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Abstract: Synthetic Aperture Radar (SAR) has been used in characterizing intertidal zones along
northern Canadian coastlines. RADARSAT-2, with its full polarimetric information, has been
considered for monitoring these vulnerable ecosystems and helping enhance the navigational safety
of these waters. The RADARSAT Constellation Mission (RCM) will ensure data continuity with
three identical SAR satellites orbiting together, providing superior revisit capabilities. The three
satellites are equipped with multiple configurations, including single-polarization (HH, HV, VV),
conventional (HH-HV, VV-VH, and HH-VV), hybrid (i.e., compact) dual polarization, and fully
polarimetric (FP) modes. This study investigates the potential of the compact polarimetric (CP) mode
for mapping an intertidal zone located at Tasiujaq village on the southwest shore of Ungava Bay,
Quebec. Simulated RCM data were generated using FP RADARSAT-2 images collected over the
study site in 2016. Commonly used tools for CP analysis include Raney m-delta classification and
the hybrid dual polarizations RH-RV (where the transmitter is right-circular and the receivers are
horizontal and vertical linear polarizations) and RR-RL (where the transmitter is right circular and
the receivers are right-circular and left-circular polarizations). The potential of CP is compared with
single, conventional dual-pol, and FP. The Freeman–Durden and Touzi discriminators are used for FP
analysis. The random forest classifier is used as a classification approach due to its well-documented
performance compared to other classifiers. The results suggest that the hybrid compact (RR-RL and
RH-RV) dual polarizations provide encouraging separability capacities with overall accuracies of
61% and 60.7%, respectively, although they do not perform as well as conventional dual-pol HH-HV
(64.4%). On the other hand, the CP polarimetric m-delta decomposition generated slightly less
accurate classification results with an overall accuracy of approximately 62% compared to the FP
Freeman–Durden (67.08%) and Touzi discriminators (71.1%).
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1. Introduction

Northern Canadian coastlines have vulnerable and dynamic intertidal zones with very large
tidal ranges occurring in several areas. Climate change has impacted sediment mobility in these
dynamic coastal areas, presenting challenges for chart maintenance, navigational safety, and water/land
resource management [1–3]. Thus, frequently mapping shorelines and intertidal zones is important for
understanding the impact of coastal changes that are triggered by waves, tides, and currents. To help
quantify the changes in these fragile ecosystems, remote sensing provides practical monitoring tools
that can further enhance modelling and prediction change at both the local and regional scales [4].
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Methods based on multispectral Light Detection and Ranging (LiDAR) surveys have been used to
evaluate spatio-temporal changes in coastal topography in an attempt to improve model predictions
of rising sea levels and their impact on these ecosystems [5]. Such an approach, however, is difficult
to implement in larger areas [6,7]. Likewise, multispectral imagery is often used to map intertidal
areas, as these data benefit from the spectral response contrast of intertidal classes in visible, near,
and mid-infrared bands [8–12]. Unfortunately, the use of multispectral imagery requires a cloud-free
view of the intertidal environment at low tide conditions. This scenario is difficult to capture in
northern regions with the current satellite missions in orbit. Alternatively, microwave remote sensing
using synthetic aperture radar (SAR) overcomes these limitations by offering valuable geophysical
parameters over intertidal zones in all-weather and daylight-independent conditions. The combination
of multi-frequency SAR data for mapping intertidal sediments has been investigated in several
studies [13,14]. The contrast between different target elements in intertidal zones is based on their
differences in dielectric properties and the structure and conditions of both soil (e.g., moisture and
roughness, sediment size and shape) and vegetation (e.g., size, orientation, and shape). In this case,
the multi-frequency approach can be used to enhance sediment classification, as SAR frequencies are
very sensitive to the micro-topographic scale of surface sediments [13]. Polarimetric multi-frequency
(L, C, X-band) SAR data have also been investigated for surface roughness characterization and
mapping of intertidal zones [15–19]. By comparison to single- or dual-polarizations, the use of
polarimetric parameters enhances the discrimination of different types of targets based on their
scattering responses [17,20–22].

For coastal mapping, the aforementioned methods suggest that each tidal surface type can
be distinguished using a polarimetric target scattering decomposition, which provides detail of the
scattering mechanisms and polarization features of surface targets. Nevertheless, the literature indicates
that studies focused on applications of these methods for mapping intertidal zones are limited and
have yet to be demonstrated effectively. Among the few existing studies available, we can cite the
comparative study of various incoherence target scattering decompositions (ICTD) conducted in [23].
This study, validated with RADARSAT-2 quad-pol data acquired with medium-to-shallow incidence
angles, concludes that the application of the Freeman–Durden (FD) ICTD [24] and the Cloude–Pottier
ICTD [25] allows for the accurate mapping of coastal shorelines and successfully discriminates varying
land cover types present in these environments. Furthermore, combining both approaches has been
investigated in mapping intertidal sediments [26]. Results show the potential of this approach in
accurately mapping different sediment types from the improved descriptions of their polarimetric
characteristics using the combined scheme in the random forest classifier.

The advent of several polarimetric SAR sensors and constellations can certainly benefit a variety
of applications and advance the operational use of the new SAR systems. Among these missions, the
Canadian RADARSAT Constellation Mission (RCM), launched on June 12, 2019, aims to maintain data
continuity of the Canadian RADARSAT program [27]. The RCM constellation is a combination of three
identical C-band SAR satellites equipped with multiple polarization options and it offers short revisit
frequency [28]. The hybrid compact dual-polarization modes present the advantage of providing a
wider swath width, which will greatly enhance monitoring and rapid change detection applications [29].
The new compact polarimetry (CP) polarization configuration of the RCM constellation operates by
transmitting a right circular polarization and receiving two linear orthogonal horizontal and vertical
polarizations (Circular-Transmit-Linear-Receive: CTLR). These new dual polarization SAR modes offer
advanced capabilities for land and water monitoring due to their wider swath ranges (up to 500 km).
Preliminary studies have shown that this CP configuration has a great potential for applications related
to sea ice classification [30,31], wetlands mapping [32], mapping and monitoring of coastal zones [33],
and ship detection [34], among others.

Recently, Raney has indicated in [35] that studies reporting that CP performs as well as FP in
many SAR applications are questionable [35,36]. He pointed out that some popular polarimetric tools
presently used for the extraction of polarimetric information do not take into full account the degree of
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freedom of the 3 × 3 matrix for a full description of the target scattering and optimum extraction of the
polarimetric information. The same issue was raised by Touzi [37] who suggested the use of the Degree
of Polarization (DoP) signature in addition to the target scattering decomposition for the optimum
exploitation of all the polarimetric information available. He also suggested the use of the extrema
of the DoP as a convenient method for the exploitation of key information provided by the DoP and
its variations with the transmit polarization. This method demonstrated that important information
is missed by conventional polarimetric decomposition and is provided by pmin and pmax for ship
detection [34,38]. Touzi and Vachon have shown that the extrema of the DoP performs better than the
CP depolarization for ship detection [39]. They also pointed out the misleading conclusion that can be
deducted from [39], which demonstrated that CP and FP have similar performance in ship detection.
Shirvany used the CP depolarization that performed as well as the Marino FP detector (the Notch
ship detector) [40] for ship detection. In this study, we will use the Touzi discriminators in addition to
the Freeman-Durden (FD) decomposition in order to analyze the added value of FP with reference to
CP. The FD method uses the symmetrized covariance matrix to decompose the complex polarimetric
data into three independent physical scattering mechanisms [24]. It is a technique based on fitting
the model to three different component scatterers. The three mechanisms are surface, double bounce
(or even), and volume (or diffuse) scatterers. The Raney m-delta classification, a common CP analysis
method, will be used, in addition to RH-RV and RR-RL magnitude and phase information for the
investigation of the potential of CP for intertidal zone classification.

This paper investigates the potential of RCM Compact Polarimetry for the mapping of intertidal
zones. Simulated RCM data originating from RADARSAT-2 Wide Fine Quad (FQW) imagery acquired
over the Tasiujaq area on the south-west shore of Ungava Bay, Quebec, is evaluated by using random
forest classification algorithms. Different RCM hybrid CP configurations are evaluated in comparison
to well-known polarimetric incoherent target decompositions (ICTD) and the Touzi discriminators
to demonstrate the potential of RCM data and products for enhancing intertidal surface mapping.
An overview of SAR compact polarimetry is presented in Section 2. In Section 3, we present the study
area and the RADARSAT-2 data acquisition and processing and go on to describe the methodology
used in this study. A synthesis of the results obtained from different methods is provided in Section 4,
and a summary and conclusions are presented in the last section.

2. Overview of SAR Compact Polarimetry

FP SAR data (also known as Quad-Pol data) provides intensity information in the four polarizations
(HH, HV, VH, and VV), as well as their equivalent coherent phases. It is generally acknowledged
that complete information about the radar target contained in FP imagery can greatly enhance
terrestrial target classification accuracy compared to conventional dual-polarization (dual-pol) and
single-polarization (single-pol) SAR. Nevertheless, FP data comes at a cost in terms of reduced
swath width due to the doubling of the pulse repetition frequency (PRF) required to alternatively
transmit the horizontal and vertical polarized wave. This limits the operational use of quad-polarized
data. Recently, much emphasis has been devoted to developing hybrid SAR systems equipped with
larger swath coverage which keep most of the polarimetric information of the FP systems [28,41].
The compact polarimetry (CP) architecture is a trade-off between the desirable complete polarimetric
scattering information and the wide swath, which is twice the width of quad-pol SAR. Two main CP
configurations have emerged from the research promoting the use of this mode. The π/4 mode is based
on transmitting a linearly polarized wave at 45 degrees from horizontal and receiving two orthogonal
linear H and V polarized waves [41]. The second configuration is based on transmitting the signal
in a circular polarization and receiving two orthogonal coherent polarizations, which allows for the
retention of the relative phase between the two received polarizations [28,36,37,41,42]. Current and
upcoming space-borne SAR missions equipped with CP configurations include the Japanese Phased
Array type L-band SAR (PALSAR-2) carried by the Advanced Land Observing Satellite (ALOS-2),
the Indian C-band Radar Imaging Satellite (RISAT-1), the Argentinean L-band SAOCOM-1, and the
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Canadian RCM mission. Triggered by the potential of these missions, applications for mapping
Earth’s surface and aquatic navigation monitoring are also becoming increasingly widespread, using
real and simulated FP SAR data. For instance, ship and oil spill detection have been investigated
using simulated CP from RADARSAT-2 FP [34,43–47]. Furthermore, in [36], the performance of
simulated CP with respect to FP RADARSAT-2 data in crop classification was evaluated with promising
results. Similarly, the potential of SAR CP parameters was investigated in rice phenology and growth
monitoring [47,48]. Moreover, the evaluation of sea ice type identification and classification has been
carried out using simulated CP from airborne FP data acquired over the Canadian Arctic [36] and
using CP RISAT-1 data acquired over Northeastern Greenland [49,50]. Using simulated CP from
RADARSAT-2 FP, attempts have been made to select the best approaches to discriminate first year
and multi-year sea ice types [30,31,51,52]. More application studies were undertaken for wetland
characterization [32], shoreline extraction [33,53], and ocean wind retrieval [54] using simulated CP
from RADARSAT-2 within the framework of RCM mission preparation.

In the aforementioned studies, the analysis of generated features from Circular Transmit and
Linear Receive (CTLR) CP systems is based on two different approaches. The first approach is
based on the reconstruction of pseudo quad-pol information from CP SAR data using reconstruction
algorithms [48,54,55]. In this approach, one must inevitably make several assumptions that cannot
always be met. Expanding the 2 × 2 native CP covariance matrix to an FP 3 × 3 pseudo matrix may
introduce errors through biased estimations. The second approach is based on directly retrieving
polarimetric parameters using the 2 × 2 covariance matrix. In this approach, CP parameters are related
directly to the scattering coefficients of the coherency matrix (2 × 2); the Raney m-Chi and m-delta
classifications have emerged as examples of common decompositions used for CP data, as reported in
several research studies using this approach [42,55,56]. The m-delta is generated using the degree of
polarization (m) and the relative phase angle using the first Stokes coefficients [42].

3. Study Site and Data Processing

3.1. Study Site

The study site is located near the village of Tasiujaq, Quebec (58◦42’ N, 69◦56’ W), along the
banks of the Baie aux Feuilles at the mouth of the Bérard river on the west side of Ungava (Figure 1).
The area is well known for its wide tidal flats (>1 km). Using gauge measurements at the closest
tidal station, the average measured tidal range over the last 20 years is about 11 m and the highest
registered is 16.7 m according to Fisheries and Oceans Canada measurements in 2019. The spring
tides are considered among the highest in the world, along with those recorded in the Bay of Fundy.
Figure 2 shows two RADARSAT-2 images acquired at high (a) and low (b) tides. This figure illustrates
the extent of intertidal area equivalent to the area covered by water when the tide is high (a) and
uncovered when the tide is low (b). Based on this figure, some intertidal areas can be larger than 2 km.
The strong currents generated by the tides explain the widespread occurrence of intertidal and marine
deposits, whereas fluvial sediments are generally transported by rivers, wind, and ice [57,58]. The
intertidal zone is composed of silts, sands, beds of gravel, and boulders [58]. These surficial deposits
are spatially heterogeneous, as shown in Figure 3a. It is worth noting that the heterogeneity is typical
of the sedimentation process in northern intertidal zones, where tidal currents carry fine sediments,
floating ice packs carry blocks and gravel, and waves mix these deposits into a gravel and mud-laden
diamicton. Moreover, the deposit-rich environment continually receives fine-grained particles from
terrestrial and coastal ecosystems. This leads to a continuously changing geomorphologic landscape,
with the generation of micro-topographic features such as sand bars and water channels controlled by
tidal elevation as shown in Figure 3a.
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MacDonald, Dettwiler and Associates Ltd. (2016)—All Rights Reserved. RADARSAT is an official
mark of the Canadian Space Agency.
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From a mapping perspective, the complexity is significant as the intertidal zone is composed of
sand and gravel stratifications which are only few centimeters thick and are continually changing [59].
The heterogeneity of this setting suggests that the two major classes that can be used are dry and wet
soils. The wetting and drying cycle, combined with the micro-topography, suggests that elevated areas
are prone to rapid drying versus wet areas as seen in Figure 3a. On the upland side, the main classes
that are identified are exposed rock, representing surficial geology; vegetation, which is particularly
dense in the vicinity of water streams and rivers; and bare ground, with the presence of low density of
shrub and lichen [60]. Figure 3b is a colour composite of the very high spatial resolution Worldview-2
RGB showing the main land cover types on the upland side. The image was pan-sharpened to less than
0.46 m resolution. Air-photos and sub-meter spatial resolution Worldview-2 optical images were used
for selecting training sites and for calculating the classification accuracy assessment. The air-photos
were acquired using unmanned Aerial Vehicles (UAV) over intertidal areas at low tide on the 23 August
2015. The upland area was not covered by the UAV flights and the pan-sharpened Worldview-2 data
acquired on the 21 August 2014, was used instead. Orthorectification of the pan-sharpened image
was performed using the rational polynomial coefficient (RPC) with an RMS (root mean square) of the
0.8 m area.
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3.2. RADARSAT-2 Collection and Processing

The RADARSAT-2 data used in this study is an ascending single look complex (SLC) Wide Fine
beam Quad Pol mode (FQ14W) scene acquired over the study area on 6 September 2016, with an
incidence angle close to 34◦, a 50 km swath, and a nominal pixel spacing of 9.2 m at nadir. The time
of data acquisition overlapped with low tide conditions capturing virtually the entire intertidal zone
as a water-free area. The date of acquisition occurred in the late summer season, allowing better
discrimination between different land cover types.

To generate the Touzi discriminators, the RADARSAT-2 image was ingested into the Canada
Centre for Mapping and Earth Observation (CCMEO) Polarimetric Workstation (PWS) [61] to convert
it to a coherency matrix and to generate different polarimetric analyses. The optimization of the
scattered wave was applied on the Mueller matrix using a 5 × 5 processing window for the calculation
of unbiased R0 and DoP extrema and their dynamic ranges. The Freeman–Durden (FD) decomposition
was performed using the PCI Geomatics polarimetric workstation. First, using a window size of
5 × 5 pixels, the Boxcar filter was applied to reduce speckle noise, followed by symmetrization,
to generate a 3 × 3 covariance matrix, the FD decomposition, and the three FD components (FD_surface,
FD_volume and FD_double-bounce). The spatial resampling of both generated Touzi discriminators
and FD products to 10 × 10 m pixel size was carried out during the orthorectification process using the
Rational Functions model. Using a window size of 5 × 5, the CP Stokes parameters were generated
within the Sentinel Application Platform (SNAP) toolbox. The effect of NESZ on the classification is
not considered in our study as it has been studied previously in [32]. For an unbiased comparison of
the generated results, we did not consider the nominal noise floor in our simulations. The generated
products were orthorectified using the Rational Functions model embedded in the PCI Geomatics
program. For consistency, the spatial resolutions were kept the same as the RADARSAT-2 generated
products (10× 10 m). A relative accuracy of approximately 5 m in both X and Y directions was estimated.

Figure 4 shows a visual comparison between the FD decomposition and the Touzi discriminators
using the FP images. The Raney m-delta classification derived using the CP image is presented in
Figure 4c. Figure 4a depicts the FD decomposition generated image with the double-bounce shown
in red, volume scattering in green, and surface scattering in blue. The vegetation (green area) is
dominant of land (FD_volume), whereas intertidal areas (pink) are a mixture of FD_volume and
FD_double-bounce. Figure 4b represents a colour composite of Touzi extrema represented by a
combination of maximum and minimum values of the degree of polarization and the scattered wave
intensity (pmin in red, pmax in green, and R0max in blue). Land vegetation is highlighted in blue
where R0max is dominant, exposed rocks are represented in white and intertidal zones in yellow
(contribution of both pmin and pmax). The m-delta presentation, on the other hand, shows the
potential ability to discriminate exposed rocks and open water. Difficulties in discriminating the latter
in both FP presentations rise in localized areas where the water surface is affected by wind and wave
conditions (surface water is rougher). The introduction of dR0 may enhance the discrimination of
those areas compared to calm wind conditions [34]. However, both FP decompositions outperform
m-delta in separating intertidal from upland, as shown in Figure 4c.
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Figure 4. RADARSAT-2 scene over the study area. (a) fully polarimetric (FP) polarimetric
Freeman–Durden decomposition (red: double bounce, green: volume scattering and blue: surface
scattering), (b) RGB composite of Touzi extrema parameters (red: pmin, green: Pmax, and blue:
R0max) of FP polarimetric data and (c) m-delta compact polarimetric (CP) decomposition of
Circular-Transmit-Linear-Receive (CTLR) simulated (red: even bounce, green: volume, and blue:
odd bounce).

3.3. Random Forest

Random forest (RF) is a classification method widely used within the remote sensing community.
Although there are other well-known classification methods, such as maximum likelihood, complex
Wishart, and fuzzy C-mean, they are generally overly sensitive to parameter settings. The RF
classification approach is based on an ensemble of learning techniques used with decision trees [62].
RF is known to be less sensitive to noisy datasets and outliers, computationally efficient, and
independent of the number of trees [63,64]. Many studies have highlighted successful applications of
the RF algorithm in ecological research [32,64–66]. Most of these studies incorporated multi-source
data and the RF method has been shown to considerably improve classification accuracy. Another
advantage of using the RF algorithm is the non-parameterization prerequisite of the training data.
Variable importance (VI) is one of the RF classifier’s features that show the contribution of each input
parameter on the classification process. The mean decrease in Gini index (MDGI) of each feature
is often used as VI and calculated by averaging its importance in all considered trees [62]. The RF
approach is used in this study as a classification method to evaluate compact parameters against the
fully polarimetric decomposition FD, TD, and classical dual polarizations in mapping intertidal zones.

The accuracy assessment is performed using user’s and producer’s accuracies and Kappa
significance tests. In this study, 600 random points were generated across the study site and used
for training datasets (400) and validation sets (200) [62]. Figure 5 illustrates the distribution of both
training and validation datasets where each point represents a window of 3 × 3 pixels in the imagery.
A land cover class was assigned to each training data sample. In this configuration, the class of water
was assigned to 157 samples, bare ground to 106 points, dry soil to 31 points, wet soil to 38 points,
exposed rock to 11 points, and vegetation to 58 points. The proportion of training samples for each
class corresponds to its proportion in the study site, using a stratified random sampling technique.
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the study area.

4. Results and Discussion

4.1. Separability Analysis

The discrimination capability and class separation of each of the backscatter coefficients and
generated parameters was evaluated based on the contrast between the six classes. First, we analyzed
single polarization parameters by comparing the mean backscatter values obtained with classic (HH,
HV, and VV) and hybrid (RH, RV, RR, and RL) polarizations.

In general, as shown in Table 1, high separability of the water and exposed rocks classes can be
observed in all polarizations. Low separability can be observed in all polarizations between the dry soil
and bare ground classes. The cross-polarization HV showed relatively better contrast capability for all
classes, followed by HH and VV, then RR, RL, and finally, RH and RV. Except for the HV polarization,
all other parameters showed similar behaviour for the land vegetation class with a backscatter of
approximately-12 dB. If we exclude this polarization, the water emerges with better contrast compared
to the rest of the cover types, followed by the exposed rocks which are characterized with higher
backscatter. For the RCM simulated parameters, the return backscatter for intertidal classes is relatively
narrow with muddy sand ranging between -18dB (RR) and -13dB (RL), and dry soil ranging from
-14dB (RR) to -8.8dB (RL).

Table 1. Contrast between different classes for original and simulated single polarizations in |dB|.

Water Wet Soil Dry Soil Bare Ground Exposed Rocks Vegetation

HH 29.4 15.2 12.3 12.3 2.7 10.9

HV 34.6 26.5 23.9 22.1 14.1 18.5

VV 28.1 15.2 12.5 12.7 2.9 11.3

RH 23.4 14.9 10.2 12.8 5.4 12.1

RV 23.2 14.9 11.2 13.3 6.3 12.3

RR 23.5 18.2 14.2 16.6 10.7 13.1

RL 23.1 13 8.8 11.1 3.6 11.4
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Figure 6 shows visual colour representations illustrating the difference between CP degree of
polarization, CP_DoP, the FP Touzi extremas pmin (FP_pmin) and theFP_pmax. In this figure, CP_DoP
displays similar behaviour to FP_pmin, with low values over water and vegetated areas and relatively
high values over non-vegetated land (bare ground, exposed rocks, and intertidal zones). It was
reported previously that the CP_DoP holds a significant edge in detection performance of ships and
oil-spills when compared to conventional dual-pol modes (HH-HV) [39]. However, in this study, the
contrast is more significant in FP_pmin than the CP_DoP. A slight increase in confusion between
these classes is shown in the FP_pmax. This parameter can be used as a complementary source of
information (to pmin) for more enhanced contrast, as shown in ship detection [34]. Figure 6d displays
the cross profile along the AB transect of the three parameters shown in Figure 6a–c. The profile
confirms the colour presentation of the three parameters with a high contrast obtained with FP_pmin
and CP_DoP, particularly between the two plateaus of land and water. All three parameters show little
contrast between the intertidal zone and upland area, represented with a slight depression in the upper
plateau (upland). This suggests that these parameters hold a promising potential to discriminate the
intertidal zone.Remote Sens. 2020, 12, x FOR PEER REVIEW  10 of 19 
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between two points A and B along the line shown in (a–c). The red colour refers to CP_DoP, the blue to
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For quantitative analysis, the contrast between the six classes obtained using the same three
parameters is presented in Figure 7a. In addition, polarimetric decomposition using FD is presented in
(b) and CP m-delta decomposition parameters are presented in (c). As seen in Figure 7, water surface
can be identified most reliably in almost all generated parameters, and the bare ground/dry soil and
dry soil/wet soil are the least separable. The DoP extrema pmin shows strong separability capabilities
between all classes. In fact, pmin outperforms all the other parameters, followed by volume and
surface scattering components of the FD decomposition, pmax, and the surface component of m-delta.
For the FD decomposition, vegetation and exposed rocks are dominated by volume scattering whereas
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double bounce scattering mechanisms are most prevalent in dry soil. In m-delta, the exposed rock class
is better discriminated compared to its equivalent in the FD decomposition due to the phase difference.
Surface and volume scattering of FD decomposition show similar contrast between intertidal classes.
This suggests the presence of sparse vegetation, gravel, or a combination of the two.Remote Sens. 2020, 12, x FOR PEER REVIEW  11 of 19 
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Figure 7. Contrast between generated FP and CP parameters for all study area classes based on (a) FP
Touzi extremas (FP_pmin FP_pmax) and CP degree of polarization (CP_DoP), (b) Freeman–Durdan
(surface, double-bounce, and volume) scattering parameters and (c) CP Raney decomposition (m-delta
surface, m-delta double, and m-delta volume).
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4.2. Classification

Table 2 provides the summary of accuracies for various classifiers’ inputs based on RADARSAT-2
and RCM simulated scenarios using the RF algorithm. Figures 8 and 9 present various land cover maps
based on listed combinations. The classification results derived from dual scenarios are presented
in Figure 8 and Table 2. As expected, the dual conventional co-pol and cross-pol (HH-HV) show
better classification results with an overall accuracy of 64.4% followed by RR-RL (61.1%), RH-RL
(60.67%), and finally, HH-VV (59.17%). Based on Figure 8 and Table 2, the HH-HV classification map
looks similar to the map produced with RR-RL, with high producer’s and user’s accuracies for water
exceeding 90% and lower producer’s accuracies for the exposed rocks class of 20.46% (producer’s) and
23.08% (user’s). Both RR-RL and RH-RV exhibit the same behaviour when extracting the vegetation
class, as shown in Figure 8. For the bare ground class, all dual scenarios generated producer’s and
user’s accuracies exceeding 50%. In intertidal areas, RR-RL and RH-RV produced similar results with
the highest success of classification with 55.3% (producer’s) for wet soil. For the dry sand, however, the
accuracy is much lower with values ranging between 17% and 34%. Examining Figure 6, one can notice
the high confusion between the wet and dry sand classes. Overall, classification accuracies obtained
with dual combinations (both conventional and hybrid) show a relative limitation in distinguishing
intertidal classes. Using a combination of these parameters along with other types of data such as
optical imagery as suggested in other studies [30,31] may increase the overall accuracy results.
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Table 2. Classification accuracies (%) of derived from the polarimetric (Polar) FP and CP, dual (classical and hybrid), and few single CP simulated parameters. FD
refers to Freeman–Durden, Cor. coef. refers to correlation coefficient and Cir. pol. Rat. to circular polarization ratio, DoD refers to the degree of polarization, Kappa
Coef. refers to Kappa coefficient, and Veg. refers to vegetation.

Parameters
Producer’s Accuracy (%) User’s Accuracy (%)

Overall
Accuracy (%)

Kappa
Coef.Water Wet

Soil
Dry
Soil

Bare
Ground Veg. Exposed

Rocks Water Wet
Soil

Dry
Soil

Bare
Ground Veg. Exposed

Rocks

Polar
FD 97.31 42.72 41.01 57.19 47.29 36.74 93.53 65.67 37.01 66.09 50.41 17.14 67.08 0.564

Touzi * 94.84 42.72 58.99 72.75 64.00 42.86 87.50 94.44 76.92 20.00 77.78 10.00 71.08 0.611

m-delta 97.31 55.34 28.78 53.29 20.16 20.00 93.94 31.32 27.40 54.27 41.94 50.00 62.08 0.493

Dual

HH/HV 94.85 49.33 33.91 55.32 46.09 20.46 95.63 50.69 35.14 61.18 33.97 23.08 64.40 0.529

RH/RV 97.31 55.34 17.27 51.20 11.63 18.37 93.53 24.89 20.51 52.94 81.00 30.61 59.17 0.455

RR/RL 97.31 55.34 20.86 53.29 21.71 14.29 93.53 28.64 24.58 53.45 40.00 43.75 61.08 0.479

HH/VV 94.17 42.72 25.90 57.49 20.16 20.41 95.24 33.85 30.25 55.01 21.85 23.81 60.67 0.475

Single

DoD 94.62 0.00 13.67 25.15 16.28 38.78 71.04 0.00 19.19 48.84 17.50 8.84 47.08 0.293

Cor. coef. 92.83 28.16 1.44 0.00 14.73 42.86 69.58 13.49 25.00 0.00 20.88 7.22 40.42 0.238

Cir. pol. rat. 86.32 78.64 0.00 6.29 1.55 4.08 74.76 13.73 0.00 28.77 20.00 0.00 40.92 0.242

Conformity 92.38 47.57 0.00 27.27 8.00 24.49 64.58 13.39 0.00 42.27 16.67 12.37 42.83 0.238

* Touzi refers to the Touzi discriminators (pmin, pmax and R0max).
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Figure 9. Classification maps of the study area obtained from (a) Freeman–Durden, (b) Touzi
discriminators (pmin, pmax, and R0max), and (c) the compact polarimetry m-delta. Maps are generated
using a random forest algorithm.

Examples of classification results of polarimetric parameters are also shown in Table 2 and
Figure 9. Figure 9 presents a comparison between RF classification outputs of FP FD parameters, Touzi
discriminators (pmin, pmax, R0max), and CP m-delta parameters. Compared to dual combinations,
these classification results show relative improvement with an overall accuracy ranging between 61%
and 71%, as shown in Table 2. These results are expected, as the polarimetric parameters (information)
tend to provide a better description of geophysical properties of the surface and can therefore account
for roughness, biomass, and soil moisture variables.

Among the three classification maps presented in Figure 9, it can be noted that DoP Touzi
discriminators have the best visual discrimination ability, followed by FD and the Raney m-delta.
Land classes (exposed rocks, vegetation, and bare ground) appear in more defined clusters and are less
noisy in Touzi discriminators than in all other decompositions and are closer to the true colour RGB
presentation of Sentinel-2 (Figure 2c). Table 2 confirms these results in terms of overall accuracy values.
Based on producer’s and user’s accuracies, water emerges as the best contrasted class, exceeding 95%
for all parameters.

For the FD results, the lowest accuracy is observed in the exposed rocks class (36.8%) followed by
the relatively better results in the bare ground class (~57%). The CP m-delta produced the best user’s
accuracy for the exposed rocks (50%), outperforming all other parameters. For intertidal classes, the FD
based results show producer’s accuracies of 41% and 42.7% for dry and wet soil classes, respectively.
As for Touzi discriminators, the dry soil produces an accuracy of 59% and presents similar results
to FD for the wet soil class. For the CP m-delta parameters, wet soil produces an accuracy of 55%,
outperforming all the FP results. However, for the dry soil class, the decomposition is the least accurate,
with a producer’s accuracy of 28.8%. This can be attributed to two factors. The first is related to the
difference of processing of the simulated data compared to RADARSAT-2 imagery, since the RCM
CP simulated data was processed with medium resolution as suggested in [36]. Second, the dry soil
representing sand bars covers a few clusters of pixels that are not well extracted using a larger window
of processing. This confirms that the CP dual polarization results produced slightly less accurate
results compared to the conventional dual-pol. Bare ground displayed better discrimination with a
value exceeding 53% with m-delta decomposition. For the vegetation class, the Touzi discriminators
performed well with a producer’s accuracy of 64%, followed by FD (47.3%), and finally, CP m-delta at
20.2%. Furthermore, an investigation into the potential of other CP parameters including the degree of
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depolarization (DoD=1−DoP), correlation coefficient, circular polarization ratio, and the conformity
coefficient was performed, and the results were added to Table 2. These parameters tend to be less
accurate when used separately with an overall accuracy of less than 48%. With exception to the water
class, all other classes have low contrast. The use of these parameters must be combined with other
sources of information to achieve acceptable results.

Mapping intertidal zones can prove to be complex and challenging, as these areas are subject
to continuous changes under the influence of arctic dynamic environmental processes. In summary,
the results obtained in this study suggest that the use of a single dual polarization or polarimetric
decomposition as a sole source of information to feed the classification process can provide encouraging
results. Previous studies [32,33] suggested that the classification can be further enhanced when
combined with optical data as tested in a wetland environment. In the case of intertidal zones, analysis
is quite challenging as it is difficult to match EO satellite acquisition cycles and a specific tidal stage to
generate meaningful information. As expected, the results show that fully polarimetric parameters
provide the best accuracy due to their high sensitivity to different types of surfaces, whereas the
classification using simulated CP parameters appears to be slightly less accurate. The results show
(except for the water class which has been well discriminated in all considered cases) that all classes
produce high to higher backscattering values (more than -18dB). The results obtained from the CP
m-delta are reasonable when considering the complexity of the environment. The large swath of
the compact polarization can factor into the relatively small decrease of classification accuracy when
compared to FP results, and could potentially be used for large scale mapping and monitoring purposes.

The obtained results are limited to the study site and therefore the approach should be tested on
intertidal zones in different environments to examine the validity and reliability of the methodology.
However, most arctic or subarctic intertidal zones are characterized by numerous boulders mixed
with muddy to sandy materials [67]. This similar environmental setting to our study area can occur in
the large macrotidal coastal stretch along Ungava Bay, suggesting the possibility of getting similar
results when applying our approach to these areas. Other intertidal environments, characterized by
significant presence of other features such as mangroves and sea grass, might be a challenge which
may require an enhancement of the developed methodology.

5. Conclusions

In this study, we investigated the potential of the Canadian RCM mission for mapping intertidal
areas. The classification analyses of simulated CP parameters were presented and compared to FP
polarimetric information. The potential of both CP and FP for intertidal zone classification has been
demonstrated. Results can be enhanced when complemented with conventional dual-pol data, or
combined with digital elevation models and optical imagery. As expected, Touzi discriminators (pmin,
pmax, R0max) showed the best overall accuracy followed by the FD approach. However, current FP
missions are limited when used operationally in mapping large areas. CP is the best suited option
for operational use. CP m-delta showed encouraging results and was comparable to well-known FP
polarimetric decompositions. In the case of RCM, these results can be considered promising when we
highlight the added advantage of a larger swath in an operational mapping context. Furthermore,
thanks to its rapid revisit time, the RCM constellation will prove to be an effective monitoring tool for
characterizing the changes in coastal areas, particularly in the intertidal zones of northern Canada
where the impact of climate change is increasingly apparent.
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