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Abstract

Wetlands are critical for ensuring healthy aquatic systems, preventing soil erosion, and
securing groundwater reservoirs. Also, they provide habitat for many animal and plant
species. Thus, the continuous monitoring and mapping of wetlands is necessary for
observing effects of climate change and ensuring a healthy environment. Synthetic Aper-
ture Radar (SAR) remote sensing satellites are active remote sensing instruments essential
for monitoring wetlands, given the possibility to bypass the cloud-sensitive optical instru-
ments and obtain satellite imagery day and night. Therefore, the purpose of this chapter is
to provide an overview of the basic concepts of SAR remote sensing technology and its
applications for wetland monitoring and mapping. Emphasis is given to SAR systems
with full and compact polarimetric SAR capabilities. Brief discussions on the latest state-
of-the-art wetland applications using SAR imagery are presented. Also, we summarize the
current trends in wetland monitoring and mapping using SAR imagery. This chapter
provides a good introduction to interested readers with limited background in SAR
technology and its possible wetland applications.
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1. Introduction

Wetlands are defined based on the Canadian Wetland Classification System as land that is
saturated with water long enough to promote wetland or aquatic processes as indicated by
poorly drained soils, hydrophytic vegetation and various kinds of biological activity which are
adapted to a wet environment [1]. Wetlands are important ecological systems which play a
critical role in hydrology and act as water reservoirs, affecting water quality and controlling
runoff rate [2]. Also, they are amongst the most productive ecosystems, providing food,
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construction materials, transport, and coastline protection. They provide many important
environmental functions and habitat for a diversity of plant and animal species [2]. Further-
more, wetlands bring economic value with social benefits for people, providing significant
tourism opportunities and recreation that can be a key source of income. For these reasons, the
continuous and accurate monitoring of wetlands is necessary, especially for better urban
planning and improved natural resources management [3]. The formation of wetlands requires
the presence of the appropriate hydrological, geomorphological and biological conditions [2].

The Canadian Wetland Classification System divides wetlands into five classes based on their
developmental characteristics and the environment in which they exist [1]. As shown in
Figure 1, these classes are: bogs, fens, marches, swamps, and shallow water. Bogs (Figure 2a)
are peatlands with a peat layer of at least 40 cm thickness, consisting partially decomposed
plants. Bogs surface is usually higher relatively to the surrounding landscape and character-
ized by evergreen trees and shrubs and covered by sphagnum moss. The only source of water
and nutrients in this type of wetlands is the rainfall [4]. Bogs are extremely low in mineral
nutrients and tend to be strongly acidic [1].

Like bogs, fens (Figure 2b) are also peatlands that accumulate peats. Fens occurs in regions
where the ground water discharges to the surface [1]. This type of wetlands is usually covered
by grasses, sedges, reeds, and wildflowers. Typically, fens have more nutrients than bogs, and
the water is less acidic [4]. Marshes (Figure 2c) are wetlands that are periodically or perma-
nently flooded with standing or slowly moving water and hence are rich in nutrients [4]. Some
marshes accumulate peats, though many do not. Marshes are characterized by non-woody
vegetation, such as cattails, rushes, reeds, grasses and sedges [1]. Similar to marshes, swamps
(Figure 2d) are wetlands that are subject to relatively large seasonal water level fluctuations
[4]. Swamps are characterized by woody vegetation, such as dense coniferous or deciduous
forest and tall shrubs. Some marshes accumulate peats, though many do not [1]. Shallow open
water wetlands (Figure 2e) are ponds of standing water bodies, which represent a transition

Figure 1. Wetland classes hierarchy.
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Figure 2. Wetland classes as defined by the Canadian Wetland Classification System: (a) bog, (b) fen, (c) marsh, (d)
swamp and (e) shallow open water.
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stage between lakes and marshes. This type of wetlands is free of vegetation with a depth of
less than 2 m [1].

Spaceborne remote sensing technology is necessary for effective monitoring and mapping of
wetlands. The use of this technology provides a practical monitoring and mapping approach
of wetlands, especially for those located in remote areas [5].

2. Basic SAR concepts

Wetlands are usually located in remote areas with limited accessibility. Thus, remote sensing
technology is attractive for mapping and monitoring wetlands. Synthetic Aperture Radar
(SAR) systems are active remote sensing systems independent of weather and sun illumina-
tion. SAR systems transmit electromagnetic microwave from their radar antenna and record
the backscattered signal from the radar target [6]. The sensitivity of SAR sensors is a function
of the: (1) band, polarization, and incidence angle of the transmitted electromagnetic signal
and (2) geometric and dielectric properties of the radar target [7]. Radar targets can be discrim-
inated in a SAR image if their backscattering components are different and the radar spatial
resolution is sufficient to distinguish between targets [6]. Conventional SAR systems are
linearly polarized radar systems which transmit horizontally and/or vertically polarized radar
signal and receive the horizontal and/or vertical polarized components of the backscattered
signal (Figure 3). In SAR systems, polarization is referred to the orientation of the electrical
field of the electromagnetic wave.

A single polarized SAR system is a SAR system which transmits one horizontally or vertically
polarized signal and receives the horizontal or vertical polarized component of the returned

Figure 3. Horizontally and vertically polarized radar signal.
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signal. A dual polarized SAR system is a SAR system which transmits one horizontally or
vertically polarized signal and receives both the horizontal and vertical polarized components
of the returned signal. A single or dual polarized SAR system acquires partial information with
respect to the full polarimetric state of the radar target. A fully polarimetric SAR system
transmits alternatively horizontally and vertically polarized signal and receives returns in both
orthogonal polarizations, allowing for complete information of the radar target [6, 8]. While
full polarimetric SAR systems provide complete information about the radar target, the cover-
age of these systems is half of the coverage of single or dual polarized SAR systems. Also, the
energy required by the satellite for the acquisition of full polarimetric SAR imagery and the
pulse repetition frequency of the SAR sensor are twice the single or dual polarized SAR
systems.

A new SAR configuration named compact polarimetric SAR is currently being implemented in
SAR systems, where a circular polarized signal (Figure 4) is transmitted and two orthogonal
polarizations (horizontal and vertical) are coherently received [9]. Thus, the relative phase
between the two receiving channels is preserved and calibrated, but the swath coverage is not
reduced.

In comparison to the full polarimetric SAR systems, compact polarimetric SAR operates with
half pulse repetition frequency, reducing the average transmit power and increasing the swath
width. Consequently, this SAR configuration is associated with low-cost and low-mass con-
straints of the spaceborne polarimetric SAR systems. The wider coverage of the compact SAR
system reduces the revisit time of the satellite, making this system operationally viable [10].
These advantages come with an associated cost in the loss of full polarimetric information.
Hence, generally, a compact polarimetric SAR system cannot be “as good as” a full polarimetric
system [11]. Such SAR architecture is already included in the current Indian Radar Imaging
Satellite-1 (RISAT-1) and the Japanese Advanced Land Observing Satellite-2 (ALOS-2) carrying
the Phased Array type L-band Synthetic Aperture Radar-2 (PALSAR-2). Also, compact polari-
metric SAR will be included in the future Canadian RADARSAT Constellation Mission (RCM).

Figure 4. Circular polarized radar signal.
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2.1. Polarimetric scattering vector

Fully polarimetric SAR systems measure the complete polarimetric information of a radar target
in the form of a scattering matrix [S]. The scattering matrix [S] is an array of four complex
elements that describes the transformation of the polarization of a wave pulse incident upon a
reflective medium to the polarization of the backscattered wave and has the form [6]:

S½ � ¼ HH HV
VH VV

� �
(1)

where H and V refer to horizontal and vertical polarized signals, respectively. The elements of
the scattering matrix [S] are complex scattering amplitudes. For most natural targets including
wetlands, the reciprocity assumption holds where HV = VH. The diagonal elements HH and
VV are called co-polarized elements, while the off-diagonal elements HV and VH are called
cross-polarized elements. Two polarimetric scattering vectors can be extracted from the target
scattering matrix, which are the lexicographical scattering vector and the Pauli scattering vector
[12]. Assuming the reciprocity condition, the lexicological scattering vector has the form:

Kl ¼ HHVV 2HV½ �T (2)

where the superscript T denotes the vector transpose. The multiplication of the cross-
polarization with 2 is to preserve the total backscattered power of the returned signal. The
Pauli scattering vector can be obtained from the complex Pauli spin matrices [6] and, assuming
the reciprocity condition, has the form:

Kp ¼ 1ffiffiffi
2

p HHþ VVHH� VV 2HV½ �T (3)

Deterministic scatterers can be described completely by a single scattering matrix or vector.
However, for remote sensing SAR applications, the assumption of pure deterministic scatterers
is not valid. Thus, scatterers are non-deterministic and cannot be described with a single
polarimetric scattering matrix or vector. This is because the resolution cell is bigger than the
wavelength of the incident wave. Non-deterministic scatterers are spatially distributed. There-
fore, each resolution cell is assumed to contain many deterministic scatterers, where each of
these scatterers can be described by a single scattering matrix [Si]. Therefore, the measured
scattering matrix [S] for one resolution cell consists of the coherent superposition of the
individual scattering matrices [Si] of all the deterministic scatterers located within the resolu-
tion cell [6, 12].

An ensemble average of the complex product between the lexicological scattering vector Kl

and K∗T
l leads to the so-called polarimetric covariance matrix [C], which has the form [6]:

C½ � ¼ Kl:K∗T
l ¼ h HHj j2 HHVV∗ √2HHHV∗

VVHH∗ VVj j2 √2VVHV∗

√2HVHH∗ √2HVVV∗ 2 HVj j2

2
64

3
75i (4)
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where …h i denotes a spatial ensemble averaging assuming homogeneity of the random scat-
tering medium and * the complex conjugate. Analogously, the so-called polarimetric coherency
matrix [T] is formed by the complex product of the Pauli scattering vector Kp with its complex

conjugate transpose K∗T
p and takes the form [6]:

T½ � ¼ Kp:K∗T
p ¼ 1

2 h HHþ VVj j2 HHþ VVð Þ HH� VVð Þ∗ 2 HHþ VVð ÞHV∗

HH� VVð Þ HHþ VVð Þ∗ HH� VVj j2 2 HH� VVð ÞHV∗

2HV HHþ VVð Þ∗ 2HV HH� VVð Þ∗ 4 HVj j2

2
64

3
75i
(5)

The relationship between the covariance matrix [C] and the coherency matrix [T] is linear. Both
matrices are full rank, hermitian positive semidefinite and have the same real non-negative
eigenvalues, but different eigenvectors. Moreover, both matrices contain the complete informa-
tion about variance and correlation for all the complex elements of the scattering matrix [S] [12].

A compact polarimetric SAR system transmits a right- or left-circular polarized signal, provid-
ing a scattering vector of two elements:

Kc ¼ RH RV½ �T (6)

where R refers to a transmitted right-circular polarized signal. A four-element vector called
Stokes vector [g] can be calculated from the measured compact polarimetric scattering vector,
as follow [11]:

g½ � ¼

g0
g1
g2
g3

2
6664

3
7775 ¼ h RHj j2 þ RVj j2

RHj j2 � RVj j2
2Re RHRV∗ð Þ
�2Im RHRV∗ð Þ

2
6664

3
7775i (7)

where Re and Im are the real and imaginary parts of a complex number. The first Stokes
element g0 is associated with the total power of the backscattered signal while the fourth
Stokes vector is associated with the power in the right-hand and left-hand circularly polarized
component [13]. The elements of the Stokes vector can be used to derive an average coherency
matrix, which takes the form [14]:

Tc½ � ¼ 1
2

g0 þ g1 g2 þ ig3
g2 � ig3 g0 � g1

� �
(8)

2.2. Polarimetric scattering mechanisms

Radar backscattering is a function of the radar target properties (dielectric properties, rough-
ness, target geometry) and the radar system characteristics (polarization, band, incidence
angle). Three major backscattering mechanisms can take place during the backscattering
process. These are the surface, double bounce and volume scattering mechanism (Figure 5).

Wetland Monitoring and Mapping Using Synthetic Aperture Radar
http://dx.doi.org/10.5772/intechopen.80224

67



In the case of surface scattering mechanism (Figure 5), the incident radar signal features one or
an odd number of bounces before returns back to the SAR antenna. In this case, a phase shift of
180o occurs between the transmitted and the received signal [6]. However, a very smooth
surface could cause the radar incident signal to be reflected away from the radar antenna,
causing the radar target to appear dark in the SAR image. In this case, scattering is called
specular scattering. An example of such surfaces is the open water in wetlands [12]. In the case
of double bounce scattering mechanism (Figure 5), the incident radar signal hits two surfaces,
horizontal and adjacent vertical forming a dihedral angle, and almost all of incident waves
return back to the radar antenna. Thus, the scattering from radar targets with double bounce
scattering is very high. The phase difference between the transmitted and the received signal is
equal to zero. Double bounce scattering mechanism is frequently observed in open wetlands,
such as bog and marsh, as the results of the interaction of the radar signal between the
standing water and vegetation [15]. In the case of volume scattering mechanism (Figure 5),
the radar signal features multiple random scattering within the natural medium. Usually, a
large portion of the transmitted signal is returned back to the SAR sensor, causing rise to cross
polarizations (HV and VH). Thus, illuminated radar targets with volume scattering appear
bright in a SAR image. Volume scattering is commonly observed in flooded vegetation wet-
lands due to multiple scattering in the vegetation canopy.

In general, the penetration capabilities and the attenuation depth of radar signal in a medium,
such as flooded vegetation, increases with the increasing of the wavelength [6, 12]. Figure 6
presents the penetration of radar signals for different bands. As shown in Figure 6, X-band
SAR has a short wavelength signal with limited penetration capability, while L-band SAR has
long wavelength signal with higher penetration capability. C-band SAR is assumed as a good
compromise between X- and L-band SAR systems. As shown in Figure 6, the scattering mech-
anism of a radar target could be affected by the penetration depth of the radar signal. Thus,
dense flooded vegetation could present volume scattering mechanism in X- or C-band SAR
(return from canopy), but double bounce scattering mechanism in L-band due to scattering
process from trunk-water interaction (Figure 6) [12].

Different decomposition methods have been proposed to derive the target scattering mecha-
nisms for both full polarimetric [6, 16–24] and compact polarimetric [11, 25] SAR data. One of
the earliest and widely used decomposition methods is the Cloude-Pottier decomposition [17].

Figure 5. The three major scattering mechanisms: surface, double bounce and volume.
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This method is incoherent decomposition method based on the eigenvector and eigenvalue
analysis of the coherency matrix [T]. Given that [T] is hermitian positive semidefinite matrix, it
can always be diagonalized using unitary similarity transformations. That is, the coherency
matrix can be given as

T½ � ¼ U½ � Λ½ � U½ �∗T ¼ U½ �
λ1 0 0
0 λ2 0
0 0 λ3

2
64

3
75 U½ �∗T (9)

where [Λ] is the diagonal eigenvalue matrix of [T], λ1 ≥ λ2 ≥ λ3 ≥ 0 are the real eigenvalues and
[U] is a unitary matrix whose columns correspond to the orthogonal eigenvectors of [T]. Based
on the Cloude-Pottier decomposition, three parameters can be derived [17]. The polarimetric
entropy H (0 ≤ H ≤ 1) is defined by the logarithmic sum of the eigenvalues

H ¼ �
X3
i¼1

Pi log 3Pi (10)

where Pi ¼ λi=
P3

i¼1 λi. This parameter is an indicator of the number of effective scattering
mechanisms which took place in the scattering process [6]. The anisotropy A (0 ≤ A ≤ 1)
describes the proportions between the secondary scattering mechanisms

A ¼ λ2 � λ3

λ2 þ λ3
(11)

The anisotropy A provides additional information only for medium values of H because in this
case secondary scattering mechanisms, in addition to the dominant scattering mechanism,

Figure 6. The radar signal penetration for different bands.
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play an important role in the scattering process [6]. The alpha angle α (0 ≤ α ≤ 90o) provides
information about the type of scattering mechanism

α ¼
X3
i¼1

Piαi (12)

where cos(αi) in the magnitude of the first component of the coherency matrix eigenvector ei
(i = 1, 2, 3).

Another widely used polarimetric decomposition method is the Freeman-Durden method [18].
Contrary to the Cloude-Pottier decomposition, which is a purely mathematical construct, the
Freeman-Durden decomposition method is a physically model-based incoherent decomposi-
tion based on the polarimetric covariance matrix. It relies on the conversion of a covariance
matrix to a three-component model. The results of this decomposition are three coefficients
corresponding to the weights of different model components. A polarimetric covariance matrix
[C] can be decomposed to a sum of three components, corresponding to volume, surface, and
double bounce scattering mechanisms [18]:

C½ � ¼ fv C½ �v þ fs C½ �s þ fd C½ �d (13)

where fv, fs, and fd are the three coefficients corresponding to volume, surface, and double bounce
scattering, respectively. The Freeman-Durden decomposition is particularly well adapted to the
study of vegetated areas [18]. Thus, it is widely used for multitemporal wetland monitoring to
track changes of shallow open water to flooded vegetation [26].

Scattering mechanism information can also be obtained using compact polarimetric SAR
data. Two decomposition methods are commonly used. The first is the m-δ decomposition
method [11], which is based on the degree of polarization of the backscattered signal m ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g21 þ g22 þ g23

q
=g0 and the relative phase δ ¼ atan g3=g2

� �
and has the form [11]:

Vd

Vv

Vs

2
64

3
75 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g0m

1� sin δð Þ
2

r
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g0 1�mð Þp

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g0m

1þ sin δð Þ
2

r

2
666664

3
777775

(14)

where Vd, Vv, and Vs refer to double bounce, volume, and surface scattering mechanisms,
respectively. The second decomposition method is the m-χ decomposition [25], which is based
on the degree of polarization m and the ellipticity χ ¼ asin �g3=mg0

� �
=2, and has the form [25]:

Pd

Pv

Ps

2
64

3
75 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g0m

1þ sin 2χð Þ
2

r
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g0 1�mð Þp

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
g0m

1� sin 2χð Þ
2

r

2
666664

3
777775

(15)
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where Pd, Pv, and Ps refer to even bounce, volume, and odd bounce scattering mechanisms,
respectively.

3. SAR wetland applications

3.1. Change detection

The accurate, effective, and continuous identification and tracking of changes in wetlands is
necessary for monitoring human, climatic and other effects on these ecosystems and better
understanding of their response. Wetlands are expected to be even more dynamic in the future
with rapid and frequent changes due to the human stresses on environment and the global
warming [27]. Different methodologies can be adopted to detect and track changes in wetlands
using SAR imagery, depending on the type of the change and the available polarization option.
For example, a change in the surface water level of a wetland area due to e.g. heavy rainfall
could extend the wetland water surface, causing flooding in the surrounding areas. Such a
change can be easily detected using SAR amplitude images before and after the event acquired
with similar acquisition geometry. The specular scattering of the radar signal can highlight the
open water areas (dark areas due to low returned signal). Spatiotemporal changes in wetlands
as dynamic ecosystems could be interpreted using SAR amplitude imagery only. This is
because changes within wetlands could change the surface type illuminated by the radar.
Sometimes, the change could be more complex with alternations in surface water, flooded
vegetation and upland boundaries. In this case, the additional polarimetric information from
full or compact polarimetric SAR is necessary for the detection and interpretation of changes
within wetlands.

As shown in Figure 7, a change within a wetland from wet soil with a high dielectric constant
to open water is usually accompanied with a change in the radar backscattering from surface
scattering with a strong returned signal (Figure 7a) to specular reflection with a weak returned
signal (Figure 7b). The change in wetland could also be due to its seasonal development over
time. Hence, intermediate marsh with large vegetation stems properly oriented could allow for
double bounce scattering mechanism (Figure 7c). As the marsh develops, the strong observed
double bounce scattering mechanism gradually decreases in favor of the volume scattering
(Figure 7d) from the dense canopy of the fully developed marsh [28]. Thus, polarimetric
decomposition methods enable the identification of wetland classes (e.g. flooded vegetation)
and monitoring changes within these classes by means of the temporal change in the backscat-
tering mechanisms. The role of decomposition methods for identification and monitoring of
wetlands was highlighted in a number of recent studies [26, 29–31]. Another way of monitor-
ing changes within wetlands could be through polarimetric change detection methodologies
using full [10], compact [10, 32], or even coherent dual [33] polarized SAR imagery. These
methodologies are based on polarimetric coherency/covariance matrices. Herein, changes are
flagged without information about the scattering mechanisms, which occurred during the
scattering process. Test statistics, such as those proposed in [34, 35], were proven effective for
polarimetric change detection over wetlands.

Wetland Monitoring and Mapping Using Synthetic Aperture Radar
http://dx.doi.org/10.5772/intechopen.80224

71



3.2. Wetland mapping

Ever since the launch of the Earth Resources Technology Satellite (ERTS) in 1972 there has been
interest in using satellite remote sensing as a tool for wetlandmapping and classification because
the traditional air photo and field visit approaches are too costly and time consuming [36].
Wetlands are difficult to map and classify due to a large degree of spatial and temporal variabil-
ity as well as structural and spectral similarities between wetland classes. Over the last decade or
so a state-of-the-art approach for wetland classification has emerged. This is an object based
classification approach using multi-source input data (optical and SAR) with a machine learning
classification algorithm and a quality Digital Elevation Model (DEM) for identifying terrain
suitability for wetlands or surface water [37–40]. Using this approach, greater than 90% accuracy
is often achieved for a wide variety of wetland classification systems [41].

The early satellite SAR systems produced single channel intensity only output data, which
limited its value for land cover and wetland classification. This type of data when used
synergistically with optical data improved the wetland classification compared to using optical
data alone but only to a minor degree [37, 42–45]. This is largely due to the ability of the SAR
wavelengths to penetrate wetland vegetation and “see” the underlying water, thereby improv-
ing the flooded vegetation class discrimination. The flooded vegetation tends to produce
a double bounce scattering mechanism, as explained earlier, which increases the intensity of
the backscatter. HH polarization is best for this due to the enhanced penetration in vegetation.

Figure 7. (a) Surface scattering mechanism from wet soil, (b) radar signal reflection from shallow open water, (c) double
bounce scattering mechanism from signal interaction with vegetation stems and water surface and (d) volume scattering
due to random scattering within the dense flooded vegetation canopy.
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As one goes up the polarization hierarchy from single channel intensity only data to dual-
channel, compact polarimetry, and full polarimetry data sets the information content increases
and the wetland classification subsequently improves [11, 46–50]. In general, dual channel
SAR’s and polarization ratios outperform single channel intensity only data systems and
compact polarimetric data is better than dual channel data. Fully polarimetric data consis-
tently shows the best information content for wetland classification by using polarimetric
parameters derived from the data matrices, or polarimetric decompositions such as the Cloude
and Pottier [17], Freeman-Durden [18], or Touzi [24] decompositions. You can use the decom-
positions or polarimetric parameters such as the polarization phase difference to identify
flooded vegetation due to the double bounce effect increasing intensity and producing the
phase shift. The Shannon Entropy has also proven useful for wetland mapping [51] and may
have some benefit for finding the transition from flooded to saturated soil and between
flooded vegetation and open water. This is a two-parameter model with one parameter relat-
ing to intensity and the other polarization diversity, and it may be simpler than using the
decompositions.

There have been numerous frequency effect evaluations since the early observations of enhanced
scattering from flooded vegetation on SEASAT imagery [52]. This effect for swamps and many
vegetated wetlands with high biomass is quite evident in L-band data due to the increased
canopy penetration and better interaction with the water/trunk/stem interface, resulting in the
double bounce scattering mechanism [53, 54]. It is also evident at C-band and in some cases at X-
band depending on the biomass and density of the canopy and the subsequent wavelength
dependent penetration [41, 55–60]. In general, X- and C-band are preferred for herbaceous
wetlands and less dense canopies while L-band is preferred for woody wetlands such as swamps
and other wetland classes with high biomass.

SAR data has also proven effective for mapping peatlands, which is becoming more important
because of climate change and carbon emission issues [61–64]. Due to the penetration of these
longer wavelengths and the ability to penetrate beneath the plant canopy, there have been
some indications that L-band polarimetric SAR can be used to differentiate between bog and
fen peatlands due to the sensitivity of the water flow characteristics beneath the surface [65].

SAR does not penetrate water so provides little information on invasive aquatic submersive
plants, but L-band and to a lesser degree C-band have shown some success at identifying
invasive Phragmites [66]. This tall dense invasive provides significant SAR backscatter and can
be separated from other land-cover due to this characteristic and its location in the landscape.
It helps to use LiDAR as well as SAR due to the relative height and landscape position of the
Phragmites [67].

In general, one wants to use a steep incidence angle for woody wetlands or flooded vegetation
mapping in order to enhance the penetration to reach the water surface and realize the
enhanced scattering effect due to double bounce scattering between the vegetation and the
water surface. A shallow angle may be preferred if the focus is on the open water mapping as
this can enhance the contrast between the specular scattering of surface water and the flooded
vegetation with volume and double bounce scattering. Recent reviews of wetland remote
sensing and SAR are provided in [40, 41, 68–70].
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3.3. Dynamic surface water and flooded vegetation mapping

The specular backscatter from calm water surfaces allows for easy discrimination of open
water from upland and flooded vegetation using SAR data. At the same time, the double
bounce scattering from flooded vegetation allows discrimination from upland and open
water as described earlier. This, combined with the all-weather data collection capabilities,
makes SAR an ideal sensor for mapping flood as well as dynamic surface water and flooded
vegetation [40].

Flood mapping is operational with SAR data in many countries using data from a variety of
SAR systems from X- to L-band (see for example [71–74]). Intensity thresholding techniques
have traditionally been used for open water mapping [75]. Texture, cross-polarization data,
and other techniques are being developed to solve the problem when the water is brighter due
to wind or current induced roughness, as well as to automate the process [76–79].

As described in the section on wetland mapping the double bounce effect and enhanced
scattering from flooded vegetation makes SAR a good sensor for mapping flooded vegetation
from non-flooded vegetation [40, 59, 80]. This allows the delineation of wetland extent and
with multi-temporal data can be very useful for monitoring seasonal and/or annual changes in
the wetland size and extent. [81] showed that flooded vegetation tends to remain coherent
using InSAR techniques and this can then be used to map wetland type and extent. Thus, SAR
is an ideal sensor for monitoring the spatially and temporally dynamic flooded vegetation
components of wetlands.

The development of standard coverages, like that used for the Sentinel program, results in
stacks of data with the same geometry and facilitates the use of temporal filters for speckle
noise reduction. The use of a multi-temporal filter rather than the conventional spatial filtering
approach can be an effective way to reduce the speckle while maintaining the spatial resolu-
tion and the ability to detect small objects and edges [82, 83]. This also allows the use of
intensity metrics rather than thresholds to separate water from land, which can also help
solving the wind roughness problem [84]. The multi-temporal coverage provided by SAR
systems enables generating hydro-period and dynamic surface water as well as flooded vege-
tation masks [85, 86]. This enables better mapping of temporary, seasonal and ephemeral water
bodies as well as the permanent water bodies, which are static and much easier to map. A
recent review of SAR flood mapping and flood studies with SAR is provided in [87], while [88]
provides a review of flooded vegetation mapping with SAR.

3.4. Water level monitoring

Wetland interferometric synthetic aperture radar (InSAR) is a relatively new application of the
InSAR technology that detects water level changes over wide areas with 5–100 m pixel resolu-
tion and several centimeters vertical accuracy [89–91]. The wetland InSAR technique works
where vegetation emerges above the water surface due to the “double bounce” effect, in which
the radar pulse is backscattered twice from the water surface and vegetation [53]. InSAR
observations were successfully used to study wetland hydrology in the Everglades [90–93],
Louisiana [94–96] and the Sian Ka’an in Yucatan [97].
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One of the key issues in using the InSAR observations for assessing wetland hydrology is
the calibration of the InSAR observations, which are relative in both space and time. In
time, the measurements provide the change in water level (not the actual water level) that
occurred between the two data acquisitions. In space, the measurements describe the
relative change of water levels in the entire interferogram with respect to a zero change at
an arbitrary reference point, because the actual range between the satellite and the surface
cannot be determined accurately. However, the relative changes between pixels can be
determined at the cm-level. In many other InSAR applications, such as earthquake or
volcanic induced deformation, the reference zero change point is chosen to be in the far-
field, where changes are known to be negligible [98]. However, in wetland InSAR, the
assumption of zero surface change in the far-field does not hold, because flow and water
levels can be discontinuous across the various water control structures or other flow
obstacles.

The calibration stage requires additional information on water level changes, which can be
derived from various sources. In areas monitored by stage (water level) stations, as in the
Everglades, the stage data can be used for the InSAR calibration, as conducted by [90].
Another calibration technique relies on spaceborne radar altimetry, which detects absolute
water level changes over a few km wide footprints with accuracy of 5–10 cm [94]. However,
the altimetry observations are limited in space and time, as the radar altimeter data can only
be acquired along the satellite tracks, which are spaces roughly 100 km apart. Also, the
altimetry data is not always synchronized with the InSAR observations, which are acquired
by different satellites.

3.5. Wetland biomass estimation

Wetland biomass is of increasing interest due to methane emission contributions to climate
change from degraded and thawing wetlands. Wetland change can also be used as an indica-
tor of climate change impacts. Wetland vegetation biomass can therefore be an important
indicator of carbon sequestration in wetlands and is essential for understanding the carbon
cycle of these ecosystems. SAR data has the potential to estimate vegetation biomass in
wetlands because radar is particularly sensitive to the vegetation canopy over an underlying
water surface [99]. The biomass of totora reeds and bofedal in water-saturated Andean grass-
lands was mapped with ERS-1 data in [100]. The goal was to protect this ecosystem from
overgrazing. They found that the backscatter signal of ERS-1 was sensitive to the humid and
dry biomass of reeds and grasslands and their biomass maps were useful for the livestock
management in the study region. [101] developed regression and analytical models for esti-
mating mangrove wetland biomass in South China using RADARSAT images. [102, 103] also
found that L-band ALOS PALSAR can be used to estimate the aboveground biomass because
of the correlation between HH and HV backscatter signals. C-band backscatter characteristics
from RADARSAT-2 data were used by [104] to estimate the biomass of the Poyang Lake
wetlands in China. Also, [105] used ENVISAT ASAR data to estimate wetland vegetation
biomass in Poyang Lake. These studies have shown that it is possible to estimate above water
biomass in wetlands with SAR data.
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4. Trends in wetland mapping and monitoring with SAR

As shown in the previous section, spaceborne SAR remote sensing technology is recognized as
essential tool for effective wetland observation. With the presence of global warming and its
associated risks on Earth systems, there is an expressed interest in increased temporal and
spatial resolution of satellite measurements. Thus, a trend toward increased temporal and
spatial resolution of SAR imagery is noted in recent and future SAR missions. The Sentinel-1
SARmission with its two identical SAR satellites (Sentinel-1A&B) is a good example of a recent
SAR mission with a spatial resolution ranging from 5 m to 100 m and a revisit time of 6 days.
This high temporal and spatial resolution is expected to be even higher in the near future with
the launch of the RCM in late 2018. The RCM is expected to provide SAR imagery in a spatial
resolution ranging from 1 m to 100 m, in a revisit time of only 4 days [32]. The increased
temporal and spatial resolution would be required to adequately monitor wetlands and char-
acterize the actual implications of climate change. Also, it is expected to further improve our
understanding of climate change in wetlands and water quality, allowing ecosystem managers
and decision makers to have sufficient information regarding wetland preservation.

With the availability of different remote sensing data with various information contents, the
application of multi-source data for advanced wetland applications is demonstrated in a
number of studies; see for example [2, 44, 61, 67, 106]. In addition to SAR imagery, experiments
on the integration of topographic and remote sensing data, such as optical imagery and LiDAR
data, were conducted. The ultimate objective of these experiments was the improved mapping
accuracy of wetlands. The integration of SAR imagery with optical and topographic data from
multiple sensors was shown in [44, 106] to be necessary for improved wetland mapping and
classification during the growing season. However, the integration of SAR imagery and
LiDAR data did not improve significantly the classification accuracy of wetland in [61, 67].
The modern advances in remote sensing technology and the availability of multi-source infor-
mation are shifting the manner in which Earth observation data are used for wetland monitor-
ing, indicating the need for automated and efficient techniques. Different studies, such as [2,
44, 61, 106], have highlighted the effectiveness of machine learning algorithms for automated
wetland classification. An example of these algorithms is the Random Forest (RF) classification
algorithm proposed in [107]. This shift toward the automated machine learning algorithms
comes to fulfill the requirement for operational wetland monitoring systems.

The continuing advancements in computer processing power and software development as
well as the trend toward free and open access to remote sensing imagery, such as those from
the current Sentinel satellites and the future RCM, are enabling the ingestion of data into a
centralized archive. This also supports the application of a standard rapid processing chain to
generate analysis-ready wetland products. The provision of analysis-ready products to a wide
range of users would revolutionize the role of remote sensing in Earth system science [108].

5. Conclusions

This chapter highlighted the SAR remote sensing technology and its potential for wetland
monitoring and mapping. It was shown that a wide range of wetland applications can be
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addressed using SAR remote sensing imagery. SAR data with enhanced target information
provided by full or compact polarimetric SAR systems can provide information for advanced
wetland applications. In many studies, the information about the polarimetric scattering
mechanisms was found necessary for observing the temporal development of wetlands and
detecting their changes. This chapter shows that the fusion of multi-source data improves
wetland mapping, especially during the growing season. Furthermore, a relatively new appli-
cation of the InSAR technology is currently implemented for water level monitoring. Given the
problem of climate change, wetland biomass estimation using SAR imagery is becoming
necessary for the evaluation of methane emission contributions to climate change from
degraded and thawing wetlands. The current advanced computing capabilities along with
the shift toward free and open access remote sensing data are enabling analysis-ready prod-
ucts for a wide range of users.
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