ARTICLE B ] G E O

https://doi.org/10.1590/2317-4889202220210077 Brazilian Journal of Geology

Seasonal variations in the backscatter of RADARSAT-1
images in tropical coastal environments
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Abstract

Understanding the variability in synthetic aperture radar (SAR) backscatter as a function of the phenological variability of vegetation and
tropical environmental conditions is still a challenge. Through quantitative and qualitative analyses, this study addresses how both environ-
mental and precipitation conditions, tidal range, and vegetation density affect the backscatter coefficients of coastal environments based
on the analysis of four C-band, HH-Polarization, RADARSAT-1 Wide 1 images, in descending orbit, acquired in the wet and dry seasons.
The canopy structural variations were analyzed using the enhanced vegetation index (EVI), and correlated with the backscatter values of
SAR images, in order to define the predominant backscatter mechanisms, making it possible to distinguish the mangroves from the brackish
marshes in the easternmost Amazon coastal plain (Caranguejos Island). The C-band, HH-Polarization RADARSAT-1 backscatter shows the
highest correlation with average EVI values in the dry season. The results show that mangroves and brackish marshes can be distinguished in
images acquired under low precipitation, especially in the dry season. Variations in the tidal conditions have no effect on the backscatter values
of RADARSAT-1 images. We conclude, therefore, that multitemporal RADARSAT-1 images are adequate for monitoring and discriminating
wetland environments in a humid tropical climate.
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INTRODUCTION and flooded soil conditions (Borgeau-Chavez et al. 2005,
For the recognition and mapping of coastal wetland envi- Dabboor and Brisco 2018).

ronments using synthetic aperture radar (SAR) images, it is In forests with dense and moist canopies, incident micro-

necessary to understand the direct relationships between the wave energy is scattered from the canopy layer itself in several

parameters of the sensor system: wavelength, (Mougin et al. directions, reaching the other layers with a smaller amount of

1999, Lucas et al. 2007) polarization (Pope et al. 1997, Mougin energy (Bourgeau-Chavez et al. 2005 ). In the case of sparse for-
et al. 1999, Lang and Kasischke 2008, Brisco et al. 2011, Sang ests, some microwave radiation penetrates through the tree can-
et al. 2014), and incidence angle (Wang et al. 1995, Singhroy opy and interacts with the ground surface, allowing detection
2002, Kovacs et al. 2006, Li et al. 2007, Lang et al. 2008); as of flooding or soil moisture. The transmissivity of the canopy is

well as characteristics of the targets such as size, geometric influenced by the variation in the Leaf Area Index (LAI), which
shape, density, surface roughness, and dielectric constant varies over the seasons. In the wet season, when the LAI of the
(Lewis and Henderson 1998, Tsyganskaya et al. 2018). In the canopy is higher, the canopy transmissivity decreases, as does the
C-band SAR, the scattering coefficient Sigma nought (G°) is amount of energy reaching the forest surface. Consequently, an
mainly influenced by canopy scattering, as greater interaction increase in canopy foliage reduces the ability to detect flooded
occurs with the smaller parts of the canopy, such as branches forests using SAR data (Lang et al. 2008). In sparse forests with
and leaves (Proisy et al. 2000, Parmuchi et al. 2002, Proisy et al. dry soil, the radiation is scattered in multiple directions from
2002, Townsend 2002, Lang et al. 2008). Figure 1 shows the both the tree canopy and the ground surface. When the ground
theoretical C-band scattering in a wetland with forest (shrub) isflooded, most of the energy is scattered in the opposite direc-
vegetation and also in herbaceous vegetation under dry, wet tion from the smooth surface, then bouncing off the tree trunks

back to the sensor (double bounce scattering). In this case, the
scattering originating from ground-trunk interactions is often

o . ) ) .
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H: horizontal polarization radar signal; V: vertical polarization radar signal.

Source: adapted from Bourgeau-Chavez et al. (2005).

Figure 1. Theoretical model of the C-band scattering of forests and herbaceous vegetation under flooded and nonflooded conditions.

vegetation with the ground (Souza-Filho et al. 2011). In the
case of a ground surface with flooded vegetation, all incident
energy is reflected in the direction opposite that of the sensor,
and the backscatter is typically lower than in dry soil (Bourgeau-
Chavez et al. 2005, Kim et al. 2014, Dabboor and Brisco 2018).

Several studies have related radar backscattering with the
structural parameters of mangrove vegetation such as basal
area (Kovacs et al. 2013b), tree height (Simard et al. 2006), tree
diameter breast height (DBH) (Mougin ef al. 1999, Kovacs
et al. 2006, Kovacs et al. 2013b), leaf area index (Kovacs et al.
2006, Kovacs et al. 2013a, Kovacs et al. 2013b), stem density
(Kovacs et al. 2013a); and homogeneous forest canopies to
estimate above-ground biomass (AGB) (Van der Sanden 1997,
Mougin et al. 1999, Proisy et al. 2002, Proisy et al. 2007, Kovacs
et al. 2013b, Cougo et al. 2015) at various SAR frequencies
and polarizations, including C-band and HH-polarization.

In order to map flooded forests, several researchers suggested
the use of HH- polarization in comparison to VV-polarization
relating to the orientation of the SAR signal for single-polar-
ized data at different wavelengths: C-band (Karszenbaum et al.
2000, Townsend 2002, Lang and Kasischke 2008, Sang et al.
2014) and considering different frequencies C, L and P-band
(Bourgeau-Chavez et al. 2001, Proisy et al. 2002). In general,
HH-polarization penetrates the vegetation canopy better than
VV and, when striking the water surface, it reflects better in
comparison to VV-polarization. Consequently, the contribu-
tion of double-bounce scattering from the trunk-ground inter-
action is smaller at VV than at HH-polarization (Wang et al.
1995, Pierdicca et al. 2013).

In the tropical wetlands in the Amazon, the use of C-band

SAR imagery has shown satisfactory results in the discrimination
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of coastal environments, which are responsible for the enhance-
ment of topographic features, differences in vegetation height,
body geometry and moisture content (Souza Filho and Paradella
2001, 2002, Teixeira 2006, Teixeira and Souza-Filho 2009).
The boundaries between the mangroves and upland forest in
C-band HH-polarization SAR images was well delimited in
images acquired in low rainfall for the Golfao Maranhense
region (Teixeira and Souza-Filho 2009).

Vegetation indexes obtained from optical images have
physical significance (Vygodskaya et al. 1989) and several
studies have shown the high correlation of EVI — Enhanced
Vegetation Index to canopy structural variations, including
canopy type, plant physiognomy, and canopy architecture
(Wang et al. 2013). The EVI is an index designed to enhance
the vegetation signal with improved sensitivity in high bio-
mass regions, also improving vegetation monitoring through
de-coupling of the canopy background signal and a reduction
in atmospheric influences (Justice et al. 1998).

Within this context, the goal of the current study is to eval-
uate the seasonal variations in the backscatter coeflicients of
RADARSAT-1 images (band C-HH) in coastal wetlands in
order to recognize and map mangroves and brackish marshes
in relation to the canopy structural variations, through correla-

tion with EVI values in the easternmost Amazon coastal plain.

MATERIALS AND METHODS

Study site
The study site (Fig. 2) is located in the extreme north of the

Brazilian state of Maranhao, more precisely, on the Caranguejos
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Figure 2. Location of the study site with the digital elevation model (DEM - SRTM - Shuttle Radar Topography Mission) and topographic
profile of Caranguejos Island. (A) Brackish marshes in the wet season with shallow water depth; (B) marshes in the dry season; (C) oblique

view of Rhizophora mangle vegetation; (D) general appearance of the species Laguncularia racemosa.

Island in the Sio Marcos Bay, which is part of the Baixada
Maranhense Environmental Protection Area, also the larg-
est mangrove island in Brazil. It has a humid tropical climate
characterized by a semidiurnal macrotidal regime, with aver-
age tidal range of 4m, a maximum tidal range above 7 m, and
maximum tidal currents above 4 m/s (Rebelo-Mochel 1997).

Two coastal wetland ecosystems are present in the
Caranguejos Island region: mangroves and floodplains. The man-
grove forest canopies reach elevations of approximately 25 m,
while the floodplains reach approximately 6 m (Fig. 2).

The brackish marshes occur above the high tide of the
region, ranging from 4 to 5.7 m and are subject to seasonal
flooding (Figs. 2A and 2B), with a water depth of approximately
50 cm during the wet season. The main plant species includes
the Cyperaceae family (Eleocharis mutata, Eleocharis caribaea,
Eleocharis mucronulata and Eleocharis interstincta), grasses
(Paspalum sp.) and aquatic plants of the genus Nymphaea sp.
(Rebelo-Mochel and Castro 2003).

The mangroves colonize the intertidal zone, which is
located along the Maranhao coast at an elevation range between
1.0 and 5.5 m (Rebelo-Mochel and Castro 2003). The most
common species occurring in the Maranhdo mangroves are
the Rhizophora mangle (Fig. 2C), Avicennia germinans (syn-
onymous with Avicennia nitida), and Laguncularia racemosa
(Fig. 2D), especially in areas influenced by salt tides (Rebelo-
Mochel 1993, 2000).

Remote sensing dataset

Four multitemporal RADARSAT-1 images, with the C-band,
Wide-1 mode, and descending orbit, were acquired in the wet
and dry seasons under different precipitation conditions and
tidal ranges (Tab. 1).

An orthorectified Landsat-4 TM scene (orbit/point
221/062, of 09/13/1992) from the University of Maryland
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collection (http://glcfumiacs.umd/edu/data) was used as the
reference image. For the analysis of the EVI, bands 1, 3 and 4
of Landsat-7 ETM+ (orbit/point 221/062, of May 07, 2003)
and Landsat-5 TM scenes (orbit/point 221/062, of September
22,2004) with the lowest cloud cover for the wet and dry sea-
sons, acquired from the digital collection of the Earth Explorer
at https://earthexplorer.usgs.gov, were used. For the elevation
data, Shuttle Radar Topography Mission (SRTM) images from
February 2000 (downloaded from http://www2.jpl.nasa.gov/
srtm/) were used, where the digital elevation model (DEM)
was automatically extracted.

Tide level and precipitation data survey

For the evaluation of the tidal conditions (Fig. 3), at the
time of acquisition of the SAR images, the tide table data
for the Port of Itaqui (Sao Luis, Maranhio) were analyzed
(DHN 2011). The average daily precipitation data (from the
Sao Luis weather station, CPTEC 2006) corresponding to
the five days preceding the acquisition of the SAR images, in
addition to the average precipitation on the day of acquisition,
were used (Fig. 3).

SAR image processing

The RADARSAT-1 images were processed in Geomatica
10.4 using several algorithms (Fig. 4). Initially, headers were
read in the CDSAR function, then next step was to read the
incidence angles using the Sarincd algorithm. Afterwards, the
Sarsigm algorithm was used to correct the brightness values
using Equation 1 and Equation 2 was used to calculate the
backscatter coefficient values (Raney 1998).

B°(r)=10x1log, [{DN* + 4,} / A(r)] (1)

o°(r) = p°(r)+10xlog,, {sin(I(r))} ()


http://glcf.umiacs.umd/edu/data
https://earthexplorer.usgs.gov
http://www2.jpl.nasa.gov/srtm/
http://www2.jpl.nasa.gov/srtm/
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Table 1. Characteristics of the RADARSAT-1 images used.

Nominal
Incidence omm'a Pixel
Beam L. L resolution A Swath
Platform/Sensor ode Polarization Date of acquisition angle (range x size (km) Season
(near/far) . 8 (m)
azimuth) (m)
RADARSAT-1/SAR  Wide-1 HH January 16,2003 20°-31° 35.5x27 12.5 165 Wet
RADARSAT-1/SAR  Wide-1 HH February 09, 2003 20°-31° 35.5x27 12.5 165 Wet
RADARSAT-1/SAR  Wide-1 HH September 07,2004 20°-31° 35.5x27 12.5 165 Dry
RADARSAT-1/SAR  Wide-1 HH October 01, 2004 20°-31° 35.5x27 12.5 165 Dry
Date Tidal range (m) Precipitation (mm)
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Figure 3. On the left, tidal ranges for the Port of Itaqui (Sio Luis, Maranhio) on the days when image acquisition occurred (Source:
DHN 2011). On the right, precipitation recorded at the Sao Luis weather station during the S days preceding the day of acquisition of the
RADARSAT-1 images. The black bar highlights the day of acquisition (Source: CPTEC 2006).
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Figure 4. Synthesis of the methodological approach.

Where:

f° (r) = image brightness;

0° (r) = backscatter coefficient;

r = image column number (distance in range);
DN2 = numerical value of the pixel;

AQ = scaling;

A(r) = gain offset;

I(r) =incidence angle (varying as a function of distance in range).

Each RADARSAT-1 image (both the amplitude and
backscatter coefficient images) was orthorectified in the
OrthoEngine package of Geomatica 10.4. The elevation data
were extracted from the DEM of the Shuttle Radar Topography
Mission-SRTM (Rabus et al. 2003), and the control points
were obtained from the orthorectified images of Landsat-4
TM. For speckle noise reduction the Enhanced Frost filter
was used with a 3x3 window.

For each SAR image, the backscatter coefficient values were
collected a total of 50 representative samples, each with a size
of 3 x 3 pixels, for each of the classes analyzed (mangroves,

brackish marshes and water).

5/13

EVI calculation

Initially, the Landsat-S TM and Landsat-7 ETM+ images
were georeferenced using ENVI S.5. After georeferencing, the
gray level values were converted into physical reflectance values
in each of the image bands. Atmospheric correction was per-
formed in the FLAASH module with the tropical atmosphere
and the rural aerosol models. A single altitude value, 40 m, was
used since the Caranguejos Island does not present large altimet-
ric variations. For the visibility parameter, the value of 70 km was
applied since a visibility of 40 to 100 is indicated for clear scenes.
Lastly, the value of 1.0 was selected as the water column multiplier.

After the transformation from radiance to reflectance, the
EVIwas calculated according to Equation 3 (Justice et al. 1998).

EVI= 2'5(p i pred)/(L+pnir+ Clpredf C2pblue) (3)

Where:

EVI = Enhanced vegetation index;
p .= near-infrared band;

P, = red band;

Py, = blue band;
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L = the canopy background correction;

C,and C, =the coeflicients to correct for aerosol effects.

The coefficients currently usedare L=1; C,=6and C, =
7.5 (Justice et al. 1998).

For the extraction of the average EVI values in each of
the analyzed classes from the two images, the same polygons
were used to extract the backscatter values of the SAR images.
Thus, 50 samples of 3 x 3 pixels were collected for each of the

classes: mangroves, brackish marshes and water.

Statistical analysis

Statistical analyses were performed using the trial version
of the Statistica 10 (StatSoft 2021) software. The average values
of the EVI samples and the backscatter coefficients of the SAR
images were subjected to exploratory analysis (Kutner et al. 2004).
Initially, the normality of the distribution of the samples was
tested using the Shapiro-Wilk test. Boxplots were constructed
to verify the means and dispersion around the mean, in which
twice the standard deviation of the sample mean and outliers
were adopted. To verify the outliers, the Dixon test was applied
to the samples. Subsequently, the similarity between the means
of the samples was tested using the Mann-Whitney U test for
samples that did not show a normal distribution. The last step
was to determine the correlation between the average values
of the EVI samples and the backscatter coeflicient using the

Spearman correlation coefficient (Kutner et al. 2004).

Contextual classification

To perform the contextual classification (Gongand Howarth
1992), two 8-bit reduced images were generated from the
amplitude images in the Reduce algorithm of Geomatica 10.4.
One image for the wet season, using the images from Jan 16,
2003, and Feb 09, 2003 and another for the dry season, using
the images from Sep 07, 2004 and Oct 01, 2004.

For the two reduced images, the classification was done
using the Context algorithm of PCI 10.4, with the nearest neigh-
bor resampling method and 7x7 window size. Training areas
representative of each of the previously determined classes
(mangroves, brackish marshes and water) were collected.

The accuracy was assessed by selecting 512 reference points
distributed in a stratified and random manner over the study area
and comparing them with the reference data collected in the field.
In addition, confusion matrices were calculated to evaluate the
accuracy of the classification based on the Kappa index, global
accuracy and omission and commission error (Congalton 1991).

Figure 4 summarizes the methodological approach used
in this study.

RESULTS AND DISCUSSION

Statistical analysis of the backscatter

coefficients of the RADARSAT-1 images
The Shapiro-Wilk test confirms the abnormal distribution

of the backscatter coeflicient samples from the SAR images in

all analyzed images at a 5% significance level.
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To determine the separability of the environments in the
SAR images, first the boxplots are constructed, which facili-
tates visual analysis based on the mean, dispersion, outliers
and extremes (Fig. 5). However, according to the Dixon test,
these samples are not confirmed as outliers.

As observed in Figures 5A, 5B, SC and 5D, the mangroves
exhibit the highest mean backscatter coeflicient values in all
images, followed by the brackish marshes, and the lowest mean
values were found in water. Visually, a low dispersion around
the mean is observed. For the wet season images, two patterns
can be observed. In the Jan 16th, 2003 image, the mangroves
are visually separable from the brackish marshes, while in the
image from Feb 09th, 2003, some overlap occurs in the disper-
sions of these two environments, which can make their sepa-
ration difficult. For the dry season images, the mangroves are
separable from the marshes. To determine the similarity of the
means of the backscatter values in the water and wetland envi-
ronments, the data from the samples of the four polarizations
were tested using the Mann-Whitney U test as they presented
an abnormal distribution (Tab. 2).

The statistical similarity between the mean G%values of the
wetlands and the water is not confirmed by the Mann-Whitney
U test (Tab. 2). This result confirms that the analyzed classes
are separable in the four images, even in the image from Feb
09th, 2003, which shows some overlap of the dispersion of the

mean of the marshes and the mangroves (Fig. SB).

Class separability analysis
based on EVI values

The statistical analyses corroborate the recognition and
mapping of the water classes of the brackish marshes and man-
groves in the two analyzed seasons for EVL. In two analyzed
seasons the separation of the brackish marshes and mangroves
is difficult, as attested by the Mann-Whitney test.

Through the construction of boxplots, in which the mean,
dispersion, outliers and extremes are plotted, a first visual anal-
ysis of the separability of the environments in the EVI images
can be performed (Fig. 6).

The analysis of Figures 6A and 6B reveals the presence of
outliers, which are evaluated by the Dixon test; this test does
not confirm their presence. The mean EVI values are similar for
the two wetland environments in the two seasons. The visual
data analysis shows that there is some overlap in the disper-
sions of the mean EVI values of the brackish marshes and man-
groves in the two seasons, which maylead to some difficulty in
distinguishing the environments. The water class is separable
from the wetland environments in the two images (Tab. 3).

Analysis of the relationship between
the backscatter coefficient and the EVI

The Spearman correlation coeflicient (rs) isused to test the
correlation between the 6° values and the mean EVI values
given the nonparametric nature of the samples. Table 4 shows
the correlation coefficient (r ), the Student’s t test probability
forn-2 degrees of freedom and the p-values obtained from the
correlation test performed between the mean EVI and back-

scatter values in the wet and dry seasons.
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Figure S. Boxplots of the 6° values obtained from the RADARSAT-1 images, for the mangrove environments, brackish marshes and water, in
the images acquired on (A) Jan 16,2003; (B) Feb 09, 2003; (C) Sep 07,2004; (D) Oct 01, 2004.

Table 2. Mean and standard deviation of 6° values extracted from the RADARSAT-1 images and the p-values of the Mann-Whitney U test for
comparing the means of G° of the analyzed classes (mangroves, brackish marshes and water) at a 5% significance level.

Water Brackish Marshes Mangroves

Mean -14.870 -10.612 -7.447

. Standard deviation 1.961 1.807 1.156

Jon 16,2003 p-value of Utestmean , . 0.000 - 0.000

p-value of U test mean Mangroves 0.000 0.000 -

Mean -12.567 -4.494 -3.829

. Standard deviation 2.393 1.441 1.348
o Feb 09, 2003

p-value of Utest mean .. 0.000 - 0.031

p-value of U test mean Mangroves 0.000 0.031 -

Mean -12.336 -6.356 -4.457

. Standard deviation 2.512 1.384 1.185
c Sep 07,2004

p-value of Utestmean , . 0.000 - 0.000

p-value of U test mean Mangroves 0.000 0.000 -

Mean -11.001 -6.920 -4.332

. Standard deviation 1.805 1.470 1.255
o Oct 01,2004

' p-value of Utest mean .. 0.000 - 0.000

p-value of U test mean 0.000 0.000 -

Mangroves

The results of the Spearman correlation test show that the
correlations between the EVI values and the mean backscatter
values in all four SAR images are significant at the 5% confi-
dence level, as indicated by the p-value = 0. The highest cor-
relation values were observed between the mean EVI values

with the mean backscatter values in the dry season, showinga
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directly proportional relationship. These results indicate that
the C-band in the HH polarization is sensitive to variations
in vegetation density.

The data presented herein indicates that in the dry sea-
son, both mangroves and brackish marshes have high mean

EVI values (Tab. 3), are areas related to leaf production rate,
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Figure 6. Boxplots of EVI values in the three classes analyzed (mangroves, brackish marshes, and water) in the two season: (A) wet season;

(B) dry season.

Table 3. Mean EVI values and standard deviation of the images from May 2003 and September 2004 and p-values of the Mann-Whitney U
test for comparing the mean EVI values between the analyzed classes (mangroves, brackish marshes and water), at a 5% significance level.

Water Brackish marshes Mangroves
Mean -0.155 0.435 0.446
Standard deviation 0.050 0.075 0.095
FV i 203 alue of U 0.000 0.150
p-valueof Utestmean ;. oo . - .
p-value of U test mean 0.000 0.150
angroves
Mean -0.116 0.544 0.545
Standard deviation 0.079 0.083 0.161
EVI% tember/2004
P p-value of Utestmean .. 0.000 - 0.338
p-value of U test mean | i 0.000 0.338 -
angroves

Table 4. Results of the Spearman correlation test between the EVI
values and the mean backscatter for the RADARSAT-1 images in
the wet and dry seasons.

Season r, t(n-2) p-value
6°Jan 16,2003 Wet 0.626 9.721 =0
¢° Feb 09,2003 Wet 0.644 10.211 =0
o° Sep 07,2004 Dry 0.659 10.644 =0
6° Oct 01,2004 Dry 0.654 10.489 =0

however this does not correspond immediately to leaf gain in
most cases, presenting instead a two- to three-month lag, as
presented by Younes et al. (2020), in studies of mangrove phe-
nology in Australia, via remote sensing. This is corroborated by
Huete et al. (2006), who studied the Amazon vegetation phe-
nology through MODIS images and EVI values increased by
25% with sunlight during the dry season. This was attributed
to the greater availability of sunlight in the dry season along
with uninterrupted root access to deep soil water reserves.
In the wet season, it is believed that the mangrove forest
has a less homogeneous and less dense canopy, attested by
the lowest mean value EVI (Tab. 3). For the mangrove areas,
the Rhizophora mangle species, Laguncularia racemosa and
Avicennia germinans produce leaves at different times of the
year (Menezes et al. 2008), which can influence the mean
EVI values and canopy density. The less dense canopy affects

microwave radiation interactions since transmissivity tends to
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increase, with greater energy interaction in the C-band with
the smaller canopy components (Proisy et al. 2000, 2002, Lang
et al.2008), as shown in Figure 1. Even with higher transmis-
sivity, the energy is not able to reach the water surface under
the canopy; thus not having the detection of tidal inundation,
which was high at the time of image acquisition on Jan 16,2003
isnot detected. Thus, the backscatter coefficient values for the
mangrove forest in this image (mean of approximately -7.4 dB)
mainly represent the signal that returned from inside the can-
opy through volumetric scattering, with the contribution of
backscattering from the canopy surface and the interactions
of energy with larger branches or trunks (Fig. 7). However, it
is believed that much of the incident energy is lost with higher
transmissivity. In the image from Feb 09, 2003, it is believed
that the high backscatter values, approximately -3.8 dB for the
mangrove forest, occur due to an increase in moisture due to
the high precipitation recorded for the five days preceding the
image acquisition as observed by Kasischke et al. (2003), Ali
etal.(2013) and Wang et al. (2013). With an increase in mois-
ture, there was a lower penetration of the incident energy into
the canopy and thus a greater signal return as a consequence
of volume scattering (Lewis and Henderson 1998).

For the brackish marshes, during the wet season, precipita-
tion and river flooding form shallow water lakes, which allows
for greater development of herbaceous plant species (Araujo
2008). Much of the herbaceous vegetation is exposed on the
surface of the water layer; thus, the energy recorded by the
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Figure 7. RADARSAT-1 backscatter coefficient images of the wet and dry seasons, where O'g: total backscatter; o 3: vegetation surface

backscatter; O 3 : volumetric backscatter from inside the vegetation canopy; o'lO: trunk backscatter, o

specular scattering.

sensor is the energy scattered by the system that functions as
a surface of intermediate roughness. The existing vegetation
creates a volume scattering and multiple reflections that return
to the sensor (Pope et al. 1994, 1997, Bourgeau-Chavez et al.
2005). However, a part of the incident energy is reflected in
the opposite direction from the sensor due to the presence
a ground surface with flooded vegetation, and the backscat-
ter is typically lower than in dry soil (Bourgeau-Chavez et al.
2005, Kim et al. 2014, Dabboor and Brisco 2018), as observed
in the image from Jan 16th, 2003 (Fig. 7), where the mean
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backscatter values are approximately -10.6 dB. For the image
taken in Feb 09th, 2003, the backscatter values of the brackish
marshes are higher, approximately -4.4 dB (Tab. 2), which can
be explained by the increase in moisture, as previously seen
for this image (Wang et al. 2013), increasing the intensity of
the return of energy back to the sensor (Lewis and Henderson
1998) (Fig. 7).

In the dry season, the mangroves and brackish marshes
exhibit high mean EVI values (Tab. 3). These values reflect the

increase in leaf production rate (Younes et al. 2020), thus it is
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believed that the mangrove forest has a more homogeneous
and denser canopy. In the two SAR images from the dry season
(Sep 07,2004 and Oct 01, 2004), acquired under low precip-
itation, the high and low tide conditions do not influence the
mean backscatter coefficient values of the mangroves (Tab. 2)
since the values, -4.4 and -4.3 dB, respectively, are very close.
Itis believed that in the dry season, the amount of energy that
returns from the mangrove forest back to the sensor is mainly
the result of the interaction of scattered radiation in various
directions within the canopy (volumetric scattering) with
the contribution of backscattering from the canopy surface.
The values recorded in the dry season images for the mangrove
forest are higher than those recorded in the Jan 16th, 2003
image from the wet season, acquired under low precipitation.
As observed by Kovacs et al. (2006), who analyzed backscat-
ter values for white mangroves in the Pacific Coast of Mexico
using C-band HH- polarization data, captured from a satellite
platform (RADARSAT-1 fine beam). It is believed that under
denser canopy conditions, a greater amount of incident energy
returns to the sensor from the volumetric scattering mecha-
nism, while in canopies with less foliage, a greater amount of
incident energy is lost. (Fig. 7).

For the brackish marshes, it is believed that the microwave
energy behavior is also the same on the two days of acquisition
of the SAR images in the dry season. The high EVI values for
the brackish marshes areas may be related to the evaporation
of the water layer, which causes the disappearance of aquatic
plants, with only grasses and cyperaceous plants remaining,
which grow in the shape of tufts. During the summer, these
tufts are distant from each other, with the driest leaves exposing

part of the soil. It is believed that with vegetation and exposed
soil, the incident microwave energy is scattered in multiple
directions from the vegetation and from the ground surface,
causing a higher signal return (Fig. 7), when compared to the
mean backscatter values recorded in the image from Jan 16th,
2003 (Bourgeau-Chavez et al. 2005), thus resulting in back-
scatter values of approximately -6.0 dB, as seen in Table 2.

Contextual classification of SAR images

As seen in the statistical analysis section, it is possible to
separate mangroves, brackish marshes and water in all four
images based on the mean backscatter coefficient. Thus, we
choose to use contextual classification, based on frequency,
as a way to evaluate the separability of the wetland environ-
ments in the SAR images in both the wet and dry seasons.
Thus, the two images from each season are combined to gen-
erate areduced image for the wet season and another reduced
image for the dry season.

Contextual classifications are generated from the reduced
images, which are shown in Figures 8A and 8B, for the wet
and dry seasons respectively.

By analyzing the confusion matrices presented in Tables
SA and 5B, corresponding to the wet and dry seasons, respec-
tively, we can observe that the brackish marshes exhibit the
highest classification error, with commission errors of 35.43%
(Tab. SA) and 19.67% (Tab. SB). This erroneous classification
of pixels, mainly as mangroves, may have been influenced by
the Feb 09, 2003 image in the wet season (Fig. 7), in which
the responses of the mangroves and brackish marshes were
somewhat similar, as shown in Table 2. The difference in

Figure 8. Results of the contextual classifications of the reduced images: (A) wet season and (B) dry season.
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Table S. Confusion matrix generated for the contextual classification of the reduced image: a) wet season and b) dry season.

Reference Data
Class Water Brackish marshes Mangroves Commission (%)
Water 190 0 2 192 1.04
Brackish marshes 7 82 38 127 35.43
Mangroves 4 35 154 193 20.21
201 117 194 512
Omission (%) 5.47 29.91 20.61
Kappa index = 0.743
a
Overall accuracy = 83.20%
Reference Data
Class Water Brackish marshes Mangroves Commission (%)
Water 185 0 3 188 1.59
Brackish marshes 6 98 18 122 19.67
Mangroves 2 28 171 201 14.92
194 126 192 512
Omission (%) 4.64 22.22 10.94
Kappa index = 0.827 b

Overall accuracy = 88.67%

the mean backscatter between these two environments is
less than 1 dB, which is caused by the increase in moisture,
which generally increases the backscattering of the image,
as previously seen. For the dry season, the confusion may
be caused by the classification of dense mangrove areas as
brackish marshes areas.

An evaluation of the overall accuracy index indicates that
the contextual classification of the dry season image is slightly
better than the classification of the reduced wet season image.
The tables show that the contextual classification of the dry
season presents the highest kappa index (82.7%), thus indi-
cating excellent performance according to the classification
of Cohen (1960).

CONCLUSION

The qualitative and quantitative analyses ofthe RADARSAT-1
images and of the mean G° values of the mangrove forests and
brackish marshes showed that these environments are separable
in C-band SAR images, especially when the images acquired in
areas under low precipitation conditions. When there is mois-
ture in the system, the separation between these environments
tends to decrease due to increased backscatter. The mean back-
scatter values of the mangroves were always higher than the
mean values of the brackish marshes, corroborating the idea
that the amount of energy that returns back to the sensor from
the volumetric scattering that occurs in the canopy of man-
grove forests is greater than the energy that returns from the

diffuse scattering of the brackish marshes.

The C-band HH-polarization backscatter coefficients
were correlated to spectral vegetation indexes — EVI, and
the highest correlation values were observed between values
in dry season, corroborating the idea that the C-band in the
HH-polarization is sensitive to variations in vegetation density.

The contextual classification method was considered effi-
cient in the mapping of wetlands in both seasons since very
good classifications were presented for the wet season and
excellent classifications were presented for the dry season.
The multitemporal RADARSAT-1 images were adequate for
the monitoring and discrimination of wetlands in humid trop-
ical climates and allowed for the evaluation of the influence of
the interaction of environmental conditions on the backscatter
of microwave radiation from coastal wetlands.

This study proved that the HH-polarization was efficient for
distinguishing the contact between mangroves and the brackish
marshes, corroborating the idea that HH-polarization pene-
trates the vegetation canopy even with a difference in structure.

In addition, other polarizations can be used and compared
in future research and, furthermore, the results found can

serve as a reference for similar studies using Sentinel images.
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