CHAPTER 6

Radar Remote Sensing of Mangrove Forests

Marc Simard, Senior Scientist,Radar Science and Engineering Section, et Propulsion Laboratory, California Institute of Technology

ABSTRACT

Mangrove forests are highly productive ecosystems providing critical ecosystem services. It is estimated that about a third of mangrove forests have been lost
during the last century and are still being decimated at a rate of about 0.4% per year. Mangrove forests are thin strips of forests living along tropical coasts.
These environments are generally cloudy; optical remote sensing instruments provide limited temporal coverage to ensure consistent monitoring of man-
grove health and status. Radar remote sensing enables all-weather monitoring of mangrove forest gain and loss in extent. In addition, it can observe several
parameters related to vertical canopy structure and biomass. The first part of this chapter introduces mangrove forests and the state-of-the-art radar remote
sensing techniques to measure and monitor mangrove forest structure. The second part of this chapter presents a step-by-step tutorial on the use of radar
remote sensing to make these measurements. After this chapter, the reader will be able to perform analysis of radar images of mangrove forests and more.

6.1 Introduction to
Mangrove Forests

Mangrove forests are some of the most productive
ecosystems in the world. They thrive within the inter-
tidal zone along the coasts of tropical and subtropical
regions (Fig. 6.1). Mangrove trees can sustain salt
water and soils with low oxygen availability through
root adaptations. They were recently included in the
Intergovernmental Panel on Climate Change (IPCC)
(limate mitigation strategy through the Wetland
supplements. While mangrove forests cover a small
land area (<1%), they may be responsible for 10% of
global carbon export to oceans (Jennerjahn and V.
Ittekkot 2002). Most importantly, mangrove forests
provide numerous ecosystem services that sustain
the livelihood of millions of people (Barbier et al.
2011). Some of these services, in addition to carbon
sequestration, include protection of coastline and
infrastructure against severe storms and tsunamis,
nursery of fish and crustaceans, and the production
of lumber and charcoal.

Mangrove forests occupy terrestrial and marine
environments, enabling them to support a very broad
range of biodiversity. This biodiversity ranges from
organisms within the soil to high numbers of fish spe-

Figure 6.1 Mangrove forests occupy the intertidal zone between approximately mean water to high tide.
Assuming a flat ground at sea level is generally a good approximation (Image credit: Maria Raykova).

cies to terrestrial species including reptiles, mammals,
birds, and insects. Mangroves provide both direct and
indirect services to local populations that inhabit the
coastal zone. Several products can be directly sourced
from the mangrove that have both a subsistence
use and economic value. Primary benefits include
sediment trapping; the production of nutrients and
organic matter through detritus; a sink for carbon,
nitrogen, and phosphorus; maintaining water quali-
ty; provision of food and habitat for biodiversity; and

providing shoreline protection from storms and rising
sea levels (e.g., Quoc Tuan et al. 2012). Mangroves
have been demonstrated to provide greater long-term
economic benefits to local households through their
preservation, compared to the short-term economic
gains through their destruction for products (McNal-
ly et al. 2011). An important reason for conversion of
mangroves is shrimp farming, driven by economic in-
centives as mangrove is often regarded as wasteland
(Primavera 2000). The level of services often depends
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on forest structure and, therefore, structural parame-
ters such as height and basal area. For example, tall
forests provide more protection against strong winds,
store more carbon, and can provide more lumber and
coal. Mangrove structure should therefore be consid-
ered when mangrove economical value is assessed.
Mangroves can exceed 60m in height and are
subsequently able to attain high values of above
ground biomass (AGB) around the 800 Mg ha™ mark
(Simard et al. 2019). These values rival observations
in other types of tropical forests. Their elevated Net
Primary Productivity (NPP) contribute large amounts
of organic carbon inputs into the underlying soil.
Thanks to slow anaerobic decomposition, mangrove
forests store disproportionate amounts of carbon in
their soils. Mangrove ecosystems are estimated to
be amongst the most carbon rich ecosystems within
the tropics, storing an average of 1,023 Mg C ha' in
shallow soil depth ranging from 0.5-3 m (Donato et
al. 2011). At current mangrove loss rates, between
0.02-0.12 Pg per year is released to the atmosphere,
that is 10% of total carbon emissions from deforesta-
tion despite accounting for less than 1% of tropical
forestarea (Donato et al. 2011). Hamilton et al. (2016)
estimate current global loss between 0.16 and 0.39%.
Thus, they play a significant role in the carbon cycle
and consequently are becoming economically viable
to protect (Murray 2012, Jerath 2012, Pendleton et al.
2012). Initiatives, such as the Reducing Emissions from
Deforestation and forest Degradation plus (REDD+)
are carbon accrediting programs, whereby the carbon
stored within natural ecosystems is valued by its abili-
ty to offset anthropogenically produced CO,. This pay-
ment for ecosystem services (PES) initiative extends
beyond the worth of carbon to other services such as
their resilience to hazards and role in maintaining fish
biodiversity and water quality (Locatelli et al. 2014).
The inclusion of mangroves in such initiatives can
make them profitable environments, enhancing the
socioeconomic benefits of mangrove forests beyond
subsistence use to an asset for all global citizens.
There are several environmental drivers of man-
grove structure, mainly, precipitation and tempera-
ture (Simard et al. 2019) and the availability of nutri-
ents and salinity (Castafieda-Moya et al. 2013). Local
geophysical characteristics such as microtopography
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Figure 6.3 Radar imaging, whether airborne or spaceborne, is performed by transmitting a microwave
pulse ‘sideways’ that scatters with land features such as forest branches, trunks roots, and ground. The
imaging swath illuminated by one pulse determines the image size in the cross-track (or range) direction.
(Background image credit: Maria Raykova) Additional information on how SAR images the world can be

found in Chapter 2.

and freshwater availability strongly control salinity
and hydroperiod, and thus mangrove NPP (Castafie-
da-Moya et al. 2013). However, microtopography is
very difficult to estimate at the landscape scale and
cannot be observed directly from spaceborne remote
sensing. On the other hand, remote sensing can mea-
sure the ecosystem response to these geophysical
variables, reflected in observed canopy height, spe-

cies distribution, and spatial patterns.

Despite their importance for carbon storage, bio-
diversity, and supporting indigenous local commu-
nities, mangrove forests are threatened across their
entire range (Thomas et al. 2017). Mangrove areal
extent for the nominal year 2000 was 13.7 million
ha, far below the previous 1980 estimate of 18.8 mil-
lion ha (FAQ 2007) (Fig. 6.3). The rate of mangrove
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loss throughout the 1990s was estimated as 1% yr"; a
rate twice that of terrestrial rainforest over the same
period (Mayaux et al. 2005). Recently, Hamilton and
Casey (2016) found the yearly loss of mangrove extent
between 2000-2012 varying between 0.16 and 0.39%.
Comparatively, 30% of total tropical terrestrial forest
has been lost as a consequence of anthropogenic ac-
tivity since monitoring began, while it is estimated that
one third of total mangrove forest has been lost over
the last half-century alone (Alongi 2002). Unfortunate-
ly, the loss of mangroves across the globe is deemed
(ritical enough that 11 of the true 70 mangrove species
have met the criteria of the Red List categories of threat
(Polidoro et al. 2010).

The largest driver of this loss has been the conver-
sion of mangrove forests to aquaculture. In an assess-
ment of mangrove forest extent and loss at a variety
of locations in the Americas, Africa, Asia, and Austra-
lia, the greatest cause of mangrove loss was evalu-
ated to be due to mariculture practices. 52% of 36 x
10° km? of the estimated loss from within countries
containing 66% of the total area of mangrove forests
was caused by shrimp cultivation (Valiela et al. 2001).
Aquaculture is the fastest growing animal-food sector
in the world. In 2011, fish from aquaculture practices
accounted for nearly half of the total fish consumed
worldwide (45.6%). Aquaculture has a plethora of
direct and indirect detrimental impacts upon a man-
grove forest. These include the immediate loss of
mangroves for pond construction alongside the alter-
ation of natural tidal flows, release of toxic wastes, re-
duced water quality and alterations to sedimentation
rates, and turbidity. Additional pressures upon man-
groves include the development of the coastal zone
that causes the direct replacement of mangrove and a
suite of associated environmental problems, such as
pollutants in runoff. Furthermore, the coastal zones
of the world are becoming increasingly populated,
and the current trends of increasing global popula-
tion will put further demands upon mangrove forests
(FAO 2013, FAQ 2012).

As we move increasingly through an era of unprec
edented climate change, Earth’s climate will undergo
changes that are currently not known with certainty.
Sea level rise is expected to continue and accelerate
over the coming century, with an increase in mean

sea level by as much as 1 m by 2100 (CITATION). Al-
though sea level rise will not be uniform throughout
the oceans, 70% of the world’s coastlines are estimat-
ed to experience sea level rise within 20% of the glob-
al mean (IPCCARS). Mangroves are known to accrete
sediment (Cheong et al. 2013) by trapping sediment
suspended when inundated or through the build-up
of peat through the decomposition of organic matter
(Krauss et al. 2014). The survival of mangrove forests
in the face of sea level rise is therefore dependent on
whether sediment is accreted at the same rate as sea
level rise (McKee et al. 2002, Hashimoto et al. 2006).
Should sea levels rise above the rate of the terres-
trial surface, mangroves will either face periods of
longer inundation or will migrate landwards into new
areas. It is not currently known how climate change
will affect the atmosphere and subsequent terres-
trial processes, making the extrapolation of all the
effects of climate change on mangrove forests diffi-
cult. Precipitation is expected to be spatially variable,
with increasing climate change and growing contrast
between wet and dry regions and between seasons
(IPCC ARS). The impact of increasing precipitation is
expected to have a positive effect on growth rates,
biodiversity, and mangrove extent as they migrate
into previously drier environments (Eslami Andar-
goli et al. 2009). An increase in precipitation will
also decrease the salinity of the environment and is
expected to lead to an increase in species richness
and diversity (Asbridge et al. 2015). In contrast, a
decrease in precipitation will increase the salinity
of mangrove environments and cause an overall de-
(rease in mangrove area as freshwater influxes be-
come too saline to support growth (Duke et al. 1998,
Gilman et al. 2008). Decreases in precipitation are
also likely to cause a reduction in photosynthesis as
a consequence of increased aridity (Arreola Lizarraga
et al. 2004). Atmospheric temperatures will increase
by as much as 2°C by the end of 2100 and are forecast
to increase further thereafter (IPCC AR5). Changes in
atmospheric temperature can be expected to cause
an expansion of mangroves into higher latitudes and
change the species composition and distribution of
mangrove forests (Soares et al. 2012, Wilson and
Saintilan 2012, Saintilan et al. 2014). The effects of
climate change on mangrove forests are difficult to

accurately predict due to the complexity of the nat-
ural system and complex feedbacks.

Traditionally, large-scale mangrove mapping was
limited to sketch maps, fieldwork maps, and the dig-
itizing of digital datasets (Spalding et al. 1997). Yet
over the past years, the number of studies on man-
grove extent, change, ecosystem structure, ecosys-
tem services, and vulnerability derived from remote
sensing have proliferated (Kuenzer et al. 2011). The
first global map exclusive to mangrove forests that
used remotely sensed data alone was that of Giri et
al. (2011). This work processed over 1,000 Landsat
scenes gathered over the period 1997-2000, and es-
timated the total mangrove extent to be 13,776,000
ha despite the methodology suffering from a num-
ber of limitations. Since then, changes have occurred
and been detected at global scales (Lucas et al. 2014,
Thomas et al. 2017, and in maps by Hansen et al
2013). Products that incorporated annual estimates
of mangrove extent followed, such as the CGMFC-21
(Hamilton and Casey 2016, Hutchison et al. 2014),
with a much higher temporal resolution. In addi-
tion, there have been many regional, country-scale,
and project-scale assessments of mangrove extent,
change, and three-dimensional structure using both
optical and passive remotely-sensed data (Fatoyinbo
and Simard 2008, Fatoyinbo et al. 2013, Spalding et
al. 2010, Simard et al. 2019).

There is a plethora of remotely sensed data avail-
able for mapping mangrove extent and change, which
has the potential for long-term monitoring of land-
use change and the identification of proximate driv-
ers of change. These include the Landsat time-series,
now enhanced by the European Space Agency (ESA)
Sentinel-2 platforms, that, when combined, offer an
unprecedented quantity of data. Similarly, radar data
is available from ESA via the Sentinel-1 satellites and
annual mosaics from the Japan Aerospace Explo-
ration Agency's (JAXA's) Advanced Land Observing
Satellite 2 (ALOS-2) platform. Historic radar imagery
to aid in time-series mapping is freely available via
ALOS and Japanese Earth Resources Satellite 1 (JERS-
1) mosaics (See Table 2.5, Chapter 2). These will
soon be followed by the joint NASA-ISRO Synthetic
Aperture Radar (NISAR) mission planned for launch
in December 2021. It is therefore timely to develop
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Figure 6.4 Radar scattering mechanisms. In
mangrove forests with aerial roots (Rhizophora),
the microwave signal is attenuated, decreasing
backscatter at high biomass.

Figure 6.5 Radar backscatter at L-HH, acquired
by ALOS-2 over the Gabon Estuary, Gabon. Bright
areas to the North West result from strong double-
bounce effect in urban structures of the city of
Libreville. Large medium backscatter (mid-gray
tones) are due to volume scattering in forests. Water
was easily masked based on darker backscatter
(in particular at LHV). Interestingly, due to strong
attenuation from roots, tall mangrove forests with
red mangrove trees reaching several tens of meters
exhibit lower backscatter along the South Eastern
portion of the Estuary.

new remote sensing algorithms that combine optical
and radar data for long-term monitoring of man-
groves forests in Southeast Asia.

6.2 Radar Remote Sensing

A radar instrument generates its own electro-
magnetic signal by transmitting a microwave pulse
that enables observation of Earth's surface (or other
planets and moons) day and night. In order to gen-
erate an image, the pulse is focused in a direction
away from nadir (Fig. 6.3). When the pulse is
transmitted at nadir, the instrument is called a ra-
dar altimeter. The microwave pulse typically illumi-
nates ground areas of tens of kilometers, and only
the portion of energy reflected toward the radar is
measured. The angular reflection pattern depends
on the target properties such as roughness (differs
greatly between plants, water surface, urban struc-
tures) and geometry. The geometry is determined
by the look angle and the terrain slope. The former
is the angle subtended by the line of sight between
the radar and a target on the ground. Thus, it varies
greatly across an image. The look angle and terrain
slope can be combined into the incidence or projec-
tion angle. These angles are often used to perform
terrain radiometric corrections (sometimes called
‘terrain flattening’), which is intended to remove
image artifact due to geometry. In mangroves, topo-
graphic effects are generally neglected due to their
unique setting of very flat areas.

6.2.1 MICROWAVE BANDS

Radars are active instruments with a definite ad-
vantage over optical sensors: they can see through
clouds, day and night. This is a particularly prized
attribute along the tropical coastlines, and its free
public availability is continuously rising. They trans-
mit a microwave pulse and measure the portion of
the energy that is reflected back. The measured re-
turn is called “backscatter” and is generally present-
ed in decibels (10log,(Intensity)). Some Radar in-
struments come in several “colors” (i.e., wavelength
bands): Ka and Ku-bands, X-, G-, S-, L, and P-bands.
Those are denominations introduced during the de-
velopment of radar during World War II, and they
simply refer to a range of frequencies as defined by

the Institute of Electrical and Electronics Engineers
(IEEE). See Tahle 2.3 in Chapter 2 to see com-
mon applications of SAR bands.

6.2.2 SCATTERING MECHANISMS IN
MANGROVES

There are three types of scattering mechanisms:
(1) direct (or single bounce), (2) double-bounce, and
(3) volume scattering (see Fig. 6.4). In mangrove
forests, the “double-bounce” term that strongly im-
pacts the HH channel (see Chapter 2, Table 2.3,
relative scattering strength by polarization, and the
subsequent section) may be reduced by the presence
of aerial roots as microwaves are scattered and at-
tenuated (Fig. 6.5). The dominant scattering mecha-
nism in mangrove forest strongly depends on canopy
structure. Trends in volume and double-bounces’
signatures vary much more than in other types of
forests. In particular, in mangroves the volume
scattering decreases and double-bounce scattering
increases in closed and open canopies, respectively
(see following section on polarimetry). Inundation at
the time of data acquisition impacts radar signals in
open mangrove forests.

6.2.3 POLARIMETRY

The radar measurement can also be characterized
through polarimetry. Generally, radar instruments
are enabled for several orthogonal polarimetric
modes, transmitting horizontal (H) or vertical (V) po-
larization, and receiving either H or V. For example, an
L-band radar transmitting a horizontally polarized mi-
crowave and receiving its vertical polarization would
be identified as L-HV. A single instrument can collect
data in several polarimetric mode by alternating puls-
es. A quad-pol L-band radar collects four channels:
L-HH, L-HV, L-VH, and L-VV (e.g., Fig. 6.6). Upcoming
instruments like the Radarsat constellation suite of
instruments will provide circular polarization, indicat-
ing that polarization state changes in time. Each pola-
rimetric configuration can be considered as an image
band in the radar dataset, each sensing various char-
acteristics of the forest canopy through the variety of
scattering mechanisms. While the HV measurement
is dominated by the volume scattering reflections, the
HH and VV contain a significant ground contribution.
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In particular, the HH polarization is strongly impact-
ed by the occurrence of double-bounce scattering,
which is greatly enhanced by the presence of water.
As such, itis important to note the contribution from
double-bounce scattering in mangrove forests can be
greatly reduced by the presence of aerial roots. More
about polarimetry in Chapters 2 and 3.

Early work on polarimetry at G, L-, and P-band
(e.g., Mougin et al. 1999, Proisy et al. 2002) has
shown that the relative impact of the scattering
mechanisms changes significantly with radar wave-
length, with ground and double-bounce contribu-
tions increasing wavelength. Polarimetry has been
demonstrated as a powerful method to classify
wetland types, including mangroves at X-band (e.g.,
Hong et al. 2015), and mangrove species and struc-
ture at L-band (e.g., Brown et al. 2016) and C-band
(e.g., Kovacs et al. 2013, Cougo et al. 2015). There
are several models to obtain the relative contribution
of the three scattering mechanisms. A popular one
is the Freeman-Durden decomposition (available
in SNAP and PolSARpro software) used in Proisy et
al. (2002). Figure 6.7 shows the decomposition
of a fully polarimetric radar image acquired by the
UAVSAR's L-band airborne radar instrument. In the
top left image of Figure 6.7, the brown areas repre-
sent low double interaction found in tall Rizhophora
mangrove forests, and shades of blue are found in
more open and shorter shrub mangroves. Green
tones, representing dominance of volume scattering,
are found in inland forests. Otherwise red tones,
representing dominance of single bounce, occur over
open land surfaces. The individual contribution of
each scattering mechanism is shown in grey-scale
images in Figure 6.7. Contrary to inland forests,
the volume component is reduced in tall mangrove
forests and increased with shorter ones. While the
volume component (or even at HV polarization) may
become similar to that of inland forests, the apparent
texture of mangrove forests is much smoother, in part
due to inland topography and to overall homogene-
ity of mangrove canopy structure. Thus, polarimetric
signature can be used to identify mangrove forests
from other landcover types, particularly at longer
wavelengths (e.g., L-band), and also differentiate
mangrove structural attributes and species.

Figure 6.6 Color composite images of mangrove forests of the Guayas Estuary in Ecuador from: a) ALOS-
PALSAR-1 HH, HV, and VV in RGB, respectively; b) Sentinel-1 V'V, VH, and VV in RGB, respectively. Volume
scattering dominates at all polarization and at both L- and CGband. Lower backscatter is observed for the
younager, low-density forest (<100t/ha) found along the coast at the bottom of the images. Figure 6¢) shows
a color composite (HH, HV, VV) of a 6-m resolution L-band airborne UAVSAR image acquired in the Gabon
Estuary showing the distinct signature of mangrove forest whether tall (east) or short shrub forest (west).
Green indicates the dominance of HV in inland forest is more significant than in mangrove forest where all
polarization configurations (HH, HV, and VV) behave similarly, resulting in the observed grey level intensities.

Figure 6.7 Polarimetric
representation of mangrove
forests in Akanda, Gabon.
Top left image shows

an RGB color composite
image of single, volume,
and double-scattering
components based on
the Freeman-Durden
decomposition. The
yellow polygons show
the mangrove extent.
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6.2.4 INTERFEROMETRY

Radars can operate in interferometric mode, which
means the measurement is obtained from several in-
dividual observations of the same target, viewed from
different radar antenna positions. These individual ob-
servations can be collected simultaneously with pairs of
radar antennas, or with asingle antenna operatingin re-
peat-pass mode. When observations are from a slightly
different point of view, as in the pairs of radar antennas
formation, the elevation can be estimated through
geometry. The latter technique involves repeating an
observation using the same instruments and combin-
ing measurements through interferometry (complex
multiplication) to obtain coherence (a measure of the
similarity of two images) and phase (relative location
of scattering phase center between the two images). In
addition, a pair of repeat-pass observations obtained
from the same location (same instrument from same
location but different time) enables measurements of
changes in elevation or displacement of targets such as
glacial flows, landslides, ground subsidence, etc. In the
case of forest, zero-baseline repeat-pass interferom-
etry is strongly impacted by ‘temporal decorrelation,
which is a result of the motion of branches, changes in
moisture, or growth. The zero-baseline interferometric
measurement has been used to classify forest-age and
structure of other types of forests (Simard et al. 2012,
Pinto etal. 2012) as it strongly depends on forest height
(Lavalle etal. 2012). Temporal decorrelation can impact
repeat-pass non-zero baseline observation and must
be compensated to obtain canopy height (Denbina et
al. 2018).

Single-pass, non-zero baseline radar interferometry
has been used to map mangrove canopy height (Si-
mard et al. 2006, Simard et al. 2008, Fatoyinbo et al.
2013, Lagomasino et al. 2015, Lee et al. 2015, Simard
et al. 2019). These maps express mangrove forest
height using single-pass interferometric data obtained
by the Shuttle Radar Topography Mission (SRTM) and
TanDEM-X data (e.g., Fig. 6.7). The mangrove canopy
height can then be translated into above ground bio-
mass through in situ allometry relating biomass to can-
opy height (see section on mapping mangrove forest
structure). On the other hand, repeat-pass interferom-
efry can be used to identify structural attribute such as
canopy stature and closure (e.g., Fig. 6.9).

RADAR BAND SHRUB MANGROVES TALL MANGROVES

P-HH Around -17dB
P-HV and P-VH Around -22dB
P-W Around -10dB
L-HH -25dB to -15dB
L-HV and L-VH -25t0-20dB
L-w -20dBto-12dB
C-HH About-12dB
C-HV -20to-15dB
-w About-12dB

Around -8dB (may increase with AGB)
Around -14dB (may increase with AGB)
Around -7dB (may increase with AGB)
Reduces from -5dB to -18dB with AGB
Reduces from -15 dB to -22dB with AGB
Reduces from -8 to -16dB with AGB
Varies about -7dB (o relationship to AGB)
varies about -14dB (no relationship to AGB)

Varies about -6dB (no relationship to AGB)

Table 6.1 General trends in radar backscatter for mangroves (Lucas et al. 2007, Proisy et al. 2002,

Mougin et al. 1999). The trends are not constant and may exhibit increase for low biomass stands (shrubs)

up to the standing forest where backscatter may decrease. Thus, the relationship between backscatter

and biomass or height are not reliable biomass estimators.

BAND | MANGROVE FOREST PENETRATION DEPTH TYPE OF SCATTERING CAUSED BY MANGROVE FORESTS

K Unknown; most likely a few tens of centimeters.

Interferometric measurement indicate penetra-
X tion reaches, in the mean sense, Lorey’s height
(~1/3 of top forest height).

Comparison of SRTM C- and X-band show it is
© similar to C-band. Down to the equivalent of
Lorey's height (~1/3 of top forest height)

Single direct bounce and volume from top of canopy.

Single direct bounce and volume from top of canopy, with a small surface and
double bounce component. The latter increase dramatically in open forests
and at low biomass.

Single direct bounce and volume from upper canopy, with a small surface and
double bounce component. The latter increase dramatically in open forests
and at low biomass.

Single direct bounce dominates in tall forests, with volume dominating with

Microwave penetration into canopy is as large
as half the canopy height.

Similar to L-band, where microwave penetra-
P tion into canopy is as large as half the canopy
height.

shorter shrub mangroves. The contribution of double bounce increases
significantly at low biomass and in open forests. In large red mangrove forest,
with large aerial roots, microwaves will get absorbed and volume dominates
again, although diminished.

Single direct bounce dominates in tall forests, but the contribution of double
bounces increases significantly at low biomass. In large red mangrove forest,
with large aerial roots, microwaves will get absorbed and volume dominates
again at biomass slightly larger than at L-band.

Table 6.2 Microwave penetration depth and dominant scattering mechanisms in mangrove forests.
Note this is in the mean sense as microwaves interacts with the entire canopy, all the way to the ground.

6.2.5 RADAR DATA FORMAT

The availability of freely available radar data has in-
creased significantly in the last decade (refer to Table
2.5, Chapter 2). Some datasets are calibrated and
georeferenced science-ready products, and others are
distributed at various levels of processing. There are
multiple approaches to prepare the radar data, which
depends on the original format of the data that has
been downloaded. Generally, data is distributed with
processing levels 1.0, 1.1, 1.5,0r 2.0. The 1.0 and 1.1 for-
mat refer to backscatter in the radar geometry. That is,
the images are not yet projected to geographic coordi-

nates and represent the signal as seen by the radar (i.e.,
given by time of travel of microwaves). Level 1.5and 2.0
have been projected into geographic coordinates, such
as UTM, or geographic latitude and longitude. The level
1.X data are used for radar interferometry: two images
are complex-multiplied to obtain the interferogram.
The latter is typically expressed as A, with amplitude
Aand phase ¢. Level 1.5 and 2.0 are expressed as the
radar backscatter ¢®. The georeferenced interferogram
is seldom distributed and the user is expected to per-
form the processing. For backscatter, the user has a
wide choice of processing level, and can perform radar
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processing to specifically enhance or retrieve specific
image features. Processing details and analysis to ob-
tain science-ready backscatter images are described
in the tutorial.

6.2.6 MAPPING MANGROVE CANOPY
STRUCTURE

Forest structure can be described in terms of its
spatial extent, spatial heterogeneity, tree cover, can-
opy height profile, and AGB. However, what can be
expected from radar observations of mangrove forest
landscapes?

Tree cover, canopy height, and AGB are correlat-
ed. However, different radar parameters are used
to estimate AGB and forest canopy height. A generic
formulation relating radar backscatter to AGB is the
following, where a and b are determined by the user
from in situ data:

0°(dB) = a+ b log(AGB) .

In wet tropical forests, values are about —22.5 and
3for aand b, respectively, at L-band. Other equations
have also been published, and may require slightly
more complex calculation (Yu and Saatchi 2016):

d(linear) = A+ (1 - et8) +

where xisthe AGB, and 4, 8, (; and a are coefficients
that can be fitted empirically through iteration until x
results in the observed ¢° (linear). For wet tropical for-
est, the coefficientvalues are a=0.013682, A=0.21116,
B=10.051846, (=0.02192. The coefficient a should be
fitted locally. In either case, the fitting parameters can
change significantly for mangroves given the variation
in structure for a given species and the inundation
state. Several authors found radar backscatter de-
creased significantly with AGB, attributing increased
double-bounce scattering at low AGB (e.g., Lucas et al.
2007, Cohen et al. 2013). Nonetheless, one may expect
d’to increase with forest AGB up to a saturation value
that depends on the radar frequency (i.e., P, L, C, X, K)
before it decreases. The longer the wavelength (equiva-
lent to lower frequency), the larger the biomass satura-
tion point (Mougin et al. 1992, Proisy etal. 2002). While
general literature is not definite on the backscatter sig-
nature of mangrove forests, the upper biomass level
detectable with radar is similar to other forests, about
200, 100,50, and 25for P, L, C, and X, respectively. After
this point, the observed ¢ reduces due to absorption

by the dense aerial root system found in mangroves
(Lucas et al. 2007). This holds for HV: however, obser-
vation of scrub mangroves at HH and VV sometimes
also display high ¢°due to increased penetration within
the canopy and double-bounce interaction with the
water surface or water-saturated ground. While these
effects imply estimation of mangrove AGB from back-
scatter alone is generally difficult and strongly site-de-
pendent, these polarimetric trends (i.e., volume versus
double-bounce) can be used to classify mangrove type
and also structure (e.g., Hong et al. 2015, Brown et al.
2016), itself related to AGB. For additional information
on SAR for biomass estimation, see Chapter 5.

Itis difficult to map the extent of mangrove forests
using radar alone, in particular when the adjacent in-
land landcover is another forest type. This can also be
difficult with optical sensors, as ‘color’ (e.g., greenness)
may not suffice to distinguish mangroves from other
vegetation types. Therefore, it is recommended to
use a combination of datasets obtained from different
sensing technologies (also discussed in Chapter 3,
Sec. 3.5.4). Landcover classification can generally
be performed with the radar backscatter as one of the
layers along with data from optical instruments such
as Landsat. One can also build upon existing glob-
al maps of mangrove extent (e.g., Giri et al. 2011) to
extract the area of mangrove forests from the radar
data. It is more efficient to start with reliable remote
sensing products and improve them rather than rein-
vent the wheel. Classification can be performed with
supervised methods (e.g.,, maximum likelihood, deci-
sion trees, neural network) or unsupervised methods
(e.g., ISODATA). Implementations for these algorithms
can be found in all major commercial remote sensing
software (e.g., ENVI) and also in open source software
(QGIS or Python libraries). Training of supervised
classifiers requires knowledge of mangrove forest
locations that can be easily interpreted by an experi-
enced photo-interpreter or from in situ field surveys.
It is important that the training set be representative
of the entire range of spectral signature observed with
remote sensing. Otherwise, pixels with an untrained
spectral signature in radar and optical data, will be
thrown into the wrong classes, potentially classified
as mangroves. To avoid these issues, an initial unsu-
pervised classification method can be used, followed

by manual merging of ‘unsupervised classes’ into rele-
vant mangroves classes.

To generate a landcover dassification of mangrove
forests and type, it is recommended to use radar in
combination with different sensing technologies (Na-
scimento et al. 2013). Discrimination of mangroves
against other types of forests inland with L-band data
given a priori environmental information (e.g., digital
elevation model and water mask) and other sources
of optical data such as Landsat (Lucas et al. 2014, Bun-
ting et al. 2018). However, classification results can
vary greatly due to availability of polarimetric layers
and instrument wavelength and technique. For exam-
ple, Fonteh et al. (2016) found Sentinel-1 (dual-pol
(-band) data did not provide significant improvement
over Landsat-based landcover classification, while
Zhen et al., found increased accuracy over 10% using
fully polarimetric Radarsat-2 data. Aslan et al., 2016,
began with a spatial segmentation of an [-band HH
and HV dataset, with subsequent Landsat-8 spe-
cies-specific classification refinement. There exist
global maps of mangrove extent derived from optical
data (e.g., Giri et al. 2011) that can be used to extract
the area of mangrove forests from the radar data.
These have recently been improved with L-band radar
data from ALOS-1 (Bunting et al. 2018). The authors
found it more efficient to start with existing but reli-
able remote sensing products from Giri et al. (2017)
and improve the maps with radar.

There have been significant advances in the use
of Radar interferometry to map mangrove canopy
height (Simard et al. 2006, Simard et al. 2008, Fatoy-
inbo et al. 2013, Lagomasino et al. 2015). Data from
the SRTM acquired in February 2000, was the first
dataset to enable measurement of mangrove canopy
height. SRTM was designed to measure elevation, but
due to the interaction of the radar microwave with
the canopy volume, the SRTM elevation measure-
ment is biased by forest height and density. That s,
a forested hill top will appear higher than it is. As-
suming mangroves are located at mean sea level with
negligible topography, the SRTM elevation measure-
ment is directly related to mangrove canopy height.
While this may be a gross assumption in mangrove
regions with high tides (>3m), it provides a robust
method to determine patterns of mangrove height at
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the landscape to global scales in the 2000 epoch.
New elevation measurements derived with inter-
ferometric data was acquired with TanDEM-X in
~2015, providing a second and more recent dataset
(Lee et al. 2015). The TanDEM-X elevation datasets
are currently available through a proposal process
or can be purchased. An example, calibrated with
in situ data, is shown in Figure 6.8. Coarser reso-
lution data may soon become available.

It is interesting to note that such priori remote
sensing products provide a powerful tool to select
the location of the in situ plots and optimize cam-
paign logistics. Such stratified methods, based on
remotely-sensed canopy height, were successfully
used in mangrove forests (Trettin et al. 2016, Fatoy-
inbo et al. 2018). A similar stratified methodology
could also be adopted to train and validate land-
cover classification of mangrove structure.

6.3 Conclusions

Radar remote sensing is a powerful tool to mon-
itor mangrove extent and map general structure
attributes (e.g., trees versus shrubs, aerial root).
It enables detection of forest cover changes re-
gardless of cloud cover. Used in combination with
optical remote sensing observations, radar can
improve distinction of mangrove from other types
of inland forest. However, the estimation of AGB
is limited with radar backscatter alone. Instead,
it is recommended to use radar interferometry to
accurately map mangrove forest structural attri-
butes, including canopy height and aboveground
biomass. While fully polarimetric L-band data are
freely available (e.g., UAVSAR and ALOS), such
datasets at P-, G, and X- band that span a wide
range of mangrove types are rarely accessible.
More research on the application of radar remote
sensing to study mangrove forests is needed to
understand the polarimetric and spectral signa-
ture of mangrove forest structure. Nonetheless,
recent progress in global mapping and monitoring
of mangrove extent (Bunting et al. 2018) and glob-
al assessment of AGB (Simard et al. 2019) clearly
illustrates the power of radar remote sensing of
mangrove forests.

Figure 6.8 Map of mangrove canopy height in the Akanda National Park obtained from TanDEM-X
elevation data (similar to SRTM). Same region as shown

Mangrove trees

Figure 6.9 Interferometric radar coherence obtained from ALOS-2 LHH. The bright areas represent
coherence close to 1, indicating strong similarity between images collected successively after 24 days. High
coherence is observed in open shrub mangroves, as well as in urban areas. Tall mangrove trees exhibit low
coherence due to temporal decorrelation caused by scattering in the canopy, which changes between the
two radar acquisitions (i.e., 24 days in this case). Open water surface also displays low coherence due to
waves constantly changing surface scattering.
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