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Abstract: Mangrove ecosystems dominate the coastal wetlands of tropical and subtropical
regions throughout the world. They provide various ecological and economical ecosystem
services contributing to coastal erosion protection, water filtration, provision of areas for
fish and shrimp breeding, provision of building material and medicinal ingredients, and the
attraction of tourists, amongst many other factors. At the same time, mangroves belong to
the most threatened and vulnerable ecosystems worldwide and experienced a dramatic
decline during the last half century. International programs, such as the Ramsar Convention
on Wetlands or the Kyoto Protocol, underscore the importance of immediate protection
measures and conservation activities to prevent the further loss of mangroves. In this
context, remote sensing is the tool of choice to provide spatio-temporal information on
mangrove ecosystem distribution, species differentiation, health status, and ongoing
changes of mangrove populations. Such studies can be based on various sensors, ranging
from aerial photography to high- and medium-resolution optical imagery and from
hyperspectral data to active microwave (SAR) data. Remote-sensing techniques have
demonstrated a high potential to detect, identify, map, and monitor mangrove conditions
and changes during the last two decades, which is reflected by the large number of
scientific papers published on this topic. To our knowledge, a recent review paper on the
remote sensing of mangroves does not exist, although mangrove ecosystems have become
the focus of attention in the context of current climate change and discussions of the
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services provided by these ecosystems. Also, climate change-related remote-sensing studies
in coastal zones have increased drastically in recent years. The aim of this review paper is
to provide a comprehensive overview and sound summary of all of the work undertaken,
addressing the variety of remotely sensed data applied for mangrove ecosystem mapping,
as well as the numerous methods and techniques used for data analyses, and to further
discuss their potential and limitations.
Keywords: review; mangrove ecosystems; coastal zone remote sensing; mangrove
mapping applications; reflectance and backscattering characteristics of mangroves; image
processing methods for mangrove discrimination

1. Introduction to the Methodology of Remote Sensing of Mangrove Ecosystems
Remote sensing has been widely proven to be essential in monitoring and mapping highly
threatened mangrove ecosystems [1–6]. Many research studies on this subject have been carried out
around the globe. Tropical and subtropical coastal mangroves are among the most threatened and
vulnerable ecosystems worldwide [7]. The habitat area loss during the last two decades is estimated to
be about 36% of the total global mangrove area [8]. Although the rate of decrease has slowed since the
1980s, the average annual loss rate of mangroves of −0.66% during the years 2000–2005 is still
alarming [8].
Because mangrove ecosystems have an outstanding relevance ecologically and economically, there
is an urgent demand for conservation and restoration measures. Therefore, retrieving up-to-date
information with regard to the extent and condition of mangrove ecosystems is an essential aid to
management and policy- and decision-making processes. Typical mangrove habitats are temporarily
inundated and often located in inaccessible regions; consequently, traditional field observation and
survey methods are extremely time-consuming and cost intensive. To address these issues, large-scale,
long-term, cost-effective monitoring and mapping tools are required, which are available by means of
remote-sensing technology [9–15].
Remote sensing of mangroves provides important information for:










Habitat inventories (determination of extent, species and composition, health status);
Change detection and monitoring (land use, land cover, conservation and reforestation success,
silviculture, and aquaculture development);
Ecosystem evaluation support;
Productivity assessment (biomass estimation);
Regeneration capacity estimation;
Multiple management requests (fisheries, aquaculture activities, conservation management,
management guidelines and strategies);
Field survey planning;
Water-quality assessment;
Prompt information supply for disaster management; and
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Aid delivery to gain a better understanding of ecological and biological relations and processes,
functions, and dynamics [4,9,13,16–24].

The aim of this paper is to provide a critical analysis and an overview of remote-sensing research
activities published during the last two decades. A short overview of mangrove ecosystems and their
benefits is followed by a description of remote-sensing applications in the field of mangrove analyses
and monitoring categorized by their spatial resolution: aerial photography, high-resolution imagery
(e.g., IKONOS, QuickBird), medium-resolution imagery (e.g., Landsat series, SPOT), hyperspectral
imagery (e.g., Compact Airborne Spectrographic Imager (CASI)), and radar (Synthetic Aperture
Radar [SAR]) data analyses. In this context, the different methodological approaches for
remote-sensing data information extraction and the generation of value-added products are also
investigated. A discussion on the difficulties and future challenges of remote sensing of mangroves
follows, before this paper summarizes with conclusions.
1.1. Spatial Distribution of Mangrove Ecosystems
One hundred and twenty-four countries located between 30°N and 30°S are home to highly
productive mangrove ecosystems [8]. They cover up to 75% of the tropical and subtropical shorelines
(see Figure 1) [16,25]. The halophytic evergreen woody mangroves typically fringe the transition zone
between land and sea in intertidal coastal regions, estuary, and reef environments, which are
characterized by strong winds, varying inundation, high temperatures, and anaerobic muddy
soil [26,27]. Mangroves growing within equatorial regions achieve their maximum biomass. These
favorable conditions enable an optimal lush growth, with tree canopies reaching a height of
30–40 m [8,28]. Because of the lower temperature level, the amount of biomass declines with
increasing latitude [29,30]. Under less favorable environmental conditions, mangroves form isolated
patches of dwarf-stunted habitus, with canopies reaching a height of 1–2 m.
Figure 1. Generalized global distribution of mangroves and diversity of mangrove species
per 15°of longitude (Source: adapted from Tomlinson 1986 [28]).
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It is assumed that the total area of mangroves covers between 167,000 km2 [7] and 181,000 km2 [25].
The largest amount of mangroves can be found in Southeast Asia, where they are best developed and
have the highest species diversity (see Figure 1).
1.2. Characteristics of Mangroves and Mangrove Ecosystems
Mangroves are shrubs and trees of medium height that grow between 25–30°S up to 25–30°N
(depending on investigator and definitions) and are able to survive in brackish water, sea water, and
salty evaporation pools with up to twice the salinity of ocean water. Sometimes, the term ―mangrove‖
is used for all species of trees and shrubs tolerating these salty conditions; other times, it is used only
for the mangrove family (Rhizophoraceae) or trees of the genus Rhizophora. Of about 110 known
mangrove species, about 54 species in 20 genera from 16 families constitute the group of ―true
mangroves‖ occurring only in mangrove habitats.
According to Tomlinson, the term ―mangrove‖ describes the intertidal ecosystem or the highly
adopted plant families that live in this coastal environment [28]. Most of the mangrove genera and
families are not closely related to each other, but what they do have in common is their highly
developed morphological, biological, physiological, and ecological adaptability to extreme
environmental conditions [26,30]. The most important characteristics to achieve this kind of
adaptability are pneumatophoric roots (Avicennia, Sonneratia species), stilt roots (Rhizophora,
Brugueria, Ceriops species), salt-excreting leaves, and viviparous water-dispersed propagules [26].
Mangroves build communities parallel to the shoreline. The species composition and structure depend
on their physiological tolerances and competitive interactions [31]. Distance from the sea or the estuary
bank, frequency and duration of tidal inundation, salinity, and composition of soil are crucial
environmental factors [8,27–30,32]. Mangroves exhibit a high degree of ecological stability with
regard to their persistence and resilience [31]. However, they are highly sensitive to changes, especially
within hydrological environments (e.g., water-quality changes), which go beyond their ecological range
of tolerance; thus, the ecosystems act as change indicators on a broader scale [30].
1.3. Ecological and Economical Benefits of Mangrove Ecosystems
Mangroves are considered to behave like a natural barrier against ocean dynamics along the
shoreline. Their ability to protect shoreline and inland areas from natural hazards (hurricanes, cyclones,
tsunamis) was recently discussed [31,33–39]. They can break the force of waves and help to prevent
coastal-erosion processes [40–43]. Mangrove ecosystems support aquatic food chains and form
habitats for marine fauna, such as juvenile crabs, prawns, offshore fish, reef fish, and larvae [44–47].
Naylor et al. [47] assumed that about one third of the coastal and offshore adult fishes caught in
Southeast Asia grow up in mangrove forests. Terrestrial fauna, such as birds, insects, mammals, and
reptiles, and associated flora, such as fungi, algae, and sea grass, build rich communities with
mangroves [26,45,46,48,49]. Mangroves are able to maintain the water quality by acting as biological
filters, separating sediments and nutrients in polluted coastal areas [27,50,51]. Furthermore, mangroves
are important for the carbon balance of the coastal zone [52,53].
Additionally, mangroves are most beneficial to humans and contribute to their livelihood in a
crucial manner [31,51]. Any changes in their growth behavior correlate directly with the quality of
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local human life. Mangrove ecosystems provide important products and services that can be divided
into four categories [25–27,44,46,49,51,54–56]:





Regulating: see above (e.g., shoreline protection);
Providing: fisheries, aquaculture, construction material, fuel, tannins, honey, traditional
medicine, paper, and textiles;
Cultural: tourism and recreation, spiritual; and
Supporting: see section above (e.g., nursery habitats, nutrient cycling).

It was estimated that the annual economic value of mangrove ecosystems is US $9,990/ha [57].
Sathirathai and Barbier [58] rated the economic value much higher: between US $27,264 and
$35,921/ha, calculated for mangroves in a local community in Thailand.
1.4. Need for Mangrove Protection and Reforestation
The globally determining factor of mangrove loss is affected by the conversion of mangrove areas
into shrimp farms [11,47,59,60]. The share of aquaculture-based business is still very high in
developing nations [5,21,29,58,61–63]. This portion accounts for a global mangrove loss of more than
50% [7,51]. Industrial lumber and wood chip operations [51], increasing human populations,
industrialization, and agriculture have caused dramatic forest loss as well [61,64,65]. In addition to the
natural progression and succession stages of the ecosystem, a significant amount of the loss is triggered
by natural forces, such as tsunamis, cyclones [66], and the threat of global warming [29,31,64,67–70].
The related reduction in mangrove-related services and product delivery imposes serious limitations on
the local residents [51,62].
Anthropogenic and natural threats have an effect on marine life and on terrestrial biological
diversity, as well as on adjacent ecosystems, such as sea grass beds and coral reefs [23,62,64,70,71].
As a consequence of the loss of mangroves, the natural tidal system is altered or totally disturbed: tidal
creeks are blocked, fisheries decline, sedimentation rates decrease, and toxic waste pollution, such as
antibiotic impact from aquaculture, grows. Additional problems include salinization of coastal soils,
increased erosion, land subsidence, land degradation, and extended exposure of coastlines to wave
surges [21,29,35,49,61,62,72]. Reforestation and rehabilitation programs geared toward the sustainable
use of mangroves have been successful to some extent [66,71,73,74]. One of the most important and
global-acting programs is the Ramsar Convention on Wetlands. This is an intergovernmental treaty,
which provides the framework for national action and international cooperation for the wise use of
wetlands and their resources (http://www.ramsar.org/). Important sites, such as the Sundarbans, the
world’s largest area of mangroves, are affiliated with this program.
2. Characteristics for Identifying Mangroves in Remotely Sensed Data
Mangroves grow at the land–sea interface. Therefore, the three major features contributing to the
pixel composition in remotely sensed imagery are vegetation, soil, and water (see Figure 2). Any
mixture of the individual surface appearance is also influenced by seasonal and diurnal intertidal
interactions. These circumstances greatly affect the spectral characterization of the image components,
and Blasco et al. [10] described them as the major obstacles to a rigorous radiometric characterization.
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Figure 2. Mangroves in Ca Mau Province, Vietnam, January 2010.
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Additionally, the diversity of mangrove species in Asia is much higher than in the tropical or
subtropical regions of the New World [75]. This is very important for remote-sensing applications,
because such circumstances aggravate discrimination difficulties as the result of a higher amount of
spectrally unique species. The most important species (the leading species) in the Indonesian and West
Pacific region belong to the genera Rhizophora, Avicennia, Sonneratia, and Laguncularia.
Single species dominating the mangroves in Africa and America are the red mangroves
(Rhizophora mangle L.), the black mangroves (Avicennia germinans L.), and the white mangroves
(Laguncularia racemosa).
2.1. Mangrove Characteristics in Optical Remotely Sensed Data
Textural and spectral characteristics of the canopy and leaves are the main features used to
distinguish among mangrove communities [75]. Their structural appearance, partially more
homogeneous or heterogeneous, depends on several factors, such as species composition, distribution
pattern, growth form, density growth, and stand height. Meza Diaz and Blackburn [76] described the
spectral variations of the canopy reflectance as a function of several optical properties, such as leaf area
index (LAI), background reflectance, and leaf inclination. The spectral signature of a single species is
defined by age, vitality, and phenological and physiological characteristics [10]. Periodic climatic
changes that influence the leaf dynamics of foliation and leaf senescence may also have an impact on
the spectral response [77]. Wang et al. [77] observed a flush of fresh red mangrove leaves after
seasonal rainfalls during the early wet season in Panama. This led to the inference that imagery of the
early wet season is very helpful because of the greater spectral distinction among species.
Spectrometer data of two variant mangrove species, acquired during a field campaign into the
mangrove regions of Vietnam in 2010 (see Figure 3), showed that species differ because of their
principal biophysical and chemical properties [78], such as water, cellulose, lignin, and protein content,
as well as the key leaf pigments chlorophyll a and b and carotenoids. The spectral-response signal also
depends on the internal leaf structure, mainly composed of palisade parenchyma and spongy
mesophyll, as well as the number of cell layers, intercell spaces, air–water interfaces, and cell size.

Remote Sens. 2011, 3

884

Figure 3. Spectral characteristics and their influencing parameters of the mangrove species
Avicennia marina and Rhizophora conjugate as measured with an field spectrometer in Ca
Mau Province, Vietnam, January 2010. Stacks of at least eight layers of mangrove leaves
were measured, filling the instantaneous field of view, IFOV, of the spectrometer to grant
optimal leaf area index (LAI) conditions without background transmission.

Discrimination in the 380- and 750-nm wavelength domain, based on the spectral response of the
leaf pigments, is relatively weak (see Figure 3) because of the similar amounts of pigment across most
of the species [22]. The near-infrared signal reveals different reflections in relation to the internal leaf
structure and facilitates mangroves discrimination [78]. Furthermore, Vaiphasa et al. [22] hypothesized
that the spectral distinction caused by other leaf components interacting with electromagnetic radiation
at longer wavelengths in the near- and mid-infrared regions might work even better. These leaf
components include salt, sugar, water, protein, oil, lignin, starch, and cellulose, as well as the leaf
structure. However, additional comparable studies must be performed to confirm this assumption.
Additionally, intertidal effects and the soil type influence the spectral signal of plant
communities [10,76]. Mangroves with lower-stand density are significantly affected by intertidal
effects; the sparser the vegetation canopies, the greater the influence of the ground surface. For
example, in medium-resolution imagery, the reflection of mudflats in the background may result in a
spectral signal that can easily be confused with urban residential areas [79].
2.2. Expression of Mangrove Backscatter in Radar Data
Imagery derived from radar systems, especially SAR, is much more difficult to interpret than is
optical imagery [80]. Here, the signal’s intensity is measured as a so-called ―backscatter coefficient‖
(σ°) in decibels (dB). Because microwaves can be transmitted under various configurations, varying in
wavelength, polarization of transmitted and received signals, and incidence angle, the same surface can
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yield different backscatter coefficients. The interactions between the radiation and the plant’s internal
properties (e.g., moisture content influencing the dielectric constant of a material, cell structure, etc.)
and external components (e.g., size, geometry, and orientation of leaves, trunks, branches, and aerial or
stilt roots) result in a specific backscatter signal (see Figure 4).
Figure 4. Dominating backscatter mechanisms at different stages of mangrove growth
depending on bandwidth of the radar beam.

Mougin et al. [81] and Proisy et al. [82,83] investigated the relationships between airborne SAR
data, for various polarization and multifrequency modes, and the structural components of mangroves
for a study area in French Guiana. The following table (see Table 1) describes these interactions and
the general relationships found by Wang and Imhoff [84], Aschbacher et al. [9], Kasischke et al. [80],
Mougin et al. [81], Proisy et al. [82,83,85], Lucas et al. [86,87], and Kovacs et al. [88].
3. Review of Remote Sensing-Based Studies and Methods on Mangrove Ecosystems
For more than two decades, remotely sensed information has been used to obtain facts and data on
the condition and extent of threatened mangrove ecosystems. Table 2 provides an overview of the most
commonly used sensors and methodologies applied over the last 20 years.
Table 2 depicts the large variety in remote-sensing studies carried out during the past decades.
However, because mangroves are difficult to differentiate, a basic prerequisite for any image-analyses
approach is the realization of an intensive field campaign. A proper understanding of the local situation
requires random-sampling ground-survey activities to verify and calibrate image-analyses results.
However, such intensive field work is often hindered by the inaccessibility of areas within the
mangrove ecosystem.
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Table 1. Characteristics of the backscatter signal depending on mangrove structural components, biomass, and forest stand.
Polarization
General information

VV

HH

- Penetration into the upper part of the canopy,

- Significant relationship with LAI

few meters within the crown

C-band

- Interaction with leaves and small branches

- High sensitivity to increasing

- High sensitivity to increasing

- Increase in backscatter is indicative of

biomass

biomass

changing forest structures

- Highest correlation with canopy

- Related to variations in the canopy

- Sensitive to crown characteristics (number,

parameters

structure

density, size, and leaf orientation) and canopy

- Highest correlation for tree

- Highest correlations for tree height

structure (architecture and heterogeneity)

height and diameter

and diameter

- Above-ground biomass saturation in SAR

changing forest structures
- Double-bounce scattering between trunks
and ground
- Sensitive for biomass
- Above-ground biomass saturation in SAR
response at 100 t DM ha-1

Frequency

height (larger coefficient at smaller
incidence angle)
- High coefficients for determination
of mean DBH, tree height, and basal

- Domination of volume scattering

- Volume scattering predominates by

- Increase in backscatter is indicative of

backscatter coefficient and mean stem

direct backscatter from soil

scattering from trunks and ground surface

L-band

- High correlation between

- Soil–vegetation interaction and

- Deeper canopy penetration, involving

sizes

(greater at larger incidence angle)

area

response at 50 t DM ha-1

interaction with multiple branches of various

HV

with increasing biomass
- Soil–vegetation interaction and

- Mapping of flooding in forests, high

direct backscattering from soil

specular backscatter signal of flooded

surface

surfaces

- Domination of volume scattering

- Double-bounce trunk-ground term is

with increasing biomass

enhanced by the presence of water; the
smaller the incidence angle, the more
dominant this term
- Canopy volume scattering dominates
for stands under non-flooded ground

- High correlation with forest
parameters (zonation, basal area,
height, biomass level, growth stages)
- Best correlation for biomass
- Backscatter coefficient of biomass is
greater at smaller incidence angles
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P-band

- Penetration reaches underlying soil and

- High interaction with soil

water surface

surface; intensity is dependent on

- Double-bounce effects

soil moisture and roughness, as

- High sensitivity to forest parameters

well as length and sizes of trunks

- Above-ground biomass saturation in SAR

- No correlation with total

response at 150 t DM ha-1

biomass

- High correlation with total biomass,
- High correlation with total biomass

showing the largest sensitivity
- Best correlation for biomass

Table 2. Overview of sensors and methods used for the assessment of mangrove ecosystems during the past 20 years (see ―References‖ for exact source).
Visual
Sensor

interpretation/on
-screen digitizing

Vegetation
Indices

LAI

In situ

In situ

[4,75,89,127,

measurements

measurements

136,174]

Laboratory
measurements
Aerial

Pixel-based classification

Neural

Decision tree

Object-

(unsupervised,

network

classifier (rule

based

supervised)

classification based)

methods

Spectral
unmixing

Field
spectrometer/spec [15,22,141,175]

[75,76]

[76,139]

[139]

troradiometer
CIR videography

[92,94]

[92]

photography/vid
eography and

CIR photography, [11,23,74,96–

digital imagery

aerial photographs 100,103]
QuickBird

[132,138]

IKONOS

[41,130,138]

[13,86,90,91,93,95]

[2,24,125,132,133]

[24]

High-resolution
imagery
[136]

[136,137]

[24,41,77,134,139]

[77]

[24,77,
134,135]

[139]

SAM
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Sensor

Visual

Vegetation

interpretation/on-

Indices (e.g.,

screen digitizing

NDVI)

LAI

ASTER
SPOT 1-4
Mediumresolution
imagery

IRS 1C/1D LISS
III/IV

Pixel-based classification
(unsupervised, supervised)

Neural

Decision tree

Object-

network

classifier (rule

based

classification based)

methods

Spectral
unmixing

SAM

[6,110,122]
[9,19,32,40,89,
105,116,120,129]

[75,89,124,126]

[75]

[20,113,115,120]

Landsat-7 ETM+ [14]
Landsat-5 TM

[20,89,97,113,117]

Landsat MSS

[120]

[1,9,16,19,21,72,79,89,103,105,

[89,109]

118,122,123,125,129,150,177]
[108]

[31]

[18,31,73,102,128]

[3,5,75,89,112,

[3,9,13,89,106,110,111,112,119,

124,176]

121,123,125,177,178]

[3,5]

[3,110]

[5]
[5]

[89,107,
114,128]
[107,114]

Hyperspectral Data

Airborne

Spaceborn
e

AISA+

[175]

CASI

[89]

Hymap

[141]

AVIRIS

[143]

Dedalus

[142]

EO-1 Hyperion

[144]
[4,89]

[4]

[4,12,89]

[12]

[144]

[144]

[89]

[12]

[145
]

[145]

Remote Sens. 2011, 3

889
Table 2. Cont.

Sensor

Visual

Vegetation

interpretation/on-

Indices (e.g.,

screen digitizing

NDVI)

LAI

Pixel-based classification

Neural network

(unsupervised, supervised)

classification

Decision tree

Object-

classifier (rule

based

based)

methods

RADAR Data
Airborne

AIRSAR

[81,82,83,85,87]

[12]

ALOS PALSAR

Spaceborne

[12]

[12]
[147]

ERS-1/2

[9,146]

[9,151]

[155]

[155]

JERS-1

[9,87]

[9,129]

[155]

[155]

Envisat ASAR

[88]

[88]

Radarsat-1 SAR

[149]

[149]

SIR-C
SIR-B

[150]
[84]

[150]

Spectral

SA

unmixing M
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3.1. Overview of Mangrove-Mapping Studies Based on Aerial Photography
For several decades, aerial photography has been the dominant remote-sensing technology applied
to analyze surface events. Surprisingly, very few studies on mangroves have been published.
Green et al. [17,89] remarked that the lack of appropriate publications or presentations makes it
difficult to obtain an overview of realized studies. The dawn of spaceborne remote sensing during the
1970s and 1980s pushed aerial-imagery analyses into the background. However, since the beginning of
the new millennium, new aerial-photography approaches have been used for mangrove observations.
Seventeen studies undertaken in six countries (Australia [13,86,90,91,180]; Texas, US [92–95],
Sri Lanka [23,96,97], Panama [98], Kenya [74,99], and Venezuela [100]) have been reviewed; most of
them were conducted after 2000. In the 1990s, only Everitt and colleagues [92–94] conducted detailed
studies on the Texas Gulf Coast using color-infrared (CIR) aerial imagery and airborne video imagery.
They investigated the extent of damage on black mangroves (A. germinans L.) after a hard freeze in
1983 and 1989. Black mangroves in this temperate coastal region occur in major homogeneous
concentrations and show a high spectral distinction from other forms of vegetation. They pointed out
that video imagery is a very effective medium for mapping black mangroves [92], as are CIR aerial
image datasets [93,94]. A comparable analysis of digitized aerial black-and-white photography over a
period of two decades, published by Benfield et al. [98], assessed the extent of changes within the
mangrove belt in Punta Mala Bay, Panama before and after road construction and water-treatment
equipment were built in 1998.
Aerial photography seems to be very suitable for highly detailed mapping in very small and narrow
coastal environments. Dahdouh-Guebas et al. [15] identified changes based on aerial photographs from
1956, 1974, and 1994 for Galle, Sri Lanka through visual interpretation of mangrove assemblages,
which are dominated by different species. For this interpretation, they adopted an identification key
developed by Verheyden et al. [23]. This key was the result of intensive preliminary field work carried
out in Sri Lanka, with the main objective of developing a visual-interpretation method for the aerial
photography to provide detailed maps on mangrove genus level. Color, texture, structure, and other
image attributes were used for species identification [23]. The limitation of this jointly developed
interpretation key lies in the inability to apply it to other mangrove regions with different species,
compositions, and environmental conditions. Kairo et al. [101] worked out a discrimination key, solely
developed for their own purpose of mapping mangrove forests in the Kiunga Marine National Reserve
in Kenya, using aerial panchromatic photography. Their mangrove forest map accentuates productive
and non-productive mangroves, including information about tree density and tree height on the species
level. In addition, the mangrove forest maps deliver reliable contemporary information to support
mangrove forest management.
In addition to the aforementioned application of visual-interpretation techniques for mangrove
mapping and observation, further investigations using automated-classification methods were carried
out. Lucas et al. [102] assessed the temporal dynamic of mangroves along the West Alligator River in
Australia with an unsupervised ISODATA classification tool applied to digital ortho-mosaics, derived
from black-and-white photos taken in 1950, and color stereo photography taken in 1991. They used the
datasets to generate a mangrove canopy digital terrain model. It was difficult to obtain accurate
estimations of the 1950s black-and-white digital elevation model, DEM, heights because of
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interpolation problems. The derived DTM height values obtained from the color-stereo imagery
showed an overall correspondence with field-derived canopy height information with some over- and
underestimations; however, in the end, they allowed an impressive insight into the mangrove canopy
height structures [86].
Colour infrared aerial photos taken at a low altitude over Moreton Bay in Queensland, Australia
were analyzed by Dale et al. [90]. They investigated the impact of changes in an altered mangrove
habitat of 6 ha of tidal salt marsh exposed to human-induced modifications undertaken because of a
mosquito-breeding problem. Furthermore, aerial color photography was used by Manson et al. [13] to
estimate the extent of narrow fringe mangroves in two regions in northern Australia. They used image
stacks of low-pass filtered bands and principal component bands to which they applied an unsupervised
ISODATA-clustering algorithm. Verification based on field survey data indicated a high accuracy.
In the past, aerial images were, in most cases, the only information source on the extent and condition
of mangroves. Therefore, they are often used to track temporal changes, as presented recently in the
studies of Benfield et al. [98] and Calzadilla Pérez et al. [100]. An evaluation of mangrove dynamics
(e.g., mangrove clearing, natural loss, newly planted mangroves) over 25 years (1973–1997) was carried
out in a study by Manson et al. [180] in southeast Queensland, Australia. They assessed changes in
mangrove distribution and extension using spatial-temporal pattern metrics and change-detection
analyses. They concluded that pattern metrics were relatively insensitive to fine resolutions (<50 m)
and, therefore, were more applicable to remotely sensed data with medium resolution. In a later study,
Seto and Fragkias [5] successfully used pattern metrics to measure mangrove fragmentation on a
Landsat MSS and TM dataset (see section 3.2). Aerial photography was also used for change-detection
approaches in the Sinnamary Estuary in French Guiana by Fromard et al. [32]. The investigators
created aerial-image time series from 1951 to 1999 to identify coastal changes that took place over the
last five decades and to relate them to natural processes of turnover and replenishment of mangrove
forests. The coastline changes and the mangrove dynamics from 1951 to 1999 were analyzed through
the production of synthetic digital maps; they showed an alternation of net accretion (1951–1966) and
erosion periods (1966–1991), followed by the present accretion phase. For mapping changes of land
cover between 1968 and 2003 in the Ca Mau Province, Vietnam, Binh et al. [103] used 58 aerial
photographs from 1968 and 154 images from 1992 assembled into a photographic overview mosaic to
identify land cover changes over this long-term period. They identified a rapid increase in shrimp
farming from 1997 onward, and a forest area decline (mainly mangroves) of 75%, of which 60% was
due to demand for agricultural land, and 40% was due to the development of new shrimp farms. Today,
shrimp farming has become the major source of mangrove loss in the Cai Nuoc district of Ca Mau
province [103].
The particular properties of high spatial resolution provided by aerial photography allow the
mapping of even narrow coastal areas with fringing stands, which are typical for these ecosystems. For
this reason, aerial photography is an excellent source of local to regional information, if field data are
not available. In this case, aerial photography can be essential for the accurate assessment of
classification procedures performed on other, lower-resolution, data. However, the feasibility of
obtaining appropriate images depends on flight conditions, local weather, and the occurrence of clouds,
which are typical in tropical and subtropical latitudes.
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Nevertheless, aerial photography is an indispensable technique, in particular for the local mapping
of mangroves, local change detection, and habitat-management support.
3.2. Overview of Mangrove Mapping Studies Based on Medium-Resolution Data
Conventional spaceborne satellite sensors have played an important role in mapping mangroves
over large geographical regions. More than 40 research studies applying medium-resolution imagery in
more than 16 countries have been reviewed. The different sensors used, the number of different
methodologies applied, the location of the research sites (which exhibit varying environmental
conditions and plant biodiversities), and the purpose of each study make it extremely difficult to
compare the success of the applied methods and their results.
Data most commonly used stems from Landsat-5 TM and SPOT. Also, data from Landsat MSS,
Landsat-7 ETM+, the Indian Remote Sensing Satellite (IRS) 1C/1D LISS III, and the Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) were used by some investigators
(see Table 2).
Applications
Medium-resolution imagery provides multispectral surface information on regional scale and serves
a multitude of applications.
The availability of commercial spaceborne satellite data for approximately three decades is useful
for change-detection applications. Change detection is a powerful tool to visualize, measure, and, thus,
to better understand trends in mangrove ecosystems. It enables the evaluation of subtle changes over a
long period of time (trends) as well as the identification of sudden changes due to natural or dramatic
anthropogenic impacts (e.g., tsunami destruction or conversion to shrimp farms) [104]. Distribution,
condition, and increase/decrease are, in general, the measured features often used in change-detection
applications of mangrove forests [3,12,19,29,32, 103,105–115] Change detection is also performed for
most of the following application purposes.
The local variability of studies spans all continents. Aschbacher et al. [9] assessed the ecological
status of mangroves discriminated by age, density, and species in Phangnga Bay, Thailand. In a similar
environment, Thu and Populus [72] assessed the status and change of mangrove forests in Tra Vinh
province in the Mekong Delta, Vietnam between 1965 and 2001. Rasolofoharinoro et al. [19] produced
the first inventory map of a mangrove ecosystem in the Mahajamba Bay, Madagascar based on SPOT
imagery. Gang and Agatsiva [116] successfully used visual interpretation for SPOT XS imagery in
Mida Creek, Kenya to map the extent and status of mangroves, whereas Wang et al. [117] identified
changes in the distribution and the total area occupied by mangroves along the Tanzanian coast using
1990 Landsat TM and 2000 Landsat-7 ETM+ scenes. Conchedda et al. [109] mapped the land cover in
the mangrove ecosystem located in Low Casamance, Senegal by applying SPOT XS imagery from
1986 and 2006. Blasco et al. [1] and Blasco and Aizpuru [118] presented a mangrove-ecosystem
mapping on a regional scale using SPOT multispectral imagery. They analyzed ecosystems along three
major rivers in the tropical Bay of Bengal—the Ganges, the Irrawaddy, and the Mekong—and included
criteria, such as phenology, physiognomy, and density of the mangrove stands.
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Mangrove density is influenced by natural factors, as well as by humans, such as aquaculture
occurrence and density (see also Figure 5). Tong et al. [21] assessed the impact of shrimp aquaculture
on mangrove ecosystems in the Mekong Delta using SPOT scenes from 1995 and 2001. They
identified five ecologically distinct landscape classes but had difficulty applying the same method in a
second study area a few hundred kilometers away.
Figure 5. Example of a mangrove mapping result, based on a hybrid classification of SPOT
5 and TerraSAR-X data for Ca Mau Province in the Mekong Delta of Vietnam, 2010.
Based on these two datasets, different species and different stand characteristics
(mangroves only and mangroves mixed with aquaculture) can be differentiated.

With regard to the impact of natural disasters, Blasco et al. [40] evaluated and mapped the
magnitude of the flooding after two cyclones in the Sundarbans, Bangladesh with SPOT XS. They
compared and analyzed SPOT XS datasets using visual interpretation before and several weeks after
the floods. The result demonstrated the importance of wooden mangroves as a protective shield against
floods. Temporal resolution proved to be a critical point: it took a long time (mean, 5–10 weeks) after
the cyclone to acquire cloud-free optical images for flood-related damage assessment [40]. Also, after
the disastrous tsunami on 26 December 2004, remote-sensing–based investigations along the coastlines
of the Indian Ocean were initiated to measure the damage and evaluate the repercussions.
Sirikulchayanon et al. [119] examined the impact of the 2004 tsunami on mangrove vegetation in
Phangnga Bay, Thailand with regard to their function as wave barriers. A Landsat-7 ETM+ dataset
provided data before the impact, whereas Landsat TM supplied similar data after the tsunami (on 30
December 2004). They proposed an approach that ―provides a more reliable and accurate means than
conventional methods to evaluate spatial patterns of damaged areas through different land
characteristics along the coastline.‖ There was major damage (mean change of 26.87%) to land cover
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in their study area, in all four subregions, in those geographic locations with low mangrove coverage
that were in close proximity to the coastline, whereas less damage (mean change of only 2.77%) was
apparent in locations with high mangrove coverage [119]. According to these investigators, a
mangrove belt of 1,000–1,500 m, parallel to the coast, would be optimal to weaken the destructive
impacts of tsunami waves in the hinterland.
In contrast, the successful effect of restoration conditions and reforestation status on degraded areas
was monitored by Selvam et al. [20]. They used Landsat TM and Indian Remote Sensing Satellite IRS
1D LISS III datasets acquired in 1986 and 2002, surveying the Pichavaram mangrove wetland in India.
Their findings indicated that the mangrove forest cover increased about 90% over the 15-year time
span, which they mainly attributed to the combined science-based, but community-centered, approach
of reforestation, supported by the Tamil Nadu Government, as well as the mangrove-user communities
themselves.
Remote-sensing–derived products have found an increased relevance to support local
conservation-planning tasks. Seto and Fragkias [5] presented a methodology for systematic monitoring
in the context of the Ramsar Convention on Wetlands. They analyzed a time-series of Landsat MSS
and TM data from the Red River Delta, Vietnam between 1975 and 2002, calculating mangrove extent
and density, extent of aquaculture, and landscape fragmentation to assess the land cover condition as a
function of time. Based on the results of artificial neural network classification—characterization of the
amount of fragmented landscapes—pattern metrics, such as patch size, patch density, fragmentation,
and isolation pattern, have been calculated. Their findings indicated that the Ramsar Convention could
not diminish aquacultural development, but that the total extent of mangroves remained unchanged as a
result of the extensive reforestation efforts [5].
Methods
There is also great variation in image-processing methods and algorithms. The methods are applied
exclusively or in combination (see Table 2).
An important mangrove-mapping method consists of visual-interpretation analyses and on-screen
digitizing. Because of good results on the regional scale, particularly in combination with detailed
ground information as reference input, visual-interpretation methods are used extensively to map
complex ecosystems [20,40,116,117,120]. Also, simple unsupervised and supervised classification
methodologies are frequently used for mangrove mapping [3,12,16,21, 106,110,111,119,121].
Several studies have been carried out to investigate and compare the suitability of various
classification algorithms for the spectral separation of mangroves [79,89,122]. In general, according to
the literature, application of the supervised Maximum Likelihood Classifier (MLC) is the most
effective and robust method for classifying mangroves based on traditional satellite remote-sensing
data [9,19,21,79,89,122,123]. Classification results were improved by incorporating bands with
transformed spectral information. For example, Green et al. [89] dramatically improved the
classification accuracy differentiating between mangroves and other vegetation forms based on Landsat
TM bands and bands derived from principal components analysis (PCA). Additional applications of
PCA-generated bands were used by Binh et al. [103], Green et al. [124], and Kovacs et al. [111].
Béland et al. [106] and Green et al. [89] incorporated the use of Tasselled Cap-derived information.
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Rasolofoharinoro et al. [19] used the vegetation index (VI) and brightness index (BI) as additional
bands to the multispectral-layer stack for a supervised classification of a SPOT scene. The BI clearly
improved the discrimination of bare soils from mangrove vegetation [19].
Also, the NDVI is widely used in preclassification steps to separate vegetation from non-vegetation
and mangrove from non-mangrove vegetation [21,72,89,103,125]. Jensen et al. [126] found that NDVI
data derived from SPOT XS correlated to a high degree (r = 0.913) with the percentage of mangrove
canopy closure. Canopy-closure charts or density maps provide additional information on the dynamics
of mangrove vegetation and their health status [3,5,75,112,114]. The degree of canopy closure can be
used for estimations of canopy structure, which can be described in terms of LAI, defined as total leaf
surface area per unit ground surface [124,127]. Ramsey and Jensen [75] identified a strong relationship
(R2 = 0.84) between LAI data derived from in situ mean values of canopy closure and the estimated
NDVI for numerous satellite platforms, which was confirmed by the work of Green et al. [124]. LAI
measurements are valuable input for modeling ecological processes, such as photosynthesis,
transpiration, evapotranspiration, and net primary production, as well as gas, water, carbon, and energy
interchange within a forest region [124,127].
In addition to these pixel-based approaches, several applications use spatial neighborhood properties
for object-based classification. Ruiz-Luna and Berlanga-Robles [114] and Berlanga-Robles and
Ruiz-Luna [107] performed a multitemporal landscape change detection on the Mexican Pacific coast
with Landsat MSS and TM data from 1973 to 1997. The datasets were preprocessed by applying a
supervised-classification analysis using the Extraction and Classification of Homogeneous Objects
algorithm. However, the moderate classification accuracy achieved determined only the trend of changes,
although the mangrove class was the most accurately classified one [107]. Conchedda et al. [109]
mapped land cover in Low Casamance, Senegal using SPOT XS data and an
object-based–classification method. Furthermore, they performed a change-detection analysis based on
the object-oriented mappings as a second step. For their mapping, they applied a multiresolution
segmentation and class-specific rules incorporating spectral properties and relationships between image
objects [109]. The change-detection approach was performed by means of a region-growing algorithm
on a multidate composite for the years 1986 and 2006. The classification results of SPOT data supplied
in 2006 allowed a clear separation between the different land cover classes within the research area, as
well as within the mangroves classes. Also, Myint et al. [128] applied an object-oriented approach with
lacunarity-transformed bands of Landsat TM to map three mangrove species in Trang Province,
Thailand. Lacunarity is a measure of how a fractal fills space. It is used to further classify fractals and
textures which, although sharing the same fractal dimension, appear very visually different. The result
demonstrated the superiority of such a procedure in comparison with the commonly used pixel-based
Maximum-Likelihood classification approach.
The occurrence and distribution of species are strongly related to the prevailing ecological
conditions, which can be exploited for mapping mangroves at a greater level of discrimination.
Vaiphasa et al. [6] chose the pH value of soil as an ecological parameter that is strongly associated
with the occurrence of certain mangrove species at Talumpuk Cape in the Pak Phanang District of
Thailand. Thus, a soil pH map was fused with ASTER data using a Bayesian probability model in a
postclassification step. The spectral distinction of different mangrove species was improved upon
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compared with the images from the previous classification. Different types of additional vector data are
often used in combination with change-detection applications or the combination of environmental
attributes and spectral information [6,9,72,119].
Medium-resolution satellite imagery is suitable for mapping mangrove areas on a regional scale.
The spectral and spatial resolution of satellite data are sufficient for many purposes. On a regional
mapping level, mangrove–non-mangrove vegetation classes [21, 89,108,117], density
differences [9,19,20,72,79,111,113,120,122,129], condition status [20,40,120,123], and, in some cases,
mangrove community-dominating species [103,116], could be clearly discriminated.
The effects of spectral and spatial resolution were investigated by Gao [123] at Waitemata Harbour,
New Zealand. The objective was to differentiate between lush and stunted mangrove areas. Landsat
TM (30 m), SPOT XS (20 m), and SPOT XS, used with SPOT XP data having a 10-m resolution, were
processed using Maximum Likelihood Classification. The Landsat TM data proved to be more suitable
than were the SPOT XS data to distinguish among the mangrove classes. The higher spectral resolution
provided by Landsat TM allows an enhanced interpretation of other vegetation classes, often
incorrectly identified as mangroves (e.g., pasture, forest). Furthermore, Gao [123] stated that, even
after the introduction of the 10-m panchromatic band for SPOT XS, the classification accuracy for the
mangrove class was improved only slightly. The results of Green et al. [89] are comparable. They
compared Landsat TM and SPOT XS datasets for their suitability on Turks and Caicos Islands of the
British West Indies. They concluded that multispectral SPOT data were unsuitable for separating
mangroves from other vegetation forms in the Eastern Caribbean. This result was independent from
other methods applied in this study (e.g., visual interpretation, ISODATA classification, Maximum
Likelihood Classification). They assumed that the low spectral resolution of SPOT XS data was
responsible for the unsuccessful attempt to identify mangroves. At the same time, greater spatial
resolution increases the number of surface objects that have similar spectral signals and hampers the
ability to clearly distinguish mangroves [9,19,123]. Nevertheless, the spatial resolution of SPOT data
still enables mangrove-zonation mapping [9]. Therefore, any vegetation adjacent to mangroves could
play an important role in the proper subsequent discrimination. However, the application of Landsat
TM imagery is also critical, taking into account the coarse spatial resolution of 30 m. Mangrove
habitats fringe coastal zones in small strips that are often <50 m in cross-section. To ensure that
Landsat TM imagery is applicable, the size of an inland mangrove field should be a multiple of the
pixel size of 30 m [13,123].
3.3. Overview of Mangrove-Mapping Studies Based on High-Resolution Optical Data
The successful launch of IKONOS-2 in 1999 and QuickBird in 2001 made a new generation of
high-resolution spaceborne sensors available for earth observation. This opened up new opportunities
for the mapping of mangroves with improved discrimination and increased the differentiation between
mangroves stands and other species assemblages. Relatively little research has been published using
such high-resolution imagery to investigate mangrove ecosystems:




Spatial distribution and current state [130];
Species discrimination [2,77,131–134];
Biomass estimation [135];
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Assessment of vegetation indices, LAI [136,137];
Change detection [125,130]; and
Assessment of the protective role of mangroves in coastal protection [138].

These investigations were carried out on mangrove sites in India [138], Taiwan [125], Sri
Lanka [131], Malaysia [139], Kenya [132], Egypt [133], French Guiana [135], Panama [24,77,134],
Belize [130], Mexico [136,137], and Texas [2].
Several data-interpretation methods and processing techniques have been used, including
pixel-based, object-based, linear unmixing, and neural-network analyses. Further details are presented
below. Olwig et al. [138] assessed the important protective role of woody coastal vegetation against the
tsunami waves of 24 December 2004 based on visual interpretation of IKONOS and QuickBird
imagery captured in the region of Tamil Nadu, India. They concluded, from analyzing the spatial
distribution of damage relative to woody vegetation along the coast, as well as transects detailing the
amount of damage behind the coastline and the coastal woody vegetation, that the mangrove forests
and coastal shelterbelts definitely provided protection from the tsunami.
A two-step analysis of QuickBird imagery was applied by Lee and Yeh [125] for the Danshui River
estuary in Taipei, Taiwan. They calculated the NDVI to create a vegetation mask and then they carried
out Maximum Likelihood Classification to determine mangrove and non-mangrove areas. They
obtained high accuracy for the two resulting classes. Using QuickBird imagery, Everitt et al. [2]
compared ISODATA clustering and MLCs to discriminate black mangrove communities in the Texas
Gulf Coast region. The obtained results for both classification methods were sufficiently accurate, but
more acceptable results were gained through the supervised-classification approach.
The goal of using high-resolution satellite imagery is identification to the species level or of species
associated with different conditions with regard to their location. It is of utmost importance to assess
the variety of ecosystem functions, processes, and relationships concerning single species or
assemblages to better understand the history of mangrove growth and diversity and to predict future
developments [6,130,132,133]. The benefit of high-spatial resolution is the increasing variety and
fineness of textural structures. Comparing the two most commonly used sensors for the same ground
target area, IKONOS imagery captures a more detailed spectral reflectance [24]. Maximum Likelihood
Classification results from IKONOS demonstrated better spectral discrimination of mangrove species
than did analyses based on QuickBird data. In this case, the higher spatial resolution of QuickBird is
not an asset; the ability to provide spectral discrimination is the essential factor [24].
Rodriguez and Feller’s [130] work focused on identification of the current distribution and
land-cover changes caused by deforestation on the Twin Cays Archipelago, Belize. They used aerial
black-and-white imagery (1986) and IKONOS datasets taken in 2001 and 2003. The vegetation on
Twin Cays is dominated by red, black, and white mangroves [130]. To create boundary polygons and
to facilitate vegetation classifications, PCA, NDVI calculation, and intensity, hue, and saturation (IHS)
transformation were performed. By means of on-screen digitization using visual interpretation and
ground-truth information, they distinguished seven main land-cover classes (black and red mangroves,
mixed forest, and five other non-mangrove classes). On a more detailed level, they identified seven
subclasses of black mangrove and eight subclasses of red mangrove, based on a classification scheme
considering growth height and density of the forest structure, as well as tidal flow influences.
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To test the applicability of IKONOS imagery for mapping mangroves on the assemblage and species
level, Dahdouh-Guebas et al. [41] calculated various image composites (true- and false-color
composite at 4-m resolution, pan-sharpened 1-m false-color composite) and transformations
(Tasselled Cap transformation, PCA) and used unsupervised- (ISODATA algorithm) and
supervised-classification algorithms (parallelepiped classifier, minimum distance, Bayesian classifier).
The results were compared with on-screen digitized results gained by visual interpretation. Compared
with the other approaches [131], the pan-sharpened false-color composite incorporates the greatest
information quality, generating a high degree of spatial detail, texture, and structure. In combination
with visual interpretation and ground-truth information, this method allows for the best discrimination
of mangrove species assemblages and even distinguished between two mangrove species belonging to
the same genus (Rhizophora apiculata and R. mucronata) in Pambala, Sri Lanka.
As mentioned above, using visual interpretation yields good results for high-resolution imagery for
mangrove mapping on a detailed species level. Nevertheless, to really enable differentiation at the
species level, detailed field information about habitat conditions and floristic characteristics of the
existing mangroves is a basic prerequisite. However, misclassifications can still result because of the
human eye’s inability to use the full multispectral information content simultaneously (only three
bands at a time, displayed in R,G,B) and the general limitations of the human eye to distinguish
between tonality and hue on a very fine level [132]. Thus, an additional aim is to generate mangrove
maps on species level, applying automatic-classification approaches.
In current high-resolution data, the spectral value of a pixel is no longer sufficient for discrimination
purposes. The increasing spatial resolution drives up the variability of values progressively, resulting in
confusion and overlapping boundaries in the feature space [77]. This hinders the separation of spectral
classes of objects. Therefore, the application of image-segmentation algorithms, as well as of textural
and environmental features as discrimination parameters, is of increasing importance for mangrove
mapping.
Wang et al. [24] underscored this idea in their research, performing a pixel- and object-based
classification in a separated and a combined approach. Data from 1-m multispectral IKONOS was used
to support the objective of discriminating different cover types, including mangroves of different
species composition, at Punta Galeta, Panama. They investigated three classification methods:
maximum likelihood as a pixel-based classifier, object-based classification, and a hybrid classification
integrating both methods. The MLC and the object-based approach provided good results individually
(88.9% and 80.4%, respectively); however, the combined approaches increased the accuracy to 91.4%.
Also, confusion classes could be better discriminated using the hybrid methodology.
In addition to these combined approaches, the incorporation of texture bands stacked to the original
spectral bands provided very good results. Although texture features derived from first-order statistics
make only minor contributions to support the spectral distinction of mangrove species [24], texture
features of second-order statistics (contrast, correlation, entropy) clearly improve the classification
results. However, applying second-order textural information without considering spectral information
leads to insufficient accuracy for IKONOS and QuickBird imagery [24].
Kanniah et al. [139] experienced similar effects in their investigation of mangrove species
discrimination when interpreting 4-m multispectral IKONOS imagery from a research site in Malaysia.
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They compared maximum likelihood classification results using spectral bands individually and in
combination with texture information, as well as the minimum distance classifier to characterize the
mangrove extent. Determining the minimum distance achieved the poorest result, with 63.6% overall
accuracy, whereas MLC showed a greater accuracy (68.2%). The greatest overall accuracy (81.8%) was
achieved using all spectral bands jointly, with bands including synthetic information, such as contrast,
entropy, and correlation, from second-order statistics of panchromatic bands. Additionally, they applied
linear spectral unmixing on IKONOS 4-m imagery. The output images for each end member showed
the proportion of the surface element contained in each pixel. As end members, they used two species
of the same genus [131] ( Rhizophora apiculata, Rhizophora muscronata, a third species representing
the class ―other,‖ and a soil fraction). They inferred that the resulting proportion maps produced
reliable results, especially for R. apiculata. The suitability of applying spectral unmixing on
high-resolution four-bands data is addressed in the Discussion.
Also, neural-network approaches were tested to determine their efficiency on 4-m high-resolution
multispectral IKONOS imagery for mangrove discrimination on the species level (red, black, and white
mangroves). Wang et al. [77] compared three classification methods for a test site at Punta Galeta,
Panama: a back-propagation, feed-forward neural-network classifier with two hidden layers of 24 and
12 neurons (BP:24:12); a newly developed clustering-based neural network classifier (CBNN); and a
pixel-based MLC. CBNN and MLC applications achieved the best results for mangrove discrimination.
In a second run, second-order texture information, such as contrast, entropy, and angular second
moment from the gray-level co-occurrence matrix, was calculated based on the panchromatic band;
thereafter, it was resampled to 4-m resolution and stacked with the multispectral input bands. After
carrying out CBNN and MLC, the new classification results showed improved accuracy, especially for
mangrove species discrimination, compared with the use of spectral bands only.
The usefulness of LAI estimation from high-resolution imagery was also tested for mangrove
mapping. Kovacs et al. [136] investigated the suitability of 1-m multispectral IKONOS satellite data
for biomass estimation of mangrove species, even those displaying degraded health. LAI
in situ-measured data from 124 plots in the Agua Brava Lagoon System of Nayrit, Mexico were
acquired using a hand-held LAI-2000 Plant Canopy Analyzer. The mean NDVI and simple ratio (SR)
were calculated from IKONOS imagery for each plot. Applied regression analyses showed significant
positive relationships between in situ LAI values and NDVI and SR, which was confirmed by further
statistical tests. Next, Kovacs et al. [137] generated an estimated LAI map based on the NDVI. The
estimated LAI values were separated into four classes: red, healthy white, poor condition white, and
dead mangroves [137]. Their results were generally very satisfactory, but some difficulties remain.
Different LAI values within a single mangrove tree or among mangroves of the same species occurred
within these classes.
Proisy et al. [135] used a different methodology on IKONOS 1-m panchromatic and 4-m
near-infrared data to estimate the total above-ground biomass based on canopy grain analysis in French
Guiana. The Fourier-based Textural Ordination (FOTO) method combines two techniques: a Fourier
transformation and a PCA of the Fourier spectra. These textural FOTO indices, derived from the first
three main axes of principal components, capture the entire gradient of canopy grain, observed from
youngest to decaying mangroves stages [135]. The amount of biomass has been estimated by multiple
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linear-regression models applied to the three main axes, which enables the estimation of total
above-ground and trunk biomass. The advantage of this kind of imagery is that there is no signal
saturation, as happens, for example, with SAR data (see section 3.5).
Various approaches have been tested and assessed; however, the application of high-resolution
imagery for mapping mangroves species is still in its early stage and, therefore, suitable comparisons
are very difficult to perform. The spectral resolution inherent in high-resolution imagery is very
limited, and the bandwidth is too broad for complex goals, such as species discrimination. Confusion
typically originates from single species (e.g., Rhizophora and Avicennia), because it is difficult to
discriminate them spectrally [24]; however, it is possible to map on the species level. Even congeneric
species are recognizable [131,139], but this depends on the ecosystem conditions, the species diversity,
the composition of mangroves, and the analyst’s influence when visually interpreting the image.
3.4. Overview of Mangrove-Mapping Studies Based on Airborne Hyperspectral Data
Hyperspectral data provide new opportunities for mapping mangrove forests by providing a large
number of very narrow bands (<10 nm) in the 0.38–2.5-µm range. This greatly increases the level of
detail, because a characterization of the complete spectra of mangrove cover types is possible [4].
Measurements beyond the non-photosynthetic spectral range facilitate new possibilities to differentiate
mangroves based on additional components, such as leaf water content, leaf chemistry in relation to
ecosystem, and environmental changes [22,140]. The ability to detect physiological stress conditions
by spectral reflectance and, especially, to support mangrove monitoring and management [178], is of
great value.
Airborne HyMap imagery was used by Ong et al. [141] to measure the effects of iron ore dust on
mangroves in Port Hedland, Australia. Iron ore dust (from nearby rock weathering, deflation, and
mining activities) has a strong spectral effect on the green leaves. Thus, a distinct difference between
clean and dusty leaves is expected. Iron oxide can be spectrally characterized by a broad absorption at
860 nm, and it is distinctive in the visible (iron oxide absorption band at 518 nm) and short-wave
(1,700–2,500 nm) regions [141]. Therefore, simple band combinations within these spectral ranges
could be used to distinguish between clean and dusty leaves.
The thermal infrared spectrum of airborne DEDALUS imagery was used as an indicator of the
distribution of water beneath the canopy of mangroves [142]. The investigators did not adjust or
calibrate the image data because they did not want to retrieve actual temperatures per se, but largescale airborne scanning in the thermal band at 8.5–13 µm was obtained for a mangrove and salt marsh
in subtropical eastern Australia. For open sites, the raw image values were strongly positively
correlated with ground level temperatures, whereas for sites under mangrove canopy cover, image
values indicated temperatures 2–4 °C lower than those measured on the ground. The raw image was
useful in identifying water bodies under canopy and has the potential to identify channels of deeper
water. According to Dale et al. [142], these findings ―could facilitate modification to increase flushing
in the system, thereby reducing mosquito larval survival.‖
Hirano et al. [143] applied data acquired from the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS), providing 224 bands and 20-m spatial resolution, to map the vegetation in Everglades
National Park in Florida, USA. The mapping result was compared with a pre-existing detailed GIS
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wetland vegetation database compiled by manual interpretation of 1:40,000-scale CIR aerial
photographs. They found that accuracies for single-vegetation classes differed greatly, ranging from
40% for scrub red mangroves (R. mangle) to 100% for spike rush (Eleocharis cellulosa) prairies. They
attributed the low accuracies for mangroves to the relatively low spatial resolution, the complexity of
image-processing procedures for their untrained personnel, and a lack of stereo views (e.g., useful for
canopy differentiation).
Green et al. [89] performed a comparison of methods and sensors to assess their suitability for
mapping mangroves (compare section 3.2). CASI data, with a configuration setting of eight spectral
bands and a spatial resolution of 1 m, were used to study several image-processing methodologies to
distinguish between nine mangrove habitats. A supervised classification of bands derived from PCA
and band ratios provided highly accurate results for mangrove–non-mangrove discrimination (96%
overall accuracy) and discrimination of nine habitats (85% overall accuracy). A simple supervised
classification in the Turks and Caicos Islands enabled the distinction among stands of mangrove
species [4]. NDVI values from CASI bands 7 and 6 showed the best relationship and prediction for
canopy closure and LAI estimation, as well as a greater accuracy than the one derived from SPOT XS
data [4,124]. CASI data could be used to distinguish between species of homogeneous mangrove
stands; however, it was impossible to identify species within mixed mangrove assemblages, even when
applying 1-m spatial resolution [4].
Four classification algorithms, including minimum distance, Mahalanobis distance, maximum
likelihood, and Spectral Angle Mapper (SAM), were tested to evaluate 2.1-m Airborne Imaging
Spectrometer for Applications (AISA+) hyperspectral data for black mangrove mapping within two
research sites in Texas [144]. All of these methods were applied to noise-reduced hyperspectral
imagery with 214 bands and to an inverse minimum noise fraction (MNF)-transformed dataset
including only 20 bands. Mahalanobis distance and MLC were significantly better than minimum
distance and SAM with respect to the overall classification accuracy [144]. Results obtained for SAM
classification on the hyperspectral imagery showed the poorest accuracy. SAM and minimum distance
methods were not suitable to spectrally separate mangrove species. The MLC was most successfully
applied to the noise-reduced hyperspectral imagery and inverse MNF-transformed data.
Another application of SAM classification on hyperspectral data was used by Demuro and
Chisholm [145] in the Minnamurra River estuary in New South Wales, Australia. They worked with
spaceborne Hyperion imagery of 30-m spatial resolution and 105 selected noise-free bands. The resulting
map includes nine non-vegetation classes, two aggregated mangrove species classes, and five other
vegetation classes. With an accuracy of 76.74%, their result was lower than that of Yang et al. [144]
(>84.0% for image types and sites). A second method was applied by Demuro and Chisholm [145];
they used the Mixture Tuned Matched Filtering (MTMF) technique, a hybrid method containing signal
filtering and a linear spectral unmixing approach. The advantage of this technology is that there is no
need to determine all spectral end members, only those of immediate interest. Initially, MNF was
performed, primarily to minimize data correlation and to reduce noise. Additionally, the known
end-member response of the mangrove species (Avicennia marina and Aegiceras corniculatum) was
maximized, and the background was masked to unknown response [145]. The MTMF results obtained

Remote Sens. 2011, 3

902

using both mangrove species end members showed nearly the same distribution as observed in
the field.
The large number of narrow bands in hyperspectral imagery leads to time-intensive
image-processing steps, as well as to highly correlated information. Consequently, searching for the
most useful bands for mangrove discrimination is necessary. Those spectral bands that are able to
deliver the greatest spectral distinction among mangroves species are the most appropriate for
consecutive mapping activities.
To find these bands, Wang and Sousa [15] developed an optimal band-selection method to optimize
the spectral separability of mangroves species at the leaf level. Their investigation was based on
laboratory measurements of leaves derived from three mangroves species, red, black, and white
mangroves, of Punta Galeta, Panama. They examined the discrimination ability on a reflectance
continuum ranging from 250 to 2,500 nm and extracted six narrow bands at 780, 790, 800, 1,480,
1,530, and 1,550 nm, which provide good differentiation [15]. A ratio of the 695/420 nm bands
provided the ability to distinguish between stressed and healthy mangrove vegetation. A similar study
was conducted earlier by Vaiphasa et al. [22], using 16 mangrove species collected in Ao Sawi, in the
province of Chumporn, Thailand. They found four spectral bands (720, 1,277, 1,415, and 1,644 nm)
distinguishing these 16 mangroves species most clearly, with the exception of members of the
Rhizophoraceae family. The spectral responses for these members have been spectrally too similar
among themselves and in conjunction with other species. Therefore, it is likely that this will cause
difficulties using hyperspectral imagery to separate mangrove classes.
In a later study, Vaiphasa et al. [78] tried a new separation method applied under laboratory
conditions using the same spectral database. They used a genetic search algorithm as a selector to
identify hyperspectral bands with the greatest spectral separability. Each selected spectral band was
directly related to the principal physiochemical properties of plants (e.g., different leaf pigments,
internal leaf structure, and water content).
In general, hyperspectral imagery is very promising for mapping mangroves on the species level.
However, the investigations concentrate on little more than half a dozen researchers and countries.
Hyperspectral mangrove-mapping research therefore is still in its initial stages, and the final goal is to
develop a standardized methodology for mangrove-mapping applications. High hopes lie in the global
and consistent availability of data of the future sensor EnMAP, a 30-m hyperspectral sensor with
>200 spectral bands, whose launch is foreseen for 2014.
3.5. Overview of Mangrove-Mapping Studies and Methods Based on Radar Data
There are several reasons why spaceborne and airborne radar-imagery applications are
advantageous. Because of persistent cloud cover in the tropical and subtropical regions, radar imagery
is an appropriate option compared with optical remotely sensed data. Radar data deliver information
that is useful for characterizing the cover extent of mangrove surfaces [146], structural
parameters [9,81–83,85,87,102,147,148], flooding boundaries [84], health status [88,149],
deforestation status [150], and the amount of total biomass [81–83,85]. Studies were performed at
different locations in various countries based on different radar data (Mexico: RADARSAT-1
SAR, [149]; Mexico: ENVISAT ASAR [88]; Thailand: JERS-1 [129]; Thailand: ERS-1 SAR, JERS-1
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SAR [9]; Bangladesh, SIR-B [84]; India and Bangladesh: ERS-1 SAR [151]; India: ERS-1 SAR [146];
India: ERS-1 [152]; Australia and South Americaaa; ALOS PALSAR [147]; Australia: AIRSAR [12];
Brazil, RADARSAT-1 [153,154]; Gabon: JERS-1, ERS-1 SAR [155]; and Madagascar: SIR-C [150]).
Several investigations were carried out to examine and describe the effects and relationships among
mangrove canopy, stand structures, and the backscattering response of a SAR system, exemplified by
the NASA/JPL airborne SAR (AIRSAR) system at different frequencies (C-, L-, P-band) and
polarization modes (HH, VV, HV).
To improve understanding of the dominant mechanisms between incidence beams and mangrove
canopy structures, experimental and theoretical basic research work, focusing on mangroves in French
Guiana (compare Table 1 with section 2.2) and including laboratory measurements and simulation
models, was executed by Mougin et al. [81] and Proisy et al. [82,83]. The selected research site offered
an optimal cross-section of the life of healthy mangroves, comprising three main species at three
different growth stages: homogeneous dense pioneer stage of gray mangroves, mature stands
dominated by white mangroves, and heterogeneous open declining stands of white and red mangroves.
Based on these findings, a comparative study using AIRSAR was carried out to investigate the
applicability of these insights to a differently structured mangrove ecosystem on the West Alligator
River, Australia, which consists of young and mature mangroves and shows a greater biodiversity than
does the ecosystem at the research site in French Guiana [85,102].
Lucas et al. [86] found the greatest correlation for forest structure parameters by applying C-VV and
C-HH data for the Australian site, whereas for the French Guiana site, the greatest correlations were
found with cross-polarization using C-VV data.
Relationships between stand structures and backscatter responses were described by
Proisy et al. [82,83] and Lucas et al. [86], including heterogeneous mature, open, declining, or
regrowth stands. These stands showed an increased backscatter signal because of the degree of
structural variability. Most dominant were volume scatter in C-band and double-bounce interactions at
L-band. Stands with a homogeneous mature, closed canopy or dense pioneer stands deliver a lower
response as a result of the smooth canopy surface. Changes in forest structure or successive zones, such
as the transition from a homogeneous pioneer stage to a more heterogeneous mature stage with greater
biomass, were accompanied by an increase in volume scattering in L- and C-band due to structural
changes in leaf and branch dimensions [82,85]. Homogeneous stands of nearly the same height and
density of different mangroves species could not be distinguished at the species level [129].
Results obtained with ALOS PALSAR (launched in January 2006) data for mangrove mapping was
repeated using additional JERS-1 SAR and AIRSAR L-band applications on the West Alligator
River [87]. The results were comparable to the earlier ones of Lucas et al. [86] and Proisy et al. [85]
and indicated that mapping is most effective where mangroves border non-forested areas and where
differences in structure, as a function of species, growth stage, and biomass distributions, occur between
zones. They found that by using L-band SAR, biomass can be retrieved up to 100–140 Mg/ha, although
retrieval is complicated by a noticeable decrease in L-band backscattering coefficient within higher
(>200 Mg/ha) biomass stands, particularly those with extensive prop root systems [87].
With regard to biomass, there is a positive relationship between the backscatter coefficient (σ°) and
the total above-ground biomass up to a biomass threshold, which causes σ° to saturate [81,82,85,155].
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Low-frequency measurements are best suited for forest biomass estimations, with the largest sensitivity
observed at cross-polarization mode for P- and L-bands [81,85]. Saturation values occurred at 70 t of
dry matter per hectare (t DM ha−1) for C-band, 140 t DM ha−1 for L-band, and 160 t DM ha−1 for
P-band [83]. Above 250 t DM ha−1, the correlation with total biomass decreases [85].
Stand and canopy structures, together with the underlying surface of water or soil and roots, are
determinants of the character of the backscatter response.
The surface is very rough during the dry season or low tide with non-flooded ground, when the
underlying soil contains only a minimum amount of water and the complex root system is exposed.
Therefore, volume scatter dominates in L-band (HH) [84]. During the wet season or at phases of
inundation, the invading water creates a smooth surface, and specular scatter dominates the data [84].
When the incident radar waves penetrate the canopy and interact with the underlying water surface and
forest components, the magnitude of the returned signal may be amplified by a factor of 3–10 dB [156].
This double-bounce interaction term is more pronounced at smaller incidence angles and is slightly
greater than the volume backscatter of the canopy [84]. Volume scattering dominates at larger
incidence angles.
Kovacs et al. [149] examined the applicability of spaceborne SAR data using RADARSAT-1 fine
beam mode with C-band (HH polarization) and two incidence angles and ENVISAT ASAR C-band
with different polarization modes and varying incidence angles [88]. They monitored the health status,
LAI, and other structural parameters (mean stem height, stem density, mean DBH, basal area) on a
research site dominated by white mangroves in the Agua Brava Lagoon on the Mexican Pacific. A high
degree of correlation between the backscatter coefficients and the estimated LAI and mean stem height
was recorded for both datasets. ENVISAT ASAR achieved a similar correlation only using
cross-polarized beam mode ascending at a larger incidence angle [88]. In contrast to the strong
relationship between backscatter coefficients and structure components identified by
Mougin et al. [81], Kovacs et al. [88,149] could not confirm such relationships using RADARSAT-1
or ENVISAT ASAR datasets. They suggested that the reason for this insufficient result may be the
greater spatial resolution of the airborne SAR data, a greater range of parameters, or the degraded white
mangroves themselves.
Simard et al. [155] assessed the suitability of complementary information from JERS-1 (L-band
HH) and ERS-1 (C-band, VV) data. They applied a decision tree classifier and implemented texture
maps to generate a land-cover map for West Gabon, including two mangrove classes. With this
combined approach, they achieved an 18% improvement in mapping accuracy with respect to the
single band-derived maps.
Various kinds of investigations were conducted, integrating radar data and optical remotely sensed
imagery. Synergistic information on structure and composition derived from radar backscatter signals
and the reflectance information from the optical imagery are most promising for vegetation-mapping
applications [9,129]. Aschbacher et al. [9] used ERS-1 SAR data complementary to the classification
previously done for SPOT data. The increase in the discrimination ability of the combined dataset
facilitated a discrimination of different age stages in a homogeneous Rhizophora community. Also,
Giri and Delsol [129] improved the number of separated classes for mangrove versus non-mangrove
discrimination using SPOT XS and JERS-1 imagery. The complementary use of both datasets led to a

Remote Sens. 2011, 3

905

successful separation between pure Rhizophora and Rhizophora-dominated communities, which could
not be discriminated by SPOT data alone.
Further investigations using medium-resolution optical imagery in conjunction with radar (SAR)
data were presented by Pasqualini et al. [150], using Space Shuttle Imaging Radar SIR-C SAR data and
SPOT XS and ERS-1 radar data for mapping mangroves in Madagascar; Dwivedi et al. [151] applied
ERS-1 SAR and IRS 1B LISS II data on the Sundarbans; Shanmugam et al. [152] performed a sensor
fusion between IRS-1D LISS III and ERS-2 SAR imagery in Tamil Nadu, India; and Souza Filho and
Paradella [153,154] worked with RADARSAT-1 fine mode C-band HH and Landsat-5 TM data in the
Brazilian Amazon region. Lucas et al. [147] used the Advanced Land Observing Satellite (ALOS)
Phased Array L-band SAR (PALSAR), with L-band and HH polarization, and in conjunction with
other remotely sensed data, such as Landsat and Shuttle Radar Topography Mission height data. They
investigated the operational capability of this data to support coastal ecosystem mapping and the
monitoring of changes to promote the Japan Aerospace Exploration Agency’s (JAXA’s) Kyoto and
Carbon Initiative (http://www.eorc.jaxa.jp/ALOS/en/kyoto/kyoto_index.htm), underscoring the
beneficial characteristics of JAXA’s data. Figure 6 below for example shows the opportunity to
discriminate between different mangrove densities based on Envisat ASAR and Terra-SAR-X data.
Figure 6. Mangrove density and class mixture information based on Envisat ASAR and
TerraSAR-X data for the western tip of Ca Mau Province, Vietnam, December 2009.

It is likely that the level of classification detail and mapping accuracies will increase further with an
increasing number of studies facilitating SAR data and hyperspectral imagery. Held et al. [12]
integrated NASA/JPL airborne polarimetric AIRSAR and hyperspectral imagery derived from CASI to
map the very high biodiversity of the mangrove ecosystem at the Daintree River estuary in North
Queensland, Australia. The data used contained 14 hyperspectral bands, with 2.5-m spatial resolution
and three wavelengths (L- and P-bands) at full polarimetric mode, and C-band interferometric mode for
the AIRSAR dataset. MLC and hierarchical neural network (HNN)-derived results showed that the
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integrated approach achieved greater classification accuracies for species communities based on
dominant species than did those achieved by each individual sensor. HNN showed a slight
improvement in overall classification accuracy of about 3% compared with the MLC result (76.5%).
The application of such data allows subtle, long-term monitoring of changes [12].
Mangrove mapping is most effective where forests border non-forested areas, such as water,
wetland, mudflats, and vegetation-free areas on the inland site. These structural changes are included in
different backscatter responses and, therefore, they are easier to discriminate [87]. It makes a difference
whether changes in the backscatter coefficient occur as a result of changing conditions within a species
community or between different species communities [87]. Therefore, a priori knowledge, based on
local surveys, additional optical data, or maps of zonation pattern and species communities, is essential
for discrimination.
4. Discussion
Numerous studies on remote-sensing–based mapping of mangroves have been published over the
last two decades. In this paper, they were divided into five sensor categories: airborne photography,
optical medium-resolution, optical high-resolution, hyperspectral, and radar studies. The selection of
the appropriate sensor depends mainly on the purpose of the investigation, the attainable final map
scale, the discrimination level required, the time frame to be covered, special characteristics of the
geographic region, and the funds and training level of personnel available for the envisioned study.
Tables 3–7 compare the benefits and limitations of the five groups of remote-sensing data types for
mangrove mapping: aerial photography, medium-resolution spaceborne multispectral imagery,
high-resolution spaceborne multispectral imagery, hyperspectral imagery, and radar imagery.
Table 3. Benefits and limitations of aerial photography for mangrove mapping.
Aerial photography Benefits
1. Spectral resolution
2. Spatial resolution
3. Temporal
resolution

Red–near-infrared spectral information with
red-edge slope
Very high (centimeter to meter range)
Always available on demand

Limitations
None at all or very low (R,G,B; near-infrared)
Only small area is covered
Complex acquisition of equipment and flight
campaign planning is needed
Increasing costs with increasing spatial

4. Costs

Low costs for small areas

coverage; high costs if professional flight
campaign planning and multispectral camera

5. Long-term
monitoring
6. Purposes
7. Discrimination
level
8. Methods

Data available for >50 years
Local maps of mangrove ecosystems,
parametrization, change detection
Species communities, density parameters
Visual interpretation with on-screen digitizing and
object-oriented approaches

Only local-scale studies
Sometimes too much detail (hampering unbiased
image processing)
Automatization usually not possible;
considerable analyst bias and, thus, hampered
transferability or comparability
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Valuable additional information source to support
field survey, image interpretation, or accuracy
9. Other

assessments. If overlapping pictures are acquired
(stereo pairs), it is possible to derive canopyelevation model

Although aerial imagery and high-resolution multispectral, hyperspectral, and radar data partially
provide information with high spatial detail, which is suitable for detecting subtle changes in species
composition and distribution, extent of subcanopy flooding, health condition, growth pattern, and
more, which is of the utmost importance for local or regional agencies responsible for the protection
and management of mangroves [157], some national agencies are more interested in updated overview
information on a regional or even a country-wide scale, for their spatial planning and
conservation-planning tasks, and the reporting of status and trends [157]. The advantages of using
medium-resolution imagery, for example, are that it delivers appropriate coverage and information
depth (see Table 4) in a cost-effective manner [9,12,75,97,123].
Table 4. Benefits and limitations of medium-resolution imagery for mangrove mapping.
Mediumresolution imagery
1. Spectral
resolution

Benefits

Limitations

Several multispectral bands, always including

Skilled trained personnel are required to best exploit

R,G,B; near-infrared; and oftentimes even

the information content of the multiple bands

mid-infrared; and thermal bands

(considering transformations, etc.)

2. Spatial resolution Ideal for mapping on a large regional scale

3. Temporal
resolution

Frequent mapping (e.g., rainy season and dry
season within 1 year; or repeated annual
mapping) is possible

Too coarse for local observations requiring in-depth
species differentiation and parameterization
Repetition rate may be too low to record impact of
extreme events (e.g., cyclones, floods, tsunamis);
furthermore, very weather dependent (clouds) =
critical in subtropical and tropical regions

Depending on sensor, freely available (e.g.,
4. Costs

Landsat), very cost efficient (ASTER), or

Software for image processing needed (common

expensive (e.g., SPOT); but all are cost

software, such as Erdas, ENVI, and ArcGIS, have

efficient compared with field surveys and

high license fees), but usually not a real limitation

airborne campaigns
5. Long-term
monitoring

Data availability over three decades

Depending on the future duration of the systems and
subsequent comparable sensors

Inventory and status maps; change detection,
6. Purposes

such as assessment of impact damages;

For some species-oriented botany-focused studies,

assessment of reforestation and conservation

resolution may already be too coarse

success
7. Discrimination
level

Mangrove–non-mangrove, density variations,
condition status, mangrove zonation, in rare
cases also species discrimination

High regional differences; classification Result
depends highly on the ecosystem conditions, such as
biodiversity, heterogeneity of forests, adjacent
targets; species identification is rarely possible

Remote Sens. 2011, 3

908
Table 4. Cont.

Visual interpretation with on-screen digitizing,
pixel-based, object based, and hybrid
8. Methods

classification approaches; image
transformation and analyses (PCA, TCT, IHS

To exploit the full potential of the data skilled
analysts needed

indices, etc.)
Data easy to access or order; best explored
9. Other

data type and, thus, most literature available;
long-term monitoring granted

Table 5. Benefits and limitations of high-resolution imagery for mangrove mapping.
High-resolution
imagery
1. Spectral
resolution

Benefits
Red–near-infrared spectral information with
red-edge slope; usually panchromatic band
High resolution (0.5–4 m range) for mapping

resolution

on a local scale

resolution
4. Costs

Relatively few spectral bands

allowing image fusion (pan-sharpening)

2. Spatial
3. Temporal

Limitations

Regular mapping is possible on demand
Moderate costs for single acquisitions (usually
2,000–10,000 Euro, depending on area)
Theoretically possible, but usually not used

5. Long-term

because of expense. Sensors, such as

monitoring

IKONOS, QuickBird, etc., available since late
1990s/2000.

Only a small area is covered
Weather dependent (clouds); cost intensive if repeated
monitoring is requested
Very high costs if repeated monitoring is requested.
Also, high costs of object-oriented image-processing
software (e.g., Ecognition)
Depending on the future duration of the systems and
subsequent comparable sensors. Only back to the late
1990s.

Discrimination of mangrove species, spatial
6. Purposes

distribution and variability, health status,

Single-tree species discrimination usually not possible

parameterization
7. Discrimination Down to species communities; detailed
level

parameterization
Visual interpretation with on-screen digitizing,

8. Methods

pixel-based, object-based, and
hybrid-classification approaches
Valuable information source to support field

9. Other

Regional differences; classification result depends
highly on the ecosystem conditions, such as
biodiversity, heterogeneity of forests, adjacent targets
Skilled analysts needed to exploit the full potential of
the data
In some (developing/emerging) countries, data of the

survey and accuracy assessment. Easy to close relevant sensors very difficult to purchase; few studies
the scale gap to in situ investigations

published based on the data type

In contrast to medium-resolution data, high-resolution imagery is very cost intensive. This requires a
careful consideration of the reasons to apply such datasets. A further point concerns the data
availability, because these data are collected according to customer-defined areas of interest. This may
lead to difficulties, because the data provider might have different over-flight priorities than does the
customer. Mumby et al. [14] pointed out that, for example, that IKONOS-based studies need to fulfill

Remote Sens. 2011, 3

909

the following prerequirements to be cost-effective: extensive and detailed field data are available, the
area of interest must be <500 km2 (only 22 × 22 km), and the monitoring of the habitat dynamics is
requested at a scale <10 m.
Table 6. Benefits and limitations of hyperspectral imagery for mangrove mapping.
Hyperspectral
imagery

Benefits

1. Spectral

Very high, covering a broad range with narrow

resolution

bandwidths

2. Spatial
resolution
3. Temporal
resolution

Usually very high (centimeter to meter range)
Spaceborne: because of few sensors without
long-term acquisition, maximum monthly;
airborne: on demand if costs do not play a role

Limitations
High data volume, bands with redundant information
Very small area covered
Weather dependent (clouds); complex acquisition of
equipment is needed; very cost intensive
Very high costs for airborne campaigns and sensor

4. Costs

None

operation; very high costs for personnel working in
airborne or spaceborne data

5. Long-term
monitoring

Unsuitable because of small areas covered and very
Theoretically possible; practically not feasible

high costs; will only be possible with a reliable
spaceborne, operational sensor

Maps of mangroves on species level; highly
6. Purposes

detailed parameterization; detailed analyses of

No major limitations

status (vigor, health, etc.)
7.
Discrimination

Species communities

No major limitations

level
Typical hyperspectral data-analysis methods
8. Methods

(spectral unmixing, SAM, MTMF, etc.);
partially also paired with object-oriented
analyses

9. Other

Specialized knowledge is needed for data analysis;
experience in sound hyperspectral data processing often
not available; hyperspectral analyses often lead to only
seemingly quantitative results (e.g., end memberfraction images)

Detailed mapping of non-mangrove constituents

Relatively few studies have been conducted; still in a

also probably beneficial (e.g., different water

testing phase; very few spaceborne sensors available

classes, depending on sediment load, algae, etc.; (Hyperion with questionable SNR, Sebas, etc.). See
or soil types)

Table 3 for airborne sensor limitations

Hyperspectral imagery has similar limitations with regard to data availability. In general, it is
airborne generated and, therefore, requires the coordination of a flight campaign, appropriate sensor
equipment, and trained personnel. Costs are high. This challenge can be overcome in the future when
spaceborne hyperspectral data of the planned sensor EnMap become available in 2014.
The wide variety of application options, available sensors, and processing methods used/performed
globally on ecologically varying ecosystems is enormous. The large number of parameters involved
leads to enormous difficulties in comparing data, methods, and results. Some well-accepted standards
or definitions might be helpful to simplify the applied approaches for mangrove mapping and to allow
better comparisons. Such standards are likely to facilitate a better understanding of the ecosystem
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processes and the assessment of technical investigations in a global context. The aspects suggested
below might be considered an initial contribution toward simplifying the aforementioned difficulties.
Table 7. Benefits and limitations of radar imagery for mangrove mapping.
Radar (SAR)
imagery

Benefits
Active microwave radiation; delivers alternative

1. Spectral

information about the surface structure; various

resolution

No spectral information

wavelengths and polarizations are selectable

2. Spatial
resolution
3. Temporal
resolution

Varies

Usually low, except TerraSAR-X

High; weather independent

None

Many data types available at low cost in the context

4. Costs

of science proposals (ESA, JAXA, DLR, etc.)

5. Long-term
monitoring

Good; long-duration systems
Mangrove extent, condition, canopy properties,

6. Purposes

deforestation, biomass estimation

7. Discrimination
level

Limitations

Restricted access to data (certain number of
scenes; also some data not sharable with certain
developing countries (e.g., TSX)
None
No information derivable from typical spectra
(species differentiation not possible unless species
vary in their structural appearance)
No discrimination between mangroves and other

Age structure, forest parameters, biomass estimation vegetation forms without a priori knowledge; no
separation among species

8. Methods

9. Other

Analyses of the backscatter signals using advanced

Extremely skilled analysts with experience in

image-processing techniques; very quantitative

radar-image processing needed (availability,

physics-based manner of image analysis

costs)

Most promising results when SAR data combined
with optical imagery (e.g., Figure 5)

Relatively few studies have been conducted;
special software or modules are needed for radarimage processing

Need for a Homogeneous Definition of the Term “Mangrove”
In remote-sensing literature, the term ―mangrove‖ covers a broad range of meanings. For example, it
is used to describe:




The mangrove ecosystem, with mangroves as leading plant families, but also containing
other vegetation, open water surfaces, rivers, creeks, and open muddy soil surfaces;
An evergreen woody formation of shrubs or trees belonging to the mangrove family; or
A single mangrove tree

This lack of precision for the term ―mangrove‖ was underscored >10 years ago by Blasco et al. [10],
and it remains a current matter of discussion. Gaining a better understanding and comparison of
international research studies through the use of an established definition for the term ―mangrove‖
would be highly desirable.
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Need for Homogenized Classification Schemes
Varying criteria were used to define the classification scheme in most of the studies. For example, in
practice, this means that density growth can be classified as sparse or dense mangroves, as defined by
the percentage of canopy closure. The percentages used for discrimination of different classes are
usually chosen by the analysts individually, which leads to very inconsistent results that are very
difficult to compare. It should be noted that the same classification scheme is applied consistently, at
least for multitemporal mapping and monitoring tasks in the same area. However, depending on the
knowledge of the analysts (physicists, geographers, environmentalists, biologists, local community
experts) who perform the classification, completely different maps will result. Therefore, an urgent
need exists for a uniform mangrove-classification scheme (or intersectable schemes) based on species
differentiation, stand density, background surface, and additional criteria (e.g., biomass and vigor).
Need for Standardized Data-Processing Methods
The application of standardized techniques and analyses as routine tools is a future challenge for the
consistent monitoring and mapping of mangroves [18]. Standardization would enhance the comparison
of the suitability of methods for certain purposes on different datasets and locations. A greater
transparency with regard to the processing steps (and preprocessing steps, including georectification
and atmospheric correction, as well as image transformations) would also be beneficial for the
transferability of a specific method to another research site. The development of techniques for the
assessment of changes in mangrove areas requires a standardization of methods for the application to
time-series of datasets [18], granting optimal comparability. However, the differences in environmental
and atmospheric conditions and the high variability of mangrove ecosystems hinder the transferability
of image-processing methods and analyses [21,137,158].
However, even in similar areas where transfer would theoretically be possible, the transferability
and standardization of environmental projects are usually hindered by the lack of communication and
homogenization efforts among different research groups. For example, three mangrove-mapping
projects are ongoing in three coastal provinces (Ca Mau, Soc Trang, and Bac Lieu) of the Mekong
Delta in Vietnam. All are being undertaken by the German Society for Technical Cooperation and have
the goal to map current mangrove cover in the Mekong Delta. However, although one local project is
simply digitizing the mangroves on screen, based on Google Earth QuickBird imagery (older data),
another project is analyzing up-to-date SPOT scenes, and the third project is relying exclusively on
field surveys by local untrained experts. The resulting mangrove maps created for the different
provinces will be neither comparable nor complementary. Within the context of the current project
RICEMAN, funded by the German Ministry of Education and Research, we aim to produce a
homogenized mangrove map covering all mangrove areas of the Mekong Delta in Vietnam. For this
purpose, SPOT data, Envisat ASAR data, TerraSAR-X data, and extensive field survey data are being
used, and all data will be analyzed in a standardized repeatable way, with as little analyst influence as
possible. The goal is an up-to-date Mekong Delta mangrove map representing the year 2009. The
results of this mapping project (a first glimpse is Figure 5) will be reported in another paper.
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Need for Homogenized, Transparent Accuracy Assessment
Scientists and users all over the world have different goals and requirements for their investigations.
In many studies, accuracy assessment was not performed or was not considered necessary.
Furthermore, accuracy assessments can be carried out using different methods and relying on different
quality measures [18]. This is an additional factor that diminishes the comparability among studies. If
management decisions depend on researchers’ results, an accuracy assessment is essential; otherwise,
the findings could lead to inappropriate and cost-intensive actions for the user [17]. As for a
standardized classification scheme, as well as for accuracy assessment, it is of the utmost importance
that all steps are well documented.
Need for Further Investigations on Synergetic Data Use
Much remote sensing data exist that are promising for remote-sensing research, but they have not
been exploited (i.e., no publications are available). In our opinion, this especially includes the joint
analyses of multispectral and radar data, such as combined analyses based on high-resolution
TerraSAR-X and QuickBird data, combined analyses based on TerraSAR-X and Rapid Eye data,
combined analyses based on TerraSAR-X and SPOT data (ongoing), and combined analyses of Envisat
ASAR and ASTER data, to name a few. Additional datasets that will greatly improve mangrove-mapping
activities in the future include the TerraSAR-Tandem DEM dataset at 1-m resolution, which is
foreseen to be available from 2013 onward (the Tandem Mission [the second Terra-SAR-X] is already
in orbit); spaceborne hyperspectral 200 band; 30-m EnMAP data expected from 2014 onward; and
technologies currently moving from airborne to spaceborne platforms, such as LIDAR-based mapping.
Need for Ecosystem Service Assessment
Numerous investigators have attempted to assess the monetary value of mangrove ecosystems
worldwide, by trying to relate the services and values of natural ecosystems to economic parameters (e.g.,
de Groot and colleagues [159,160], Pearce [161], Turner et al. [162], Bingham et al. [163], Daily [164],
Costanza et al. [57], Limburg and Folke [165], Wilson and Carpenter [166], Daily et al. [167], and
Lal [179]). Recently, multinational gatherings, including the Convention on Biological Diversity, the
Ramsar Convention on Wetlands and Migratory Species, and the Convention to Combat
Desertification, have incorporated the concept of ecosystem services into their discussions and
meetings. Also, major non-governmental organizations, including the Nature Conservancy, the World
Wildlife Fund, and the World Resource Institute, have begun piloting ecosystem services programs, as
have major intergovernmental agencies, including the United Nation Development Program and the
World Bank [168]. The total economic value of the different ecosystem functions of mangroves
(i.e., regulation functions, production functions, habitat functions, and information functions
[57,160,167]) have been assessed by numerous investigators, including Lal [169], Ruitenbeck [170],
Barbier [171], and Sathirathai [172]. Sathirathai and Barbier [173] concluded that the economic value
for mangroves in a local community in Thailand ranges between US $27,264 and $35,921/ha.
Especially in Thailand, it was demonstrated that the economic value estimation of an ecosystem in hard
currency is much more eye opening to regional and national governments than is underscoring the
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threatening decline of a certain species. If governments learn to appreciate the ecosystem service
functions and their real economic value, the willingness for protection (which costs money) usually
increases [55]. In Thailand, the demonstration that several tens of thousands of US dollars are lost with
each degraded hectare of mangroves has led to drastic reforestation programs and protection measures.
However, for science to meet such a ―real-world demand,‖ it is of utmost importance that, at least
within a country, mapping procedures are homogenized, transferable, well-documented, conducted
with local trained staff, and relatively cost efficient.
Need for Interdisciplinary and Well-Networked Research Teams
A broad range of experts in the field of mangrove mapping exists globally. However, when
reviewing the articles, it became obvious that the topic of mangrove mapping is basically addressed by
investigators with two or three different research backgrounds: biologists and ecologists with excellent
biologic/botanic knowledge, environmentalists with excellent local knowledge of the ecosystem setting
and its role in the local community, and remote sensors/physicists with excellent
data-processing knowledge. Obviously, all three groups can have sound expertise in the other related
fields; however, some papers revealed that this is not always the case. Thus, the optimal mangrove
ecosystem-research group should include biologists focusing on mangrove botany, local environmental
experts (ideally living in the area of investigation and speaking the local language), sound physicists,
geographers and remote sensors, and socio-economists who can the transfer the research results to local
decision- and policy-makers and planners. Research groups within the field should focus on
international exchange and cooperation, rather than on isolation and competition.
5. Conclusions
The aim of this review paper was to provide a comprehensive overview of remote-sensing–based
mangrove-mapping studies undertaken during last two decades and including studies in different
regions of the world using different sensor data, emphasizing different research foci, and using
different image-processing methods. Well over 100 studies were published during the last two decades,
all focusing on the remote-sensing–based mapping of mangroves; the number of studies reflects the
growing scientific interest in the topic. The majority of studies were conducted in Asia (Bangladesh,
India, Thailand, Vietnam, Sri Lanka, Taiwan, and Malaysia); followed by Australia (including New
Zealand); North, Central, and South America (Florida, Texas, Mexico, Brazil, Panama, French Guiana,
British West Indies, and Belize); and Africa (Gabon, Kenya, Tanzania, Senegal, and Madagascar).
Mangrove mapping is one of the most demanding tasks in remote sensing, because the remotely
sensed signal from mangrove ecosystems is composed of several components and is influenced by a
large number of other parameters. In optical data, the spectrum of a pixel containing ―mangrove‖ is
usually influenced by pixel fractions of mangrove leaves, stems, and branches; underlying mudflats;
soils; and water surfaces. All of these components differ depending on mangrove species, vigor, age,
and season, as well as soil type and water turbidity and quality, among others. Other parameters
influencing the spectral signal include plant and leaf geometry, LAI, stand density, and atmospheric
conditions, to name a few. Furthermore, the spectral signal, its ―mixing,‖ and its distinctiveness in
optical data vary, depending on the spatial and spectral resolution of the sensors used, ranging from
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aerial photography (pixels in centimeter to meter range) to highest-resolution spaceborne multispectral
data (pixel size in meter range) to multispectral data of medium resolution (10–30 m) to airborne or
spaceborne hyperspectral data (pixel size in 1–30-m range, but up to 200 spectral bands).
In SAR data, the backscatter signal of mangrove ecosystems is influenced by the geometric
properties of the stand (canopy closure, canopy geometry, leaf structure, cell structure, stem structure,
and the underlying surface component and its roughness: soil mudflats water) and dielectric properties,
which vary, depending on the soil moisture, plant moisture, and underlying water surfaces. The
responses of these different conditions vary, depending on the incidence wavelength (e.g., C-band,
L-band, P-band), the polarization of the radar beams (HH, VV, HV, etc.), and the incidence angle of
the radar waves, which makes the interpretation of radar data over mangrove ecosystems very complex.
Furthermore, different sensors map different ground fractions, depending mainly on spatial resolution,
varying from very high (airborne or TerraSAR-X [e.g., in the meter range]) to medium resolution (e.g.,
Envisat ASAR, ERS).
The data used for a mangrove-mapping campaign and the methods used for data analyses also
depend on a variety of factors, such as goals and focus of the study (many purposes possible, such as
mangrove versus non-mangrove mapping, species discrimination, stand vigor, density and age
estimation, biomass retrieval, and change-detection studies, to name a few), size of the area to be
mapped and available budget (defining the choice of sensor and the quantity of data), staff expertise
needed for the mapping procedure (defining the complexity of image-analyses steps),
mangrove-ecosystem accessibility (defining the amount of ground-truth data available), availability of
additional GIS data on related ecosystem components (e.g., soil maps, in situ data), local labor prices
(influencing the amount of manual interpretation and possible on-screen digitization), governmental
restrictions (e.g., possibly hindering flight campaigns), and many more.
Thus, it is obvious that is it very difficult to compare the studies reviewed, because each research
group faces different starting conditions. However, some similarities were found.
For >50 years, high spatial-resolution airborne data have been very valuable for mapping small
coastal fringing areas of mangroves. Such images are usually classified by visual interpretation using
on-screen digitization. The typical image information consists of tonality, surface texture, and
structural arrangement. Species communities with dissimilar density and age structures can be easily
differentiated; as a result of the small spatial coverage, aerial photography often plays a minor part in
remote-sensing applications aiming at national or regional investigations. However, aerial survey is
still the first choice for local-mapping campaigns. Aerial data is the only data source allowing
time-series observation back to the 1950s and, compared with high-resolution spaceborne data, has the
advantage that it can be acquired below the cloud cover, which often prevails in subtropical and
tropical mangrove regions.
More than 40 published papers underscore the importance of medium-resolution imagery for
mangrove-habitat mapping. Landsat TM and SPOT data have been used extensively, but Landsat MSS,
ETM+, IRS, and ASTER data have also been analyzed. Medium-resolution imagery is best suited for
applications on a national or regional scale. Visual interpretation followed by on-screen digitizing, as
well as pixel-based classification approaches, are the most frequently applied methods. The Maximum
Likelihood Classification algorithm has proven to be a particularly useful and robust classifier. Some
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investigators used hybrid-classification techniques combining pixel- and object-based approaches. This
demonstrates that even at this (lower-resolution) level, mangrove-ecosystem mapping is a highly
interactive, analyst-biased task. Medium-resolution techniques are excellent for the mapping of
ecosystems (however, usually not at the species level), the monitoring of large-scale changes, the
analyses of regional environmental relationships, and the assessment of the condition of mangroves
(vigor, age, density, etc.). Global mangrove loss numbers have been derived solely from the analysis of
medium-resolution data.
The highest-resolution sensors, such as IKONOS and QuickBird, offer the ability cover larger areas
at high spatial resolution < 4 m, which is especially suitable for local mapping applications. Results
from the few investigations performed to date showed that pixel-based, object-based, and neural
network analytical approaches alone, as well as in combination, seem to be promising methods for
diverse purposes. A strong degree of interactive, analyst-biased interpretation remains, which usually
hinders the temporal and spatial transferability of results. In contrast to medium-resolution imagery, an
increase in the level of detail, which can be discriminated, can be observed, and mapping approaches at
the species level are feasible. Nevertheless, the suitability and limitations of image analyses based on
these sensors (method wise and with respect to cost-benefit analyses) must be investigated more
intensively to fill the current knowledge gap. Furthermore, new high-resolution sensors, such as the
commercial GeoEye-1 (launched in 2008 with 0.41-m spatial resolution in the panchromatic band and
1.65-m resolution in the multispectral channels), need to be investigated. Based on these data, pilot
studies have been undertaken in Belize, but the results have not been published. Also, data from the
sensor Rapid Eye (5-m spatial resolution) should be exploited for mangrove mapping. The good
spectral resolution and the frequent overpass of this new sensor make it an ideal tool that will probably
enable analyses down to the species level. Last, but not least, most of the above-mentioned optical
sensors (airborne and medium and high resolution) also have the potential for canopy DEM generation
based on stereo data, but this has not been exploited fully. However, the soon-to-be-available
TerraSAR Tandem DEM at 1-m resolution will be an invaluable asset for canopy investigations.
Studies based on hyperspectral imagery are rare, although the large number of bands enable very
detailed mapping tasks, down to species discrimination and plant vigor assessment. Although the
reported results (mainly derived based from airborne hyperspectral data) look very promising, it is
difficult to evaluate the applied processing techniques, such as SAM, spectral unmixing, MTMF, and
additional pixel- and object-based approaches, because of the limited availability of comparable
studies. In general, hyperspectral flight campaigns are relatively expensive, and the analytical skills of
image-processing personnel need to be profound. Thus, airborne hyperspectral analyses are only
applied locally and are not an option for national or regional mapping endeavors or mapping
campaigns with a limited budget. It is foreseen that upcoming spaceborne hyperspectral sensors will
improve this situation.
About 25 publications have addressed the usefulness of SAR imagery for the mapping of
mangroves. Several investigators carried out important fundamental research work to assess the
relationship between the backscatter signals and mangrove structure components and stand parameters.
These findings are important because the interpretation of microwave-derived vegetation information is
much more complex to interpret than is that based on the visual-reflectance spectrum. SAR data are
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available at different resolutions (from airborne at meter scale to medium-resolution scale), and they
are usually easily acquirable for a low cost (e.g., research proposals for Envisat ASAR data, ALOS
Palsar data, or even TerraSAR-X data). However, trained image analysts and special software are
required to exploit the full potential of these data. The benefit of weather-independent SAR data for
mapping mangrove ecosystems is greatest when jointly analyzed with optical data.
For all of the above data sources, detailed in situ knowledge and field data are usually needed to
correlate spectral signals or backscatter signals with geophysical parameters. Without any ground
knowledge, it is not possible to differentiate mangroves at the species level or to derive quantitative
parameters of the stand.
The biggest challenges for mangrove remote sensing lie in the still too-high degree of interactivity
when analyzing data, which makes the comparison, as well as the temporal and spatial transferability,
of study results nearly impossible. First, the mangrove remote-sensing community needs a common,
well-defined understanding of the term ―mangrove,‖ which is used to refer to an ecosystem,
mangrove-related plant species in general, or single trees. Second, there is a high demand for
homogenized classification schemes and standardized data-processing approaches (at least on a national
level), which are indispensable if aiming at strongly needed ecosystem service (and economic ecosystem
function) evaluation. These must be accompanied by thorough documentation and comparable,
standardized accuracy assessment. Third, the exploitation of new sensors and new synergistic approaches
will enable further in-depth mapping and allow a deeper understanding of the complex interactions
between mangrove ecosystems and electromagnetic radiation. Finally, a strong research community,
focusing on cooperation, exchange, and mutual support, can result in a more rapid advancement of the
field. The goal of all remote-sensing–based mangrove mapping and monitoring activities should be the
protection of these unique ecosystems, whose value cannot be overestimated. This is especially true with
respect to climate change-related sea level rise scenarios globally. Sea level rise would have a severe
impact on coastal communities in the tropics and subtropics. Natural mangrove ecosystems are a
productive, extremely valuable shield against this threat.
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