on mangrove as a single cover type; however, in reality the mangrove

forest is not a homogeneous landscape but a complex mosaic, a fragmented landscape

that in many cases includes individuals of different ages, heights, open areas, and gaps
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with water ponds. Although the four mangrove species are dominant, in some areas

there may be other communities embedded in the mangrove matrix such as grassland

(Batllori-Sampedro and Febles-Patron, 2007). Therefore, at 500 m spatial resolution the

phenological pattern could be masked. Additional analyses showed that the mangrove

forest phenology is clearly distinguished from that of terrestrial vegetation but it

resembles that of surrounding flooded land cover types (Figure C.33 - C.34). In order to

control for this source of uncertainty in this research we used only pixels that had more

than 60% mangrove cover. Further examination revealed that the difference in the

timing of SOS is marginal with a mangrove cover between 60% and 80% per MODIS

pixel. At this coverage, it is assumed that the mangrove forest dominates the reflectance

signal, supporting the use of this threshold. However, as the percentage of mangrove

increases above 80% the SOS median shifts towards later DOY for about one month,

suggesting pure mangrove stands may have delayed response to the environmental

drivers (Figure C.26 - C.32). Another potential source of uncertainty can be the mismatch

in the temporal and spatial resolution between the in situ data and the MODIS data. In

situ data were collected monthly while MODIS data were 8-day composites;

furthermore, the sampling plots are not be evenly distributed within the MODIS pixel

footprint. These sources of error could be minimized by adopting a sampling method

designed to validate remote sensing observations (Elmendorf et al., 2016). Furthermore,

it should also be noted that other factors exist that may affect the seasonal dynamics of

the vegetation indices on the mangrove forest, such as clouds and aerosols. To reduce

this source of potential errors, the QA MODIS layer was used to include only pixels with

the highest quality.

4.5 Conclusion

This chapter based on the Yucatan Peninsula is the first phenological characterisation of

a mangrove forest using remote sensing data. The study used a 15-year time-series of

four vegetation indices computed from MODIS surface reflectance and the phenology

was compared with climatic variables, salinity and litterfall. The DFT algorithm was
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used to smooth the time-series and four phenological variables were estimated: SOS,

EOS, Max Green and LOS. The results revealed clear seasonality in mangrove forest

greenness. Periods of lower greenness were typically associated with the dry season

while periods of maximum greenness were associated with the months following

maximum rainfall. The timing of the phenological variables differs depending on the

vegetation index employed. In general, NDWI showed advanced phenological

parameters whereas gNDVI showed delayed dates. SOS ranged between DOY 144 (late

dry season) and DOY 220 (rainy season) while the EOS occurred between DOY 104

(mid-dry season) to DOY 160 (early rainy season). The length of the growing season

ranged between 228 and 264 days. Interestingly, sites receiving a greater amount of

rainfall between January and March have an advanced SOS and Max Green. These

results show the potential of MODIS to monitor mangrove phenology at 500 m spatial

resolution. MODIS constitutes a cost-effective tool to monitor temporal variation in

mangroves as data are freely available at fine temporal resolution. The phenological

calendar maps obtained are up-to-date and represent a reference for future research and

the length of the time-series processed gives robustness to the phenological parameters.

It is acknowledged, however, that the MODIS phenology product could be used in

future studies if the tools or expertise required for the analysis are not available, or if the

time available for fitting is limited. The results have implications for understanding

mangrove forest dynamics at the landscape scale, and provide the potential to monitor

biophysical variables such as water stress and canopy chlorophyll and their link to

climatic variables at the global scale; information that could be used as input to

bio-geochemical models. Finally, this study highlights the need to continue the

long-term in situ data collection network in the mangrove forest.
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Chapter 5

Global environmental predictors of

mangrove forest phenology

5.1 Introduction

In the past decade mangrove forests have received considerable recognition because of

their demonstrated ability to sequester and store carbon (Lal, 2008; Pan et al., 2011).

Mangroves are one of the most carbon rich and highly productive forests on earth

(Donato et al., 2011; Jennerjahn and Ittekkot, 2002). They cover only ~0.5% of the world’s

shoreline yet they account for 10-15% of total carbon sequestration in the coastal region

(Alongi, 2014).

Sequestered carbon is turned into above (wood, branches, leaves) and below (roots)

ground biomass (Komiyama et al., 2008), thus, one common method to investigate

mangrove productivity has been the collection of litterfall (Saenger and Snedaker, 1993;

Twilley et al., 1986). Mangrove litterfall, mainly composed by leaves (60-80%), accounts

for approximately 32% of total mangrove Net Primary Productivity (NPP) (Bouillon

et al., 2008). The production of leaf litter and the recruitment of new leaves is

continuous; however, peaks in litter production are common, suggesting mangrove

productivity has a seasonal pattern.

151
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Climatic factors affect mangrove productivity in a variety of ways. One example is that

high temperatures and low precipitation increase soil water evaporation leading to

hypersaline conditions and this in turn leads to lower photosynthetic performance (Barr

et al., 2009; Naidoo, 2006). As a consequence, productivity can be a key indicator of

mangrove environmental stress.

The quantification of seasonal changes in mangrove productivity would require

large-scale systematic measurements over time. However, in environments with

difficulties in access this task becomes impractical. This can only be achieved using

satellite data because of its wide footprint and repeated temporal sampling. Vegetation

“greenness” measured through spectral reflectance indices (i.e. the Normalized

Difference Vegetation Index (NDVI)), represents a proxy of vegetation properties such

as chlorophyll content, leaf area index (LAI) and canopy structure (Glenn et al., 2008). In

addition, given the high correlation between spectral indices and the fraction of

absorbed photosynthetically active radiation (fAPAR) , vegetation indices can be used to

investigate above ground primary productivity (Zhao et al., 2005).

Time series of vegetation indices give the potential to monitor mangrove dynamics at

broad spatial scales. The study of the seasonal dynamics in vegetation greenness using

remote sensing and its relation to climate is an emerging discipline know as land surface

phenology (LSP) (Hanes et al., 2014). Numerous studies have investigated the start, end

and length of the growing seasons of different vegetation cover types at regional and

global scales (Beck et al., 2006; de Beurs and Henebry, 2004; Cleland et al., 2007; Ganguly

et al., 2010; Julien and Sobrino, 2009; Moody and Johnson, 2001; Reed et al., 2009; Stockli

and Vidale, 2004).

Despite the importance of mangrove forests in the costal carbon cycle, to date there is no

characterisation of mangrove forest LSP at global domain. Further, little is known about

the environmental drivers of their phenology. Therefore, there is a gap in our

knowledge about the timing of start and end of highest photosynthetic activity of

mangroves and about the physical and climatic drivers of these events. For this reason,

the objective of this study was twofold. First, to characterise for the first time the main
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phenological variables such as Start of season (SOS), End of season (EOS) and Length of

season (LOS) and the greenness integral (iEVI) for the mangrove forest at a resolution of

500 m at a global scale. Second, to provide insights about the environmental drivers of

mangrove phenlogy by meaningful coastal biogeographic regions.

5.2 Data and Methods

5.2.1 Mangroves distribution

Mangrove forests are distributed between 30° N and 30° S, their latitudinal distribution

is delimited by the 200°C winter isotherm in regions where seasonal mean air

temperature range does not exceed 10°C. Their longitudinal distribution is from the

mean sea level to the highest tide (Duke et al., 1998). Mangrove forest cover

approximately 137,760 km2 of sheltered coasts, rivers and estuaries (Giri et al., 2011).

The extent and species richness follow a geographical pattern. Asia is the region with the

greatest species richness (>40) and extent (42%). Central and South America account for

15% and 11% of global mangrove extent respectively and in total the Americas are home

of 10 species. Africa accounts for 20% extent and 15 species.

5.2.2 Datasets

5.2.2.1 Vegetation index

This study used 16-year time series (2000-2015) of 8-days MODIS surface reflectance

product (MOD09A1) at 500 m spatial resolution. Three surface reflectance bands of

MOD09A1 were used: red (620-670 nm), NIR (841-876 nm), blue (459-479 nm). MODIS

32-bit Quality Assessment (QA) MODIS band was used to retain the only those pixels

with the highest quality, atmospherically and adjacency corrected. In total 78 MODIS

tiles were used to cover the mangrove distribution across the globe. Tiles were

downloaded from NASA’s LP DAAC https://lpdaac.usgs.gov/. Non-mangrove areas

https://lpdaac.usgs.gov/
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were masked out using the Global Distribution of Mangroves USGS (2011) (Giri et al.,

2011). In some parts of the world mangroves are characterised by large amount of

vegetative biomass, in order to prevent saturation observed with the Normalized

Difference Vegetation Index (NDVI), the Enhanced Vegetation Index (EVI) was selected

for this study. EVI is designed to enhance vegetation biomass signal while it reduces the

effect of background and atmospheric artefacts (Huete et al., 2002).

EVI = G · (NIR − Red)
(NIR + C1 · Red − C2 · Blue + L)

Where L is the canopy background adjustment (L=1), C1 and C2 the coefficients of

aerosol resistance (C1=6, C2=7.5) and G the gain factor (G=2.5) (Huete et al., 2002).

5.2.2.2 Physical variables

Climatic influences such as solar radiation, day length, temperature, rainfall and

evapotranspiration and their seasonal variability influence the growth and productivity

of mangrove trees, as they do for all plants (Clough, 1992). Seven physical climatic

variables known to influence mangrove growth and phenology were selected for this

research.

Precipitation has been suggested as a controlling factor of mangrove growth, stress and

reproductive phenology (Duke (1990); Fernandes (1999)). Although mangroves tolerate

high salinities, these forests optimally develop under less saline conditions. This study

used the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS)

(Funk et al., 2015) to investigate its relationship to mangrove phenology. CHIRPS is a

gridded global dataset at 0.05° spatial resolution. Geographically the dataset cover

between 50°N and 50°S. Temporally the dataset covers >30 years, from 1981 to present.

CHIRPS is built blending infrared satellite imagery and in situ climatological station data.

CHIRPS is widely used dataset in drought and flood monitoring, food security and

vegetation phenology (e.g. Shukla et al. (2014); Tote et al. (2015); Workie and Debella

(2018)).
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Numerous in situ studies have shown that temperature directly affects mangrove forest

phenology by accelerating or delaying flowering, leaf and propagules production (e.g.

Almahasheer et al. (2016); Duke (1990); Steinke (1988)). Sea surface temperature (SST) in

particular is the main control of mangrove forests latitudinal distribution (Spalding, M.

D. et al., 1997; Duke et al., 1998). Anomalies in SST have been related to decrease in

mangrove greenness and increase in mortality rates (Duke et al., 2017; Harris et al., 2017).

This study used SST because mangroves only distribute on the coastline subject to tidal

inundation. The SST dataset used in this study was the NOAA Sea surface temperature

daily anomaly (NOAA OI SST V2 High Resolution Dataset) (Reynolds et al., 2007). This

variable is estimated incorporating data from satellites, ships and buoys. Global SST

data is available from September 1981 to present at 0.25° spatial resolution between

~90°N to ~-90°S. The daily anomaly is based on the reference period 1970-2000.

Total daily hours of sunshine also referred to as day length or photoperiod have been

linked to mangrove forest phenology. For instance, there is evidence that photoperiod is

a key driver of mangrove flowering (Kamruzzaman et al., 2013; Nadia et al., 2012).

Photoperiod largely depends on latitude, for this reason its computation is relatively

straightforward. The photoperiod was computed according to Forsythe et al. (1995) as a

function of latitude and day of the year (Equation (5.2.2.2)). This physical variable was

estimated using the function daylength from geosphere R package (Hijmans, 2017).

Two input arguments are required latitude lat and day of the year doy. The spatial

extent of this dataset covered the latitudinal limits of mangrove forests distribution

(Figure 2.1) and the spatial resolution was set to 0.125°.

ϕ = sin−1(0.39795 · cos( 2π
365.25 · (J − 173)))

Solar irradiance is prerequisite for photosynthesis and mangroves inhabit latitudes

where the magnitude of this physical variable is comparatively high. Solar irradiance is

thought to trigger flowering in mangroves (Almahasheer et al., 2016). However, excess

solar irradiance leads to photo-inhibition. To examine the effect of solar irradiance in

mangrove phenology this study used surface solar radiation downwards (SSRD) dataset

produced by the European Centre for Medium-Range Weather Forecasts (ECMWF) at
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0.125° spatial resolution. SSRD is an accumulated variable, this means it is composed of

two datasets. One corresponds to the SSRD between midnight and 12 pm and the

second one corresponds to SSRD from 12 pm to midnight. Then, these two datasets are

added up to obtain the total SSRD per day. SSRD refers to the amount of shortwave

radiation received by the Earth’s surface under clear-sky conditions per unit of time, the

units are given in Jm−2.

Sea surface height anomalies (hereafter SSH) can impose limits to mangrove growth and

survival. Prolonged low sea levels stress mangroves by contributing to hypersaline

conditions. High temperatures, high evaporation combined with low sea levels

represent a serious threat to mangroves (Lovelock et al., 2017). This research

investigated the impact of SSH on mangrove phenology. SSH (Gobal Ocean Gridded L4

Sea Surface Height and Derived Variables Reprocessed 1993-Ongoing) was obtained

from Copernicus Marine Environment Monitoring Service (CEMEMS). This global

gridded dataset is produced integrating multiple altimeter satellite missions (HY2,

Saral/AltiKa, Cryosat-2, Jason-2, Jason-1, T/P, ENVISAT, GFO, ERS1/2) and it is

computed as a deviation of a twenty-year mean (1993 to 2012) at 0.25° spatial resolution.

Seawater salinity is around 35‰. Mangroves are facultative halophytes, they develop in

a wide range of salinities (Lugo and Snedaker, 1974). Although these plants are adapted

to live in saline environments salinity represents a challenge for growth. High salinity

impacts mangroves metabolism in numerous ways. For instance, high salinity inhibits

photosynthesis, reduces productivity, increases respiration rates and the low osmotic

potential of saline soils makes water uptake energetically expensive (Reef and Lovelock,

2015; Clough and Sim, 1989). To investigate how seawater salinity affects mangrove

phenology this research used daily mean ocean salinity from the Gobal Ocean Physics

Reanalysis (GLORYS2V4 1993-2015). This gridded global dataset is produced by

CEMEMS at 0.25° spatial resolution.

Evaporation is the hydrological process that occurs when solar radiation hits the surface

of water and causes the water to incorporate to the atmosphere by changing its liquid

state to gas. Evaporation leads to hypersaline soil water resulting in unfavourable
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conditions for mangrove growth. This work used daily global evaporation between

midday and 3 pm (time of maximum evaporation) at 0.125° degrees spatial resolution

produced by ECMWF. Evaporation units are kgm−2, by convention downward fluxes

are positive, therefore, positive evaporation values represent condensation while

negative values represent actual evaporation.

Time-series of physical explanatory variables were from 2000 to 2015, the datasets were

resized to cover only the region of interest 30°N-30°S where mangroves distribute.

Datasets were resampled to a common spatial resolution 0.125°. This resolution was

considered to be appropriate because mangrove often do not extend more than 15 km

inland. In addition, only coastal pixels with more than 10% mangrove cover were

included in the analyses. To investigate the role of the selected explanatory variables on

mangrove forest phenology the each variable was accumulated 30, 60 and 90 days prior

to SOS. This is based on the assumption that mangrove forests do not respond

immediately to environmental stimuli, rather there is a cumulative effect.

5.2.3 Data smoothing

The EVI time series was then smoothed to remove spurious values. Times series of

remote sensing data often contains values that deviate from the local trend due to the

presence of clouds and aerosols. Although pixel contamination was minimized using

the MODIS QA layer, there is still remaining noise due to pixel mixing and sub-pixel

clouds. Different smoothing algorithms are currently used to smooth noisy pixel profiles.

The most widely used techniques include Savitzy-Golay (Chen et al., 2004), logistic

functions (Zhang et al., 2003), wavelet transforms (Sakamoto et al., 2011), asymmetric

Gaussian functions (Jönsson and Eklundh, 2002) and Fourier Transform (Dash et al.,

2010). This study used the inverse Discrete Fourier Transform (DFT), it requires

minimum user input; only the number of harmonics to reconstruct the profile (Atkinson

et al., 2012). The smoothing process was previously described in Chapter 4 and quality

checks are presented in Appendix Figure 4.5 - 4.7 and D.6. The process consists of three

steps: (1) remove outliers from the series, (2) gap filling using linear interpolation, (3)
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data smoothing using inverse DFT. The DFT decomposes the pixel profile in a series of

sinusoids, then the inverse DFT reconstructs the pixel profile using a predefined number

of harmonics. The result is a complex wave that represents the original pixel profile with

the high frequency noise removed. In this study four harmonics plus the mean were

used to reconstruct the pixel profile as they satisfactorily removed the noise while

preserving the mangrove natural growing cycle (Figure 4.3).

5.2.4 Phenological variables estimation

From visual inspection of the pixel profiles, it was evident that mangrove forest growing

seasons do not occur within one calendar year i.e., from January to December, but it

expands across years. Therefore to extract the phenological metrics it was used a time

window of 86 composites. Four phenological variables were estimated from the

86-composite smoothed pixel profiles: start of growing season (SOS), end of growing

season (EOS), length of season (LOS) and the integral of the growing season (iEVI). The

estimation of the phenological variables was a straightforward procedure once the time

of maximum greenness (tMax) was computed. The algorithm searches backwards and

forwards from the tMax to estimate the phenological variables, the SOS was defined as

the valley point at the beginning of the growing season, similarly, the EOS was defined

as the valley point at the end of the growing season. The LOS was computed as the

difference between EOS and SOS, and iEVI was the integral of the complete growing

season (the area under the curve between SOS and EOS). In this study, the inflection

point method was used to derive the phenological variables as it is simple to implement

and it has been successfully applied in other studies (Rodriguez-Galiano et al., 2015)

including tropical evergreen vegetation (Dash et al., 2010; Jeganathan et al., 2010a).

Maps of the phenological variables were created using the median of the fourteen

seasons in order to obtain a robust estimate less sensitive to extreme values. A program

was written in R (R Core Team, 2015) to implement the method followed in this study.

This program automates the process of downloading data, pre-processing (reprojection

and quality assessment), smoothing and phenology extraction.
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5.2.5 Coastal biogeographical regions

Ecologically meaningful biogeographic Marine Ecoregions of the World (MEOW)

(Spalding et al., 2007) were used to stratify mangrove forest phenological variables.

MEOW is a hierarchical classification of the global coasts which describes 12 large

realms, divided into 62 provinces and 232 ecoregions. This study used the biogeographic

realms because their main driver is sea temperature and mangroves distribution is

limited by sea temperature (Figure 5.1).

Figure 5.1: Biogeographic realms (modified from Spalding et al. (2007)).

5.2.6 Statistical analyses

The mean of the seven physical variables was computed and mapped. Descriptive

statistics were computed to explore the phenological variables by biogeographic realms.

Pearson correlation was performed to examine the relationship between physical

variables and SOS. To further examine this relationship accounting for the correlation of

all physical variables involved in the analysis Partial Correlation was conducted.

Partial Least Squares Regression (PLSR) was carried out to investigate the ability of

physical variables to predict SOS. PLSR is a robust multivariate algorithm that accounts

for the variability in the response variable. In this process, the seven physical variables

were used as predictors of SOS per biogeographical realm and by season. RMSE was

estimated. An iterative cross-validation exercise was conducted in which 13 seasons
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were used to train the model, the season that was not part of the training set at each

iteration was used for validation. The process was repeated n times where n = 14 =

number of seasons.

PLSR is a useful multivariate technique to make predictions of the response variable in

cases where there is collinearity among regressors. Variables such as SSRD and RAIN,

SAL and SSH are likely to be linearly related. Even if predictors are collinear PLSR

makes linear combinations of the independent variables and detects underlying or latent

factors that explain most of the variability in the response variable.

5.3 Results

5.3.1 Spatial variation in phenological metrics

Figure 5.2 shows the world distribution of mangrove SOS. The range of SOS is wide,

from day of the year (DOY) 140 to 350 (May to December). Earlier dates of SOS are

observed in north and central American Pacific coast (Pacific coast of Mexico,

Guatemala, El Salvador, Nicaragua and Costa Rica), the Atlantic coast of Africa (Senegal,

Guinea Bissau, Guinea), south of China, the west coast of Indochina Peninsula and the

west coast of Australia. Later SOS occurred in the south of Brazil, southern hemisphere

Atlantic and Pacific coast of Africa, north west of Australia and south Indonesia.
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Figure 5.2: World map showing the median SOS in DOY (A) and standard deviation (B).

Caribbean and Gulf of Mexico (a), South America (b), West Africa (c), East Africa (d),

South East Asia (e) and Insular South East Asia (f).
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The EOS dates range from April to October (Figure 5.3). The EOS dates follow a spatial

distribution coincident with SOS; earlier SOS in the central west Pacific coast of the

Americas, North of Brazil, west Africa and south China and later EOS dates correspond

to Ecuador and south Brazil, central west Africa, south east Africa and north of Australia.

The duration of the mangrove growing season (LOS) is shown in Figure 5.4, LOS ranges

between ~250 and ~330 days. Shorter LOS are observed in north of Australia, Indonesia,

Malaysia and south east Africa while longer LOS are more evident in the Caribbean

region, and the Mexican Pacific coast and south east Asia.
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Figure 5.3: World map showing the median EOS in DOY (A) and standard deviation (B).

Caribbean and Gulf of Mexico (a), South America (b), West Africa (c), East Africa (d),

South East Asia (e) and Insular South East Asia (f).
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The cumulative EVI of the entire season (iEVI) is presented in Figure 5.5. Overall, the

minimum iEVI is found close to the latitudinal limits of mangroves, this is the Mexican

north Pacific, north of the Caribbean, the Red Sea, the Persian Gulf, north west India,

south China and west of Australia. Notably, the highest iEVI are observed in insular

South East Asia. The global mangrove map of modelled above ground biomass (AGB)

produced by (Hutchison et al., 2013) is presented in Figure 2.2 for reference. Some

degree of agreement is evident between the AGB distribution and the iEVI distribution.

Figure D.15 shows the correlation between the iEVI, maxEVI and AGB, both

phenological variables have modest linear correlation with modelled AGB. In order to

test the superiority of iEVI compared to simpler approaches the mean EVI of the period

2000-2015 was plotted against AGB D.15.
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Figure 5.4: World map showing the median LOS in number of days (A) and standard

deviation (B). Caribbean and Gulf of Mexico (a), South America (b), West Africa (c), East

Africa (d), South East Asia (e) and Insular South East Asia (f).
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Figure 5.5: World map showing the median of integrated EVI (iEVI). Caribbean and Gulf

of Mexico (a), South America (b), West Africa (c), East Africa (d), South East Asia (e) and

Insular South East Asia (f).
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5.3.2 Characterisation of phenological variables by biogeographic

regions

Mangrove penology varies over the broad biogeographic realms as they cover a range of

latitudes and environmental conditions. Figure 5.6 shows the distribution per

biogeographic realm. In general northern hemisphere realms (Temperate Northern

Atlantic and Temperate Northern Pacific) have earlier SOS, between May and end of July.

Those biogeographic realms with the largest variability in their phenological variables

were Tropical Eastern Pacific, Western Indo-Pacific and Tropical Atlantic. Similar

pattern was observed for EOS. The LOS was relatively constant among biogeographical

realms, the median LOS ranged between 317 and 337 days. Temperate South America

had the highest iEVI, followed by Central Indo-Pacific and Tropical Eastern Pacific.
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Figure 5.6: Distribution of phenological variables for each biogeographical region. SOS

(a), EOS (b), LOS (c) and iEVI (d).
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5.3.3 Environmental drivers

Seven environmental drivers were tested to investigate its relationship to mangrove

forest phenology. Interesting spatial patterns were observed, the contribution of physical

drivers differed among biogeographical realms. From the simple Pearson correlation

analysis day length, solar irradiance, rainfall and salinity emerged as the most important

factors. In order to control for the contribution of the other physical variables Partial

Correlation analysis was performed. At this step, day length, solar irradiance and

evaporation emerged as the most important factors (Figure 5.7) 30 days prior to SOS.
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Figure 5.7: Partial Correlation between global mangrove forest SOS and environmental

drivers by biogeographical realm.

To examine the predictive explanatory power of the physical variables partial least
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squares regression was conducted. In this exercise, a model was built with 13 seasons

and a 14th season was predicted. To check for consistency this analysis was conducted

14 times, leaving one season out at the time. The results showed that day length, solar

irradiance were the variables with the highest predicting power of mangrove forest SOS

5.8.
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Figure 5.8: Mangrove forest prediction of SOS. From a to g the panels show the biogeo-

graphical realms Temperate Northern Pacific, Temperate South America, Central Indo-

Pacific, Temperate Australasia, Western Indo-Pacific, Tropical Atlantic, Tropical Eastern

Pacific.
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5.4 Discussion

The main motivation of this research was to present the first global characterization of

the mangrove forests LSP and to provide insights about its environmental drivers.

Mangrove phenology was summarised by coastal biogeographical regions. The results

were computed using 16-year times series (2000-2015) of EVI derived from MODIS

surface reflectance at 500 m spatial resolution. EVI is typically associated to canopy

biophysical variables such as LAI, canopy type and architecture, plant physiognomy

(Gao et al., 2000; Huete et al., 2002) and to vegetation processes such as GPP (Xiao et al.,

2009a, 2004, 2005). Although mangrove forests are composed by evergreen trees and

scrubs, our results show they present a distinct greenness seasonality from which

phenological variables can be derived. Numerous studies have addressed the vegetative,

reproductive and litterfall phenology of mangroves at local to regional scales

(Coronado-Molina et al., 2012; Duke, 1990; Hoque et al., 2015; Kamruzzaman et al., 2012;

Lopez-Portillo and Ezcurra, 1985; Twilley et al., 1986); however, despite the importance

of LSP to understand the response of mangrove to climate change, studies characterizing

the LSP of mangrove forests at global scale have not been conducted.

Our results showed spatial variability in the phenological variables, generally earlier

dates were observed in the norther hemisphere for SOS and EOS. Only few studies

whose primary objective was other than to characterise the mangrove LSP have

described the seasonality of mangrove forest greenness (Anwar and Takewaka, 2014;

Barr et al., 2013; Zhang et al., 2016). In the Sunderbans, Bangladesh, the results show the

time of maximum EVI (tMaxEVI) is reached around DOY 312 (Figure D.14) while the

EOS is reached around DOY 120 (Figure 5.3). These results are comparable with those of

Anwar and Takewaka (2014). The authors reported annual maximum greenness

between November-December the end of the dry season (DOYs 300-365) and minimum

between June and July (DOYs 150-210). Similarly, Barr et al. (2013); Zhang et al. (2016)

reported maximum and minimum EVI in winter and summer, respectively in the

Everglades, South Florida, USA. In that area, our results show tMaxEVI around DOY

340 (winter in that hemisphere) and EOS around DOY 152 (beginning of summer).
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Although scarce, the above comparisons give some level of confidence to our results;

moreover, the lack of studies highlights an area for research attention.

To ensure the reliability of mangrove forest LSP at global scale numerous and

widespread ground observations compatible with satellite spatial resolution are

required. The acquisition of appropriate ground data needed to better interpret the

phenological variables represents a challenge particularly in swampy inaccessible

mangrove stands. Nonetheless, this study made an attempt to compare the results with

published ground data. Overall, the time of maximum litterfall in several mangrove

stands from a variety of latitudes overlapped with the EOS estimated in this study. The

apparent inverse relationship between litterfall has been reported in other evergreen

tropical forests (Soudani et al., 2012; Xiao et al., 2005; Zeilhofer et al., 2012). Moreover,

the lack of systematic data collection networks on mangrove forests prevents from

making any direct validations of the LSP variables. While numerous studies have

characterised mangrove species phenology at local and regional levels, discrepancies in

objectives, variables measured, frequency of data collection and length of studies clearly

imposes limitations for comparisons with satellite observations. Phenological ground

networks exist in many parts of the world that systematically collect information useful

to validate satellite based phenological data.

Examples of these include PlantWatch in Canada, the National Phenology Network

(NPN) in the USA (United States of America), the European Phenology Network, the

Japan Phenological Eyes Network (PEN), and the UK (United Kingdom) Phenology

Network (Zhang et al., 2012c). Most of these networks, however, are located in

temperate latitudes in developed countries, while mangroves distribute in tropical and

subtropical latitudes mainly in developing countries.

An interesting output of this analysis is the iEVI map generated which could represent

the first synoptic view of mangrove productivity proxy derived fromMODIS data. There

is theoretical background (Monteith and Moss, 1977; Monteith, 1972) and empirical

evidence over wide geographical extents (Box et al., 1989; Fung et al., 1987; Goward

et al., 1985; Potter et al., 1993; Schimel et al., 1991) regarding the association between the
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integrated vegetation greenness and productivity. This association is based on the logic

that productivity is linearly related to the amount of photosynthetically active radiation

absorbed by vegetation over a time period (Monteith, 1972) i.e. the length of the growing

season. Furthermore, two aspects are noticeable from the iEVI map. First, regions of

higher iEVI values generally coincide with regions of highest mangrove species richness

(Polidoro et al., 2010) and second, the latitudinal gradient of iEVI; greater near the

tropics and lower towards latitudes above 20° north and below 20° south.

Another interesting finding is the moderate correlation between the phenological

variables measured in this study iEVI and maxEVI with modelled AGB (Hutchison et al.,

2013). This moderate relationship suggest these phenological variables could be used to

improve existing mangrove biomass models. Models to estimate the spatial distribution

of potential AGB used latitude as explanatory variable (Siikamaki et al., 2012; Twilley

et al., 1992), more recently, Hutchison et al. (2013) developed a climate-based model that

improved the predicting power of the latitude-based model. However, the possibility of

using phenological variables to build a global potential AGB has not yet been explored.

A global mangrove biomass estimate using remote sensing data will provide finer

spatial detail and will offer the opportunity to track inter annual change (Hutchison

et al., 2013). Despite the encouraging result, a simpler approach seems to yield equally

satisfactory correlation. The mean EVI of the entire time-series without smoothing had a

slightly higher correlation with AGB.

5.4.1 Reasons for disagreement

From the results of this study, it was evident that regions with higher variability in

environmental drivers were spatially associated to more uncertainties in phenological

metric estimations. There are several reasons for the disagreement between global

mangrove forest phenlogy and the environmental drivers selected in this research. The

physiological responses of mangrove are also affected by many regional and global

controls such as hydroperiod (i.e., level and duration of inundation), soil-pore water,

salinity, nutrients, tropical storms, cold air masses, air warming, and sea level rise (Barr
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et al., 2014). It is well established that vegetation phenology is synchronised to local

environmental conditions (Fernandes, 1999). Mangroves, however, are not only

subjected to the seasonal variation in temperature and rainfall, they are also influenced

by tidal inundation. In some regions, it has been thought that the main driver of

mangrove phenology is mainly driven by inundation (Wium-Andersen, 1981), in others,

by wind speed (Kamruzzaman et al., 2016).

Evidence suggests tropical forest phenology is primarily driven by rainfall and day

length (Anderson et al., 2010; Chave et al., 2010; Parsons et al., 2014). For the case of

mangrove forests, it has been suggested that factors such mean air temperature, rainfall,

salinity gradient, availability of nutrients and day length affect the timing of leaf

production, leaf shedding, flowering and reproductive structures production (Duke

et al., 1984; Kamruzzaman et al., 2016; Wafar et al., 1997; Wium-Andersen, 1981). The

findings of this chapter are consistent with ground studies in the sense that day length

and solar irradiance were the factors with the highest predictive power.

Complex interactions among the driving factors prevents from distinguishing

meaningful correlations with mangrove phenology at global scale using the methods

employed in this research. For instance, it is known that elevated air temperatures

(>35°C) act as a constraint to productivity (Reef et al., 2016). This condition is

exacerbated by other stressing factors such as high evaporation, low SSH (Asbridge

et al., 2016; Harris et al., 2017).

Issues with the global classification map. This research was based on the mangrove

cover map produced by Giri et al. (2011). Although this is the most thorough map of

global mangroves it has a couple of importance deficiencies. Firstly, due to the massive

scale of the work, it was not feasible to conduct quantitative accuracy assessment of the

classification. Second, the images selected for the classification were acquired across

several years, between 1997 and 2000. There is risk that areas considered as mangrove

cover in this study, may not correspond to mangrove at present. Conversely, it is known

that some regions are experiencing gains in mangrove cover. Expansion towards ocean,

inland and poleward (Thomas et al., 2017; Giri and Long, 2014).
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Another reason for the disagreement is the spatial scale of the datasets. A spatial

resolution of 12 km was deemed reasonable as mangrove forest typically do not

distribute, depending on local topography, more than 7-12 km inland. At this pixel size

(~12 km), there is a high risk of contribution of other land cover to the signal. Mangrove

forests landscape is a complex mosaic of features (ponds, saltpans, rivers) and species.

This was evident in Chapter 4, where the relationship between SOS and precipitation

would vary with mangrove fraction per pixel. Finally, other typical issues with the

quality of optical satellite data such as continuous cloud cover and subpixel clouds could

have an impact on the estimation of phenological variables.

Each species may have their own phenological behaviour due to adaptations, particular

tolerance range to environmental conditions and due to ecological interactions. The

seasonality observed with satellite data is the result of overlapping patterns of the

different plant species that form the mangrove forest. Species within the same mangrove

stand have variables levels of tolerance to environmental stressors, therefore, their

response is not uniform. To overcome some of these issues it is recommended to use

higher resolution data such as the recently launched Sentinel series.

5.5 Conclusion

Although the relationship between the phenology of mangroves and physical drivers

has been reported before, to the best of our knowledge this study presents for the first

time a global characterisation of mangrove forest land surface phenology. At the time

the study, the analysis included the complete MODIS surface reflectance data available,

from 2000 to 2015. An interesting finding was the agreement between the integral of the

growing season and the maximum greenness with modelled estimations of mangrove

above ground biomass. This result opens the opportunity to include these variables in

subsequent models. Validation of LSP at such geographical scale is challenging, this

study highlights the need to establish networks of ground phenology observations in

mangrove forests to validate satellite observations. The phenology maps produced in
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this research provide a reference against which to compare future potential changes in

mangrove forests. Remote sensing is the only cost-effective tool to estimate mangrove

forest phenology at global scale; however, validation remains challenging. These

drawbacks limit the possibility of using the available phenological ground data to

validate satellite based mangrove phenology.
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Discussion

6.1 Relevance of the study

Mangrove forests are a carbon rich ecosystem that develop in tropical and subtropical

transition zone between land and sea, and thus, play a key role in the carbon cycle of the

coastal area. Mangroves provide protection from coastal hazards, improve water quality

(Adame et al., 2010), sustain biodiversity (Nagelkerken et al., 2008) and enhance fishery

catchments (Aburto-Oropeza et al., 2008; Mumby et al., 2004). As such, mangrove forests

support the lives of many coastal communities around the world.

Besides the numerous ecosystem goods and services, mangroves are recognised for the

capacity to store carbon (blue carbon). LSP information tells about the temporal and

spatial distribution of vegetation productivity. It helps answer questions such as

“where” and “when” does the carbon go. Mangroves, despite of being one of the most

carbon rich ecosystems on Earth there little is known about the temporal and spatial

variability in productivity and carbon sequestration at broad scales. This research in part

attempts to address this knowledge gap.

Mangroves are protected ecosystems by national and international agreements. At an

international level, three agreements are directly applicable to mangrove conservation,

the Convention of Wetlands of International Importance also known as the Ramsar

179
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Convention, the UNESCO Man and the Biosphere Program and the World Heritage

Convention, the Convention on Biological Diversity and the Convention on the

International Trade of Endangered Species (Lugo et al., 2014). At national levels, many

countries including Mexico have federal laws aimed to prevent the alteration of this

ecosystem. These agreements reinforce national level legal frameworks and increase

international awareness about mangrove forests importance.

In spite of the understanding of the ecological goods and services they provide,

mangrove forests are under intense anthropogenic and natural pressure leading to

degradation and alarming area loss rates. Consequently, there is a need to obtain precise

and up to date biophysical information from mangrove leaves and canopies to make

knowledgeable decisions about their management and conservation. The ability of

optical sensors to collect information in the visible (blue, green, red) and near infrared

regions of the electromagnetic spectrum gives the unique opportunity to measure

biophysical variables of remote and inaccessible areas. Therefore, remote sensing has

become one of the most cost effective means to map, assess and monitor mangrove forest

at regional and global levels as it allows for a spatially explicit, consistent and repeated

overview of vegetated areas.

Numerous studies have focused on the development of methodologies to map and

assess mangrove condition at one point in time, while only few studies have used in situ

measurements of biophysical and biochemical variables such as LAI and chlorophyll

content to investigate mangrove condition and seasonal changes (Kamal et al., 2016;

Alsaaideh et al., 2013; Flores-de-Santiago et al., 2013c; Chadwick, 2011; Kovacs et al.,

2009; Simard et al., 2006; Wang et al., 2004; Gao, 1998). However, prior to this work, no

attempt has been made to link in situ measurements of mangrove chlorophyll content

and hyperspectral leaf reflectance to remote sensing data. In addition, as mangroves are

regarded as evergreen tropical forests, no attempt has been made to investigate the land

surface phenology at regional and global scales.

This PhD thesis, addresses this knowledge gap by investigating the capability of remote

sensing methods to estimate chlorophyll concentration at leaf and canopy level using
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field spectroscopy and moderate spatial resolution multispectral Landsat 8.

Furthermore, this study used time-series of satellite derived vegetation indices to

characterise the mangrove forest phenology and its response to environmental drivers at

regional level. Finally, this thesis characterised the spatial and temporal patterns of

mangrove forest phenology at global scale over the last decade.

Chlorophyll content in leaves and canopies can be an indicator of photosynthetic

capacity, phenology and stress (Curran et al., 1990; Filella and Penuelas, 1994). For

example, mangroves distribute in nutrient poor soils (Boto and Wellington, 1988),

limitations in plant nutrients such as nitrogen can lead to a decrease in chlorophyll

concentration (Everitt, J.H. et al., 1985). Nutritional stress caused by nitrogen deficiency

often constrains plant productivity. Moreover, during the process of senescence,

mangrove leaves reabsorb nitrogen and other nutrients (phosphorous and potassium)

(Wang and Lin, 1999; Kao et al., 2002), thus, reducing chlorophyll concentration before

leaf abscission. Consequently, estimation of chlorophyll can provide information about

mangrove development stage and physiological status.

Leaf reflectance in the visible region of the electromagnetic spectrum is greatly

influenced by the presence of photosynthetic pigments such as chlorophyll (a and b) and

carotenoids. Using the knowledge of the absorption features of the pigments,

wavebands in the visible region can be used to estimate chlorophyll content. Numerous

hyperspectral and broad band vegetation indices have been developed to determine

pigment content at leaf and canopy levels.

The analysis Chapter 3 of this thesis adds to our understanding of the relationship

between vegetation indices and the biochemical composition of mangroves by showing

which multispectral and hyperspectral indices best explain the variation in chlorophyll

concentration at the leaf and canopy level. At leaf level, it was found that hyperspectral

indices that include wavebands around the red edge (705–753 nm) in their formulation,

such as Vogelmann and MTCI indices, explained more than 50% of the variation in

chlorophyll content. This is in agreement with previous studies that have found the red

edge to be the best indicator of chlorophyll content. This is an encouraging finding as it
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has implications for the monitoring of mangrove forests using new sensors such as

Sentinel 2 from the ESA which will include a spectral band in the red edge. MTCI is a

spectral index directly related to canopy chlorophyll content while it has a limited

sensitivity to atmospheric and background soil effects.

Another interesting finding from Chapter 3 was that at canopy level, the NDVIgreen

explained ~80% of the variation in chlorophyll content. The study demonstrates that the

medium resolution multispectral Landsat 8 can be used to estimate mangrove

chlorophyll content. This is an inspiring result as the Landsat series of optical sensors

account for the longest historical global archive of multispectral data at 30 m resolution

and it is freely available. This gives the opportunity to estimate mangrove biochemical

variables potentially at a global scale and monitor their change over time.

Monitoring mangrove dynamics using remote sensing data can provide near real time

information about disturbances, degradation, rate of recovery, land cover change

(Heumann, 2011b; Kuenzer et al., 2011). It addition, the analysis of time-series and

trends in mangrove biophysical properties helps in understanding the response of

mangrove to environmental drivers and to climate change. Given their location,

topography and dependence on tidal regime, ongoing and predicted variations in sea

level rise, precipitation patterns, frequency and strength of extreme events, all derived

from climate change, are likely to have a substantial impact on mangrove forests (Ward

et al., 2016). Furthermore, knowledge about the temporal dynamics of mangrove forests

can provide information regarding their phenology and productivity.

Conventional methods to study mangrove forest phenology and productivity include

systematic collection of litterfall and measurement of physical and climatic variables

from ground stations. These methods add to our understanding of mangrove primary

productivity and the physical drivers of individual mangrove species phenological

events; however, they are restricted to the observation of a limited number of trees,

sampling units and a few geographic locations. Often, these kind of efforts do not

exceed one or two years of continued observations. Over the past two decades land

surface phenology, the study of seasonal variations in vegetated reflectance and their
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connection to climatic drivers, has emerged as an important discipline. Advances in the

quality of remote sensing data, computational capacity and algorithms to estimate

phenological variables have given an impetus to the discipline. In spite of these

advances and the availability of time-series of satellite data, mangrove forests have

remained poorly investigated.

Chapter 4 and Chapter 5 of this thesis address this knowledge gap. In Chapter 4, a

15-year time-series of 500 m spatial resolution MODIS data was used to examine the

seasonal variation in mangrove greenness. Despite the common belief that mangroves

are evergreen forests, a clear seasonality was observed using four vegetation indices. In

addition, ground measures of litterfall were used to validate the satellite observations

and physical and climatic variables were used to understand the drivers of mangrove

phenology. It was found that areas that receive more precipitation during the months

January, February and March have an earlier start and longer growing season. This adds

to our understanding of the potential response of mangrove productivity to variations in

climatic conditions.

The results from chapter 5, in particular the integrated greenness and the maximum

greenness could be used as surrogates of mangrove productivity. There is theoretical

and empirical support about the correlation between the integrated greenness and

vegetation productivity from different vegetation cover (Box et al., 1989; Fung et al.,

1987; Goward et al., 1985; Monteith and Moss, 1977; Monteith, 1972; Potter et al., 1993;

Schimel et al., 1991). Of particular interest is the potential to use the iEVI as a predictive

variable to estimate potential AGB.

Climate change mitigation strategies are focusing on conservation and expansion of

natural carbon sinks. Strategies such as REDD+, promotes incentives to conserve blue

carbon. Mangroves cover only 0.7 % of the tropical forested area of the world, yet these

forests capture up to 24 TgC per year in soils and store 956–1,083 MgC per hectare. To

put this figure into perspective, global C emissions from fossil fuels were 9.795 Gt in

2014. Large scale spatially continuous information as the one presented in this thesis

could be used to identify hotspots of mangrove carbon sinks. Developing countries,
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where most of the mangrove forest distribute (Giri et al., 2011), are required to generate

reliable estimates of forests carbon stocks in order to incorporate to financial initiatives

that promote climate change mitigation policies (Saatchi et al., 2011). In this context,

iEVI could be used to extrapolate AGB estimates beyond the footprint of ground data

collection sites.

Finally, the IPCC defined regions expected to experience most severe climatic changes.

These changes include sea level rise, increased frequency and intensity of storms,

increasing temperatures and aridity. Phenological information as the one presented in

this research could help in monitoring the impact of climate on these carbon rich

vulnerable ecosystems.

6.2 How mangrove seasonality contributes to our

knowledge of the carbon cycle

Mangroves play a significant role in carbon sequestration. Barr et al. (2010), estimated

mangroves remove 1,170 ± 127 gm−2 yr−1 from the atmosphere. Sequestered carbon is

turned into above (wood, branches, leaves) and below (roots) ground biomass, thus, one

common method to investigate mangrove productivity has been the collection of

litterfall (Saenger and Snedaker, 1993; Twilley et al., 1986). Global estimations of litterfall

in mangrove ecosystems range from 1.3 to 18.7 t ha−1 yr−1 (Saenger and Snedaker, 1993).

Mangrove litterfall, mainly composed by leaves (60-70%), accounts for approximately

32% of total productivity (Bouillon et al., 2008). The production of leaf litter and the

recruitment of new leaves is continuous; however, peaks in litter production are

common, suggesting mangrove productivity may have a seasonal component.

Mangrove productivity is driven by numerous factors that act a different levels. At a

broad scale, Saenger and Snedaker (1993), found as general trend that mangrove litter

production, tree height and biomass were negatively correlated with latitude. Latitude

in turn would be directly associated with environmental factors that would affect

mangrove growth such as solar irradiance, temperature seasonal range and precipitation
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pattern. At local to regional level however, species composition, rainfall, temperature,

salinity and wind speed may explain mangrove litter production.

Phenology strongly depends on the environmental drivers mentioned above. For

example, temperature facilitates evaporation, this in turn increases soil salinity,

hypersaline conditions are known to decrease light use efficiency in mangrove leaves. In

addition, high temperature increases transpiration rate, again, increasing salinity in the

plant. A mechanism to eliminate salt from the system consists on accumulating salt in

mature leaves and induce leaf abscission. On the contrary, rainfall reduces soil salinity

and temperature leading to less stressful environmental conditions and reduced leaf

shedding. Furthermore, mangroves strategy for propagules dispersal depends on water,

thus, propagule release occurs during the wet seasons.

Numerous studies have documented the seasonal behaviour of mangrove litter

production. As in other vegetation types, mangrove phenology regulates the timing of

carbon sequestration, thus, information about key phenological variables is essential to

understand the forest function. This information could help reduce uncertainties in

earth system models that often do not account for tropical vegetation seasonality (Arora,

2002), particularly for tropical forests (De Weirdt et al., 2012).

Although considered evergreen, mangroves have a distinct greenness seasonality

following the rhythms of rainfall that could significantly affect ecosystem carbon

exchange. Greenness seasonality, more subtle than that of deciduous forests and

grasslands, has been reported in other tropical evergreen forests (Prasad et al., 2007;

Soudani et al., 2012). Consistent with estimations from flux tower, a seasonally moist

evergreen forest in the Amazon appears to have greater photosynthetic activity as

modelled using SPOT-4 and MODIS at the end of the dry season (Xiao et al., 2005). Flux

tower studies on mangroves are scarce, the Everglades mangrove in Florida, USA was a

net carbon sink in 2004 (NEP = 1,170 ± 127 gm−2 yr−1), NEP was greatest between

March and May and lower from July to October NEP (Barr et al., 2010). Lower NEP in

December and February was attributed to low temperature inhibition of photosynthesis.

A recent study in the Sundarbans, Bangladesh, suggests mangrove was a carbon sink in
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2013 although with lower NEP (249 ± 20 gm−2 yr−1) compared to the Everglades. The

aforementioned studies agree mangroves are net carbon sinks; however, the question of

how this relates to greenness seasonality still remains unanswered.

Chapter 5 of this thesis, used 15-year time-series of remote sensing data to derive

phenological variables of the globe’s mangrove forests. It identified and characterised

the seasonality and analysed the regional variation of the main phenological features. It

resulted in the first effort to map mangrove dynamics at global scale. This work

represents a baseline to against which to compare future changes in the mangrove

environmental conditions. Furthermore, the results of the accumulated mangrove

greenness opens the opportunity to improve existing models of mangrove above

biomass by incorporating the integral of the growing season.

6.3 Limitations and future work

The limitations of the work related to the methods and results are addressed at each

individual chapter in the discussion section. This section will outline some of the main

limitations of each analysis chapter and will recommend future directions.

One of the main limitations of the first analysis, Chapter 3 is the applicability of the

empirical relationship between chlorophyll measurements and Landsat vegetation

indices. A disadvantage of vegetation indices is that they are sensor-specific,

site-dependant and do not account for variability in LAI. This may prevent the use of the

equations developed in this study in different mangrove environmental settings.

Furthermore, caution should be taken when applying the equations beyond the rage of

data used to generate them 40 and 70 μg cm−2. Another limitation is the spectral

resolution of Landsat 8. Although this sensor has improved the spectral capabilities of

its predecessors, it does not include a spectral band in the red edge, a region of the

spectrum highly correlated with vegetation chlorophyll content. Despite the limitations,

the results of this analysis prove the potential of the multispectral Landsat 8 to map

mangrove forest chlorophyll content at landscape level with relative accuracy RMSE =
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15 μg cm−2.

Based on the results of this analysis it is suggested that future focuses on the use of new

sensors such as the Sentinel 2, which includes a spectral band around the red edge.

Higher accuracies in the estimation of chlorophyll content are expected from such a

study. In addition, Sentinel 2 will have more frequent revisits, this will allow not only to

map, but to track changes in mangrove chlorophyll concentration over time. Vegetation

indices less sensitive to soil background and atmospheric effects such as the MTCI could

be employed in future studies.

One limitation of analysis chapters 4 and 5 is the spatial resolution of the MODIS sensor

data used in this study. The 500 m spatial resolution of the MOD09A1 surface

reflectance product can be coarse for studying a complex environment with

heterogeneous features such as mangrove forests. Ponds, open areas, bare soil, rivers

and other tropical plant species are elements found in the mangrove landscape. As

explained earlier, mangroves species have different tolerances to physical drivers such

as salinity that determine their location within the same mangrove stand, therefore, it is

common to see a species zonation. At this resolution, the sensor merges the signal of all

the elements within the pixel, consequently, the phenological pattern is averaged, and

possibly degraded, at this scale. Further, persistent cloud cover in some regions and

subpixel clouds, may hamper the estimation of the phenological variables accurately.

However, in this study only the best quality pixels from the MODIS product were used;

the QC layer was used to ensure only atmospherically corrected, adjacency corrected

and the best quality pixels for all bands. Furthermore, to reduce the risk of including

other vegetation types rather than mangroves, the global map based on Landsat 30 m

spatial resolution was used to mask out non-mangrove pixels.

One main assumption in the global analysis was that mangrove cover remained constant

throughout the time span of MODIS composites (2000-2015). The study was based on

the map produced by Giri et al. (2011) which used Landsat images between 1997 and

2000; clearly the map is out of date for more than 15 years. Conservative estimates

suggest mangroves are disappearing at a rate of 1% per year (FAO, 2003, 2007), while
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others suggest the rate could be as high as 2-8% (Miththapala, 2008). In any case,

mangrove cover maps at such scale are subject to uncertainties (i.e. Spalding, M. D. et al.

(1997) and updated coverage maps are needed.

Regarding the validations of the results, the accuracy assessment of the satellite derived

phenological variables was challenging. Field data collection for a vast region,

particularly in the environment where mangroves develop, subject to tidal fluctuations,

unconsolidated sediment and mangrove complex root system, is extremely challenging.

Field efforts sample individual trees and report, typically monthly, the amount of

flowers, propagules and leaves contained in the litter. Given the sampling design these

records may not represent the changes at a landscape level and certainly do not

represent the surface reflectance annual variations. Nevertheless, the literature search

yielded valuable information about the seasonal cycle of litterfall and its association with

local climatic drivers.

Derived from the results and challenges of these analysis, it is recommended to

implement ground phenology networks in different locations designed to validate

remote sensing derived phenological variables. These ground base continuous records

would provide crucial information for modelling mangrove biomass and productivity

and to understand their temporal dynamics. Future research could also use these results

to improve models of mangrove biomass.
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Conclusion

In spite of the understanding of the numerous ecosystem goods and services mangrove

forests provide, rates of deforestation and degradation are alarming. Therefore, the

estimation of precise and updated spatial information of biophysical variables is critical

for scientific knowledge, assessment, management and conservation of these ecosystems.

In the last few decades, the development of remote sensing technology from close range

hyperspectral to satellite sensors, allow the accurate estimation of biophysical properties

of vegetation at multiple scales and times. However, questions still remain regarding the

potential of optical satellite data to estimate biochemical variables related to mangrove

condition and phenology such as chlorophyll. Moreover, our knowledge regarding the

temporal variation in mangrove productivity and its relationship with physical and

climatic drivers at broad spatial scales remains limited. To address the knowledge gaps,

this thesis combined the use of hyperspectral field spectroscopy, in situ chlorophyll

measurements, medium spatial resolution multispectral data and time-series of

moderate spatial resolution satellite data.

The first objective of this thesis was to investigate the capability of optical remote

sensing methods to estimate biochemical properties of mangrove forest, in particular

chlorophyll concentration at leaf and canopy level using field spectroscopy and

moderate resolution multispectral Landsat 8. The work was conducted in a protected

area in the Mexican Caribbean in Yucatan Peninsula. One of the outcomes of this

189
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analysis was the knowledge of which narrow band vegetation indices best correlate to

mangrove leaves chlorophyll. This means that indices assessed could be employed on

airborne or satellite hyperspectral sensors. In addition, given the known limitations of

VIs approach to estimate biochemical properties of vegetation, two MLAs were tested to

gain understanding about the regions of the spectrum that best explain the variation in

mangroves leaves’ chlorophyll. PLS and RF yielded slightly more accurate results

compared to the empirical method. This suggests that although the MLAs tested in this

thesis exploit the full spectrum and deal with collinearity in the multiple predictors,

comparable results can be achieved with simpler methods less computationally

intensive. The main outcome of this study was the empirical relationship between

Landsat 8 derived vegetation indices and the mangrove chlorophyll at landscape level.

On a broader context this means that by using current freely available multispectral

satellite data it is possible to estimate the spatial and temporal variation in mangrove

chlorophyll concentration. This allows researchers to make an informed decision

regarding the condition of the mangrove and the identification of areas that require

particular attention. Research is recommended to use recently launched optical satellites

such as Sentinel 2 and to assess the performance of vegetation indices that include the

red edge in their formulation.

The second objective of the thesis was to characterise the spatial and temporal variation

in mangrove forest phenology using time series of satellite derived vegetation indices

and investigate factors affecting mangrove forest phenology at landscape scale. The

study area for this analysis was the mangrove forest along the coast of Yucatan

Peninsula, Mexico. The main output was the knowledge that although mangroves are

evergreen forests, it was possible to detect a seasonality in the forest greenness. An

interesting result was the dates of start and end of the mangrove growing season, as

these phenological variables have a significant influence on vegetation productivity.

Another interesting finding the relationship between phenological variables and climatic

factors measured in situ. It was observed that sites with greater rainfall green up earlier.

This finding could be corroborated using rainfall gridded data.
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The third objective was to characterise the mangrove forest phenology at global scale

over last decade to identify spatial and temporal differences in phenological attributes.

Additionally, insights about the global environmental drivers were explored. This was

the first attempt to characterise the mangrove phenology at such scale. One of the main

findings was the pre-season influence of physical and climatic drivers on mangrove

phenology. These drivers act in different ways depending on the regional

environmental conditions. Physical variables that emerged as important predictors were

day length, solar irradiance and rainfall. These findings add to our understanding of

mangrove forest dynamics and growth constrains. Another interesting finding was the

agreement between the cumulative greenness and maximum greenness with modelled

estimations of mangrove above ground biomass. This means the cumulative greenness

could be employed to model mangrove above ground biomass and improve predictions

in areas under represented in current models. However, a simpler approach such as the

mean greenness between 2000-20015 also correlated well to AGB. Finally, the lack of

systematic ground data to validate remote sensing observations highlights the need to

establish ground networks.

What has been learnt and recommendations

Several lessons have been learnt through the development of this research. These are

related to the methods employed, the findings and interpretation of results. As direct

results of these lessons suggestions for future research are presented.

For example, the seasonality in CC presented in Chapter 3 must be interpreted with

caution. Although a temporal variation in CC was observed, problems associated to the

estimation of CC using reflectance at leaf level prevents from generalising the results. In

addition, covariates of CC such as LAI must be accounted for when analysing the

seasonal profile.

It is recommended to exploit full spectrum by using machine learning algorithms. In this

research, full spectrum generally performed best.

The new ESA satellites Sentinel-2 and Sentinel-3 to investigate mangrove phenology.

Indices more directly related to CC that include the REP can be computed from their
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spectral bands.

The seasonal component of time-series should be removed prior to investigate

correlations between variables. There is extended literature about this issue. An

exploration of the relationship between VI and climatic variables and VIs and mangrove

forest biophysical variables was conducted in Chapter 4. In this initial analysis, three

years of monthly values were correlated. Although interesting correlations were

observed, it is recommended that future research takes into consideration the above

discussion and removes the seasonal component of both sources of data.

Distinctive phenological variables were estimated for different mangrove forest cover

proportions. This research used the national land cover classification for the Yucatan

Peninsula to restrict the analysis only to the mangrove area. In the periphery of the

mangrove stand earlier dates for SOS were evident. These areas correspond to

grassland/shrub land cover (characteristic vegetation of arid and semi-arid regions)

which have been misclassified as mangrove forest. This suggests that phenological

information could be employed to improve existing land cover maps. Instead of relying

on single date or multi-temporal spectral datasets for the classification, one could also

exploit the information contained in the temporal profile.

Lack of ground data networks on mangrove forests. It would be ideal to have available

biophysical and climatic variables recorded in the field at a suitable spatial and temporal

resolution for validation. The sampling units should be representative of the mangrove

forest of the region in homogenous patches.

High variability in climatic, topographic, structural and diversity conditions between

and within biogeographical regions prevents the generation of reasonable models. It is

recommended to examine the relationship between mangrove phenology and the

environmental drivers a local to regional scale. This research made an attempt to

understand the drivers at broad scale, however, it was not possible to come up with a

reasonable model due to the high inter and intra biogeographical variability.

In Chapter 4, it was evident that other vegetation cover apart from mangrove would

contaminate the signal. It is suggested to include phenological information in the land
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cover classification exercise.

It would be interesting to look at trends. This research was limited to examine temporal

trends in the phenological metrics because MODIS data only goes back to 2000. At the

time of the analyses, only 15 year time-series were processed, this limited number of

years prevents from drawing confident conclusions about any trend analysis.

The driving factors of mangrove forest phenology were investigated using cumulative

values of physical and meteorological variables. This was conducted under the

assumption that the integrated value of the variables would at some point trigger

mangrove SOS. Future research could explore the use of anomalies. Deviations from the

general trend could also give insights on the mechanisms behind mangrove phenology.
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Appendix A

Supplementary material from analysis

chapter: Spatiotemporal variation in

mangrove chlorophyll concentration

using Landsat 8
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Appendix A. Supplementary material from analysis chapter: Spatiotemporal variation in

mangrove chlorophyll concentration using Landsat 8

Figure A.1: Comparison of estimated Chl μg cm−2 values from different calibration equa-

tions available in the literature. This study used Connelly’s equation (Connelly (1997))

because it is based on R. mangle, the dominant species in the study area. Note: Cerovic

et al. (2012) presented two equations in their paper, one derived from their analysis and

one consensus equation based on eight models. In this plot Cerovic 2012* (blue dotted

line) refers to the consensus equation.
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Table A.1: Calibration equations available in the literature.

Conversion equation R2 Reference

10SP AD0.265
0.94 Markwell et al. (1995)

0.000552 + 0.000404 · SPAD + 0.0000125 · SPAD2 0.96 Richardson et al. (2002)

(117.1 · SPAD)
(148.84 − SPAD)

0.89 Coste et al. (2010)

46.447 · e0.044·SP AD 0.89 Mielke et al. (2010)

(SPAD − 22.7)
0.57

0.68 Connelly (1997)

87.89 · e0.01.3·SP AD − 92.91 0.93 Houborg and Anderson (2009)

(138 · SPAD)
(185 − SPAD)

0.88 Cerovic et al. (2012)

62.05 · e0.0408·SP AD 0.79 Marenco et al. (2009)

0.0008 · SPAD 0.82 Rücker et al. (2006)

0.0419 · SPAD2 + 1.6475 · SPAD + 1.523 0.99 Ling et al. (2011)

13.97 + 3.41 · SPAD + 0.11 · SPAD2 0.91 Brito et al. (2011)
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mangrove chlorophyll concentration using Landsat 8



Appendix B

MODIS Surface Reflectance MOD09A1

description and Quality Assurance (QA)

B.0.1 Quality Assurance MODIS surface reflectance data

For this research MODIS MOD09A1 surface reflectance product was used because it

offers the flexibility to compute several vegetation indices. The product is composed of

13 bands, including a quality assurance band.
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Table B.1: MODIS Terra Surface Reflectance 8-Day L3 Global 500m MOD09A1*.

Dataset Units Bit type Fill Valid range Scaling fact.

Band 1 (620-670 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band 2 (841-876 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band 3 (459-479 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band 4 (545-565 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band 5 (1230-1250 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band 6 (1628-1652 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band 7 (2105-2155 nm) Reflectance 16-bit signed int. -28672 -100-16000 0.0001

Band Quality Bit Field 32-bit unsigned int. 4294967295 0-4294966531 na

Solar Zenith Angle Degree 16-bit signed int. 0 0-18000 0.0100

View Zenith Angle Degree 16-bit signed int. 0 0-18000 0.0100

Relative Azimuth Angle Degree 16-bit signed int. 0 -18000-18000 0.0100

State Flags Bit field 16-bit unsigned int. 65535 0-57343 na

Day of Year Julian day 16-bit unsigned int. 65535 1-366 na

* Table modified from:

https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod09a1

MODIS MOD09A product contains seven espectral reflectance bands (Table B.1). In this

thesis, three MODIS surface reflectance bands were used to compute the vegetation

indices. Band 1 refers to Red (620-670, centered at 648 nm), band 2 refers to NIR (841-876,

centered at 858 nm) while band 3 refers to Blue (459-479, centered at 470 nm).
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Table B.2: MODIS MOD09A1 bands used in this thesis.

Band No. Denomination Range (nm) Centred (nm) Use

1 Red 620-670 648 EVI, NDVI

2 NIR 841-876 858 EVI, NDVI, NDWI, NDVIg

3 Blue 459-479 470 EVI

4 Green 545-565 555 NDVIg

5 SWIR 1 1230-1250 1240 NDWI

6 SWIR 2 1628-1652 1640 Not used

7 SWIR 3 2105-2155 2130 Not used

The QA band consists on a 32-bit string that has to be translated to decimal. The QA

MODIS layer contains all the possible combinations of bit-words. A reclassification of

the QA layer is performed to create a mask assigning a value of 1 to the desired

combinations and “No value” to the unwanted combinations. For the computation of

the indices only the highest quality was selected. Given that only three bands were of

interest for the analysis it was not necessary to account for bands 4 to 7 in the quality

assurance process. For this reason, 32-bit QA combinations only considered the highest

quality for bands 1-3.

There are many possible permutations, Table B.4 shows an example of the permutations

used in this research.
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Table B.3: MODIS Land surface reflectance MOD09A1 32-bit QA*.

Bit No. Parameter name Bit

comb.

Surface reflectance QA

1 yes
31 adjacency correction performed

0 no

1 yes
30 atmospheric correction performed

0 no

0000 highest quality

1000 dead detector; data interpolated in

L1B

1001 solar zenith >= 86 degrees

1010 solar zenith >= 85 and < 86 degrees

1011 missing input

1100 internal constant used in place of

climatological data for at least one

atmospheric constant

1101 correction out of bounds pixel

constrained to extreme allowable

value

1110 L1B data faulty

26-29 band 7 data quality four bit range

1111 not processed due to deep ocean

or clouds

22-25 band 6 data quality four bit range Same as band above

18-21 band 5 data quality four bit range Same as band above

14-17 band 4 data quality four bit range Same as band above

10-13 band 3 data quality four bit range Same as band above

06-09 band 2 data quality four bit range Same as band above

02-05 band 1 data quality four bit range Same as band above

00 corrected product produced at

ideal quality all bands

01 corrected product produced at less

than ideal quality some or all

bands

10 corrected product not produced

due to cloud effects all bands
00-01 MODLAND QA bits

11 corrected product not produced

due to other reasons some or all

bands may be fill value [Note that

a value of (11) overrides a value of

(01)].
* Table modified from: https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod09a1
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Table B.4: MODIS MOD09A1 band quality permutations and description.

Band quality 32-bit string

Adj.
corr.*

Atm.
corr.†

Band 7 Band 6 Band 5 Band 4 Band 3 Band 2 Band 1 Decimal
translation

Description

1 1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3221225472 Adj.corr. performed, atm. corr. performed, highest quality all bands, corrected product produced at ideal quality all bands
1 1 1,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3758096384 Adj.corr. performed, atm. corr. performed, data interpolated band 7, corrected product produced at ideal quality all bands
1 1 1,0,0,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3825205248 Adj.corr. performed, atm. corr. performed, solar zenith>=86 deg band 7, corrected product produced at ideal quality all bands
1 1 1,0,1,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3892314112 Adj.corr. performed, atm. corr. performed, solar zenith>=85 & <86 deg band 7, corrected product produced at ideal quality all bands
1 1 1,0,1,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3959422976 Adj.corr. performed, atm. corr. performed, missing input band 7, corrected product produced at ideal quality all bands
1 1 1,1,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4026531840 Adj.corr. performed, atm. corr. performed, internal constant used band 7‡, corrected product produced at ideal quality all bands
1 1 1,1,0,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4093640704 Adj.corr. performed, atm. corr. performed, correction out of bounds pixel value band 7, corrected product produced at ideal quality all bands
1 1 1,1,1,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4160749568 Adj.corr. performed, atm. corr. performed, L1B data faulty band 7, corrected product produced at ideal quality all bands
1 1 1,1,1,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4227858432 Adj.corr. performed, atm. corr. performed, not processed due to deep ocean or clouds band 7, corrected product produced at ideal quality all bands
1 1 1,0,0,0 1,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3791650816 Adj.corr. performed, atm. corr. performed, data interpolated band 6-7, corrected product produced at ideal quality all bands
1 1 1,0,0,1 1,0,0,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3862953984 Adj.corr. performed, atm. corr. performed, solar zenith>=86 degrees band 6-7, corrected product produced at ideal quality all bands
1 1 1,0,1,0 1,0,1,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 3934257152 Adj.corr. performed, atm. corr. performed, solar zenith>=85 & <86 degrees band 6-7, corrected product produced at ideal quality all bands
1 1 1,0,1,1 1,0,1,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4005560320 Adj.corr. performed, atm. corr. performed, missing input band 6-7, corrected product produced at ideal quality all bands
1 1 1,1,0,0 1,1,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4076863488 Adj.corr. performed, atm. corr. performed, internal constant used band 6-7§, corrected product produced at ideal quality all bands
1 1 1,1,0,1 1,1,0,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4148166656 Adj.corr. performed, atm. corr. performed, correction out of bounds pixel value band 6-7, corrected product produced at ideal quality all bands
1 1 1,1,1,0 1,1,1,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4219469824 Adj.corr. performed, atm. corr. performed, L1B data faulty band 6-7, corrected product produced at ideal quality all bands
1 1 1,1,1,1 1,1,1,1 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 0,0,0,0 4290772992 Adj.corr. performed, atm. corr. performed, not processed due to deep ocean or clouds band 6-7, corrected product produced at ideal quality all bands
* Adjacency correction.
† Atmospheric correction.
‡ Internal constant used in place of climatological data for at least one atmospheric constant.
§ Same as above.
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Table C.1: Field data collection sites.

Site Lon Lat Temp. (°C) Precip. (mm) Salinity (g kg−1)

Puente -90.37517 20.86236 26.8 47.4 34.1
Interna -90.35261 20.93000 26.8 47.4 34.1
Pecis III -90.0005 21.15578 26.3 44.4 48.6
Chelem II -89.6755 21.25057 26.8 49.2 49.3
Pueblo -88.88928 21.39119 26.0 65.2 31.6

Rio Lagartos -88.12722 21.61167 26.3 55.2 11.3
Poligono 9 -86.82265 21.08723 27.0 89.5 30.0
Cid -86.9355 20.79917 26.6 74.4 9.6
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Figure C.1: Climates of the Yucatan Peninsula. Modified from Roger-Orellana et al (2009).

BS climates represent arid and semiarid climates with rainy season in summer (Jun-Oct)

while Ax, Aw and Am represent hot and humid with a rainy season in summer.

Figure C.2: Mean annual precipitation for the period 2000 to 2014, CHIRPS data.
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Figure C.3: Mean annual temperature for the period 2000 to 2014, ECMWF data.
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Figure C.4: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Interna located at the north west of Yucatan Peninsula be-

tween January 2009 and October 2011.
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Figure C.5: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Puente located at the north west of Yucatan Peninsula be-

tween January 2009 and October 2011.
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Figure C.6: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Pecis located at the northwest of Yucatan Peninsula between

January 2009 and October 2011.
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Figure C.7: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Chelem located at the north west of Yucatan Peninsula be-

tween January 2009 and October 2011.
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Figure C.8: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Dzilam located at the north of Yucatan Peninsula between

January 2009 and October 2011.
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Figure C.9: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Ria Lagartos located at the north of Yucatan Peninsula be-

tween January 2009 and October 2011.
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Figure C.10: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Poligono 9 located at the north east of Yucatan Peninsula

between January 2009 and October 2011.
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Figure C.11: Seasonal variation of vegetation indices, litterfall, salinity, temperature and

rainfall at the ground station Cid located at the north east of Yucatan Peninsula between

January 2009 and October 2011.
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Figure C.12: Spatial distribution of NDVI SOS in the mangrove forest of Yucatan Penin-

sula. The map shows the integrated median of the period 2000-2014. On the top figure

shows themap of the entire study area, on the bottom, from left to right the figure shows a

zoomof thewest, north and north-east of the Yucatan Peninsula. Continuous colour ramp

on the left indicates the DOY of SOS, with earlier SOS in blue and later SOS in yellow and

red.
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Figure C.13: Spatial distribution of gNDVI SOS in the mangrove forest of Yucatan Penin-

sula. The map shows the integrated median of the period 2000-2014. On the top figure

shows themap of the entire study area, on the bottom, from left to right the figure shows a

zoomof thewest, north and north-east of the Yucatan Peninsula. Continuous colour ramp

on the left indicates the DOY of SOS, with earlier SOS in blue and later SOS in yellow and

red.
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Figure C.14: Spatial distribution of NDWI SOS in the mangrove forest of Yucatan Penin-

sula. The map shows the integrated median of the period 2000-2014. On the top figure

shows themap of the entire study area, on the bottom, from left to right the figure shows a

zoomof thewest, north and north-east of the Yucatan Peninsula. Continuous colour ramp

on the left indicates the DOY of SOS, with earlier SOS in blue and later SOS in yellow and

red.



220
Appendix C. Supplementary material from analysis chapter: Remote sensing of mangrove forest

phenology and its environmental drivers

Figure C.15: Spatial distribution of time of NDVI maximum greenness (Max Green) in

the mangrove forest of Yucatan Peninsula. The map shows the integrated median of the

period 2000-2014. On the top figure shows themap of the entire study area, on the bottom,

from left to right the figure shows a zoom of the west, north and north-east of the Yucatan

Peninsula. Continuous colour ramp on the left indicates the DOY of Max Green, with

earlier Max Green in blue and later Max Green in yellow and red.
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Figure C.16: Spatial distribution of time of gNDVI maximum greenness (Max Green) in

the mangrove forest of Yucatan Peninsula. The map shows the integrated median of the

period 2000-2014. On the top figure shows themap of the entire study area, on the bottom,

from left to right the figure shows a zoom of the west, north and north-east of the Yucatan

Peninsula. Continuous colour ramp on the left indicates the DOY of Max Green, with

earlier Max Green in blue and later Max Green in yellow and red.
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Figure C.17: Spatial distribution of time of NDWI maximum greenness (Max Green) in

the mangrove forest of Yucatan Peninsula. The map shows the integrated median of the

period 2000-2014. On the top figure shows themap of the entire study area, on the bottom,

from left to right the figure shows a zoom of the west, north and north-east of the Yucatan

Peninsula. Continuous colour ramp on the left indicates the DOY of Max Green, with

earlier Max Green in blue and later Max Green in yellow and red.
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Figure C.18: Spatial distribution of time of NDVI EOS in the mangrove forest of Yucatan

Peninsula. The map shows the integrated median of the period 2000-2014. On the top

figure shows the map of the entire study area, on the bottom, from left to right the figure

shows a zoom of the west, north and north-east of the Yucatan Peninsula. Continuous

colour ramp on the left indicates the DOY of EOS, with earlier EOS in blue and later EOS

in yellow and red.
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Figure C.19: Spatial distribution of time of gNDVI EOS in the mangrove forest of Yucatan

Peninsula. The map shows the integrated median of the period 2000-2014. On the top

figure shows the map of the entire study area, on the bottom, from left to right the figure

shows a zoom of the west, north and north-east of the Yucatan Peninsula. Continuous

colour ramp on the left indicates the DOY of EOS, with earlier EOS in blue and later EOS

in yellow and red.
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Figure C.20: Spatial distribution of time of NDWI EOS in the mangrove forest of Yucatan

Peninsula. The map shows the integrated median of the period 2000-2014. On the top

figure shows the map of the entire study area, on the bottom, from left to right the figure

shows a zoom of the west, north and north-east of the Yucatan Peninsula. Continuous

colour ramp on the left indicates the DOY of EOS, with earlier EOS in blue and later EOS

in yellow and red.
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Figure C.21: Spatial distribution of time of NDVI LOS in the mangrove forest of Yucatan

Peninsula. The map shows the integrated median of the period 2000-2014. On the top

figure shows the map of the entire study area, on the bottom, from left to right the figure

shows a zoom of the west, north and north-east of the Yucatan Peninsula. Continuous

colour ramp on the left indicates number of days, shorter LOS in blue and longer LOS in

yellow and red.
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Figure C.22: Spatial distribution of time of gNDVI LOS in the mangrove forest of Yucatan

Peninsula. The map shows the integrated median of the period 2000-2014. On the top

figure shows the map of the entire study area, on the bottom, from left to right the figure

shows a zoom of the west, north and north-east of the Yucatan Peninsula. Continuous

colour ramp on the left indicates number of days, shorter LOS in blue and longer LOS in

yellow and red.
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Figure C.23: Spatial distribution of time of NDWI LOS in the mangrove forest of Yucatan

Peninsula. The map shows the integrated median of the period 2000-2014. On the top

figure shows the map of the entire study area, on the bottom, from left to right the figure

shows a zoom of the west, north and north-east of the Yucatan Peninsula. Continuous

colour ramp on the left indicates number of days, shorter LOS in blue and longer LOS in

yellow and red.
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Figure C.24: Relationship between cumulative rainfall and mangrove forest phenological

variables. From (a) to (f) scatterplots describe the relationship between cumulative rainfall

(mm) and SOS and MAX for NDVI, gNDVI and NDWI. The scatterplots suggest that an

increase in the rainfall during the first three months of the year leads to an earlier SOS and

maximum greenness.
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Figure C.25: Spearman correlation between EVI SOS and cumulative (January to March)

gridded precipitation data. Each panel represents one year, from a to n panels show 2000

to 2013. Correlations were calculated when there were at least 30% mangrove cover for

each CHIRPS 0.05° rainfall pixel. Overall, the negative correlation between SOS and cu-

mulative precipitation is consistent throughout the seasons, this confirms the in situ ob-

servations.
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Figure C.26: Percentage mangrove cover per MODIS pixel.
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Figure C.27: EVI SOS season 11 by percentage of mangrove cover per pixel (>50%).
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Figure C.28: EVI SOS season 11 by percentage of mangrove cover per pixel (>60%).
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Figure C.29: EVI SOS season 11 by percentage of mangrove cover per pixel (>70%).
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Figure C.30: EVI SOS season 11 by percentage of mangrove cover per pixel (>80%).
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Figure C.31: EVI SOS season 11 by percentage of mangrove cover per pixel (>90%).
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Figure C.32: EVI SOS season 11 by percentage of mangrove cover per pixel (100%).
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Figure C.33: Land cover map of the north of Yucatan Peninsula.
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Figure C.34: Boxplots of SOS per land cover.
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D.0.2 Comparison with ground studies

Ground-based studies from ten countries covering a range of species and latitudes were

used to contrast with satellite derived phenology. The duration of the field data

collection ranged between 1 to 6 years; studies were conducted between 1977 and 2014.

The sampling methods applied in the available ground studies were not designed to

validate satellite observations. Spatial and temporal inconsistencies between datasets

complicate making comparisons. Nevertheless, an attempt to compare the result with

published ground studies was made. Table D.1 presents the month with the highest

litterfall recorded in each study. Some level of agreement is observed between the

litterfall peak period and the MODIS derived EOS. In most cases the EOS DOY falls

within the range of time of maximum litterfall.

Table D.1: Satellite based EOS from this study compared to mangrove phenology ground

studies where litterfall was recorded.

Litterfall peak Satellite EOS

Country Lat Lon Months DOY DOY Reference

Mexico 27.83 -110.5 Jul-Sep 183-245 189 Arreola-Lizarraga et al. (2004)
USA 26.03 -81.75 Jun-Oct 152-300 126 Twilley et al. (1986)
USA 25.5 -80.76 Jun-Oct 153-300 146 Coronado-Molina et al. (2012)
Pakistan 24.35 67.45 Sep-Oct 244-275 186 Farooqui et al. (2012)
China 22.52 114.08 Mar-Apr 61-92 47 Liu et al. (2014c)

Bangladesh 21.93 89.23 Feb-May 32-122 108 Shanij et al. (2016)
Mexico 18.67 -91.13 May-Oct 122-275 148 Day Jr. et al. (1996)
Mexico 18.5 -94.98 Mar-May 61-122 119 Ake-Castillo et al. (2006)
Mexico 18.5 -91.77 Jul-Nov 183-306 148 Coronado-Molina et al. (2012)
Mexico 18.42 -93.17 Apr-Sep 91-273 198 Lopez-Portillo and Ezcurra (1985)

TTO* 11.35 -60.07 May-Aug 122-214 127 Juman (2005)
Malaysia 3.99 113.73 Jun-Jul 153-183 106 Hoque et al. (2015)
Brazil -0.73 -47.85 Dec-May 336-122 54 de Menezes et al. (2008)
Kenya -4.42 39.5 Aug-Mar 214-61 73 Slim et al. (1996)
Tanzania -6.2 39.37 Jun-Oct 153-275 211 Shunula and Whittick (1999)

Brazil -21.82 -41.05 Sep-Feb 245-32 213 Bernini and Rezende (2010)
* Trinida & Tobago
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Figure D.1: Correlation between physical variables and EVI SOS.
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Figure D.2: Scatterplots showing the correlation between the 30 cumulative value of phys-

ical variables and EVI SOS per region.
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Figure D.3: Scatterplots showing the correlation between the 60 cumulative value of phys-

ical variables and EVI SOS per region.
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Figure D.4: Scatterplots showing the correlation between the 90 cumulative value of phys-

ical variables and EVI SOS per region.
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FigureD.5: Day of the year (DOY) ofmaximummangrove forest litterfall across theworld.
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Figure D.6: Global map showing the RMSE between the raw and smoothed data. Regions

with higher RMSE correspond to regions of greater variability in physical variables and

in palces with higher species richness.
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Figure D.7: Global map of mean daily precipitation (mm) throughout the study period

2000-2015 (A) and standard deviation (B).
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Figure D.8: Global map of mean daylength in hours between 2000-2015 (A) and standard

deviation (B).
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Figure D.9: Global map of mean evaporation (kgm−2) for the period 20002015 (A) and

standard deviation (B).
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Figure D.10: Global map of mean salinity (‰) for the period 2000-2015 (A) and standard

deviation (B).
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Figure D.11: Global map of sea surface height anomaly in m between 2000-2015 (A) and

standar deviation (B).
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Figure D.12: Global map of solar surface irradiance downwards in Jm−2 (A) and standard

deviation (B).
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Figure D.13: Global map of mean sea surface temperature daily anomaly in °C for the

period 2000-2015 (A) and standard deviation (B).
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Figure D.14: Global map of time of maximum EVI. Caribbean and Gulf of Mexico (a),

South America (b), West Africa (c), East Africa (d), South East Asia (e) and Insular South

East Asia (f).

Figure D.15: Correlation between iEVI and maxEVI with mangrove above ground

biomass Mgha−1. Biomass data modelled using ground data and climatic variables

(Hutchison et al. (2013))
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