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Abstract: Canada’s successful space-based earth-observation (EO) radar program has earned
widespread and expanding user acceptance following the launch of RADARSAT-1 in 1995.
RADARSAT-2, launched in 2007, while providing data continuity for its predecessor’s imaging
capabilities, added new polarimetric modes. Canada’s follow-up program, the RADARSAT
Constellation Mission (RCM), launched in 2019, while providing continuity for its two predecessors,
includes an innovative suite of polarimetric modes. In an effort to make polarimetry accessible to a
wide range of operational users, RCM uses a new method called hybrid compact polarization (HCP).
There are two essential elements to this approach: (1) transmit only one polarization, circular;
and (2) receive two orthogonal polarizations, for which RCM uses H and V. This configuration
overcomes the conventional dual and full polarimetric system limitations, which are lacking enough
polarimetric information and having a small swath width, respectively. Thus, HCP data can be
considered as dual-pol data, while the resulting polarimetric classifications of features in an observed
scene are of comparable accuracy as those derived from the traditional fully polarimetric (FP) approach.
At the same time, RCM’s HCP methodology is applicable to all imaging modes, including wide
swath and ScanSAR, thus overcoming critical limitations of traditional imaging radar polarimetry
for operational use. The primary image data products from an HCP radar are different from those
of a traditional polarimetric radar. Because the HCP modes transmit circularly polarized signals,
the data processing to extract polarimetric information requires different approaches than those used
for conventional linearly polarized polarimetric data. Operational users, as well as researchers and
students, are most likely to achieve disappointing results if they work with traditional polarimetric
processing tools. New tools are required. Existing tutorials, older seminar notes, and reference
papers are not sufficient, and if left unrevised, could succeed in discouraging further use of RCM
polarimetric data. This paper is designed to provide an initial response to that need. A systematic
review of studies that used HCP SAR data for environmental monitoring is also provided. Based on
this review, HCP SAR data have been employed in oil spill monitoring, target detection, sea ice
monitoring, agriculture, wetland classification, and other land cover applications.

Keywords: synthetic aperture radar (SAR); hybrid compact polarimetry; RADARSAT Constellation
Mission (RCM); Stokes parameters; decomposition; Earth observation; environmental monitoring
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1. Introduction and Background

The RADARSAT Constellation Mission (RCM) is comprised of three satellites launched on June 12,
2019 into closely coordinated orbits [1]. The primary payload instrument on each satellite is a synthetic
aperture radar (SAR) collecting data in C-band. RCM is a continuation of the RADARSAT-2 mission
and provides multiple operational polarization modes, all of which use the HCP architecture, a major
paradigm shift in Earth observation satellite SAR sytems. RCM also includes an experimental fully
polarimetric (FP) mode [2].

The limitations in the functionality of optical sensors under cloudy conditions or during nighttime
have inhibited collecting Earth surface data in circumstances that require reliable timely updates, or in
geographical areas prone to cloud cover or extended seasonal darkness [3–5]. SAR systems address
these data collection gaps. Such radars are capable of penetrating cloud cover, day or nighttime data
collection, and capturing the physical and dielectric information of the ground objects. SAR data have
proven to be useful in national wetland studies [6], natural disaster monitoring and mitigation [7],
oil spill detection [8,9], and ship and sea-ice monitoring [10–12], especially in northern latitudes [13].
In addition, SAR data commonly have been used in conjunction with optical satellite data to better
survey and characterize the Earth’s surface [14–16].

Radar polarimetry has proven to be a unique and valuable means of characterizing features from an
SAR satellite. To date Earth-observing polarimetric SAR satellites have used only linear polarization for
their data products. Conventional FP radars have inherent technical characteristics (especially a small
swath width) that inhibit operational adoption of their otherwise valuable data products [2,17–19].
RCM is the first Earth-observing satellite-based SAR to use circular polarization waves for transmission
in its operational polarimetric modes. It enables space-based polarimetrically classified SAR imagery
for which their quality for information extraction is equivalent to that of traditional FP imaging
radars, while maintaining the relative simplicity, coverage, and routine availability of a dual-polarized
(DP) system.

The polarized portion of the data acquired by a polarimetric radar can be represented, in the linear
base form, by a 2 × 2 complex (Sinclair) scattering matrix [S] as [20]:

[S] =
[

SHH SHV

SVH SVV

]
=

[
|SHH |eiϕHH |SHV |eiϕHV

|SVH |eiϕVH |SVV |eiϕVV

]
, (1)

where SHH and SVV denote the complex backscattering coefficients in the co-polarized channels and the
elements SHV and SVH denote the complex backscattering coefficients in the cross-polarized channels.
The complex backscattering coefficient SXY is defined by |SXY| exp(iϕXY), wherein the subscripts X
and Y represent the transmitted and received polarizations, respectively. In the case of monostatic
backscattering, reciprocity applies, so the scattering is symmetrical (|SHV | = |SVH |). This fact leads to
a helpful reduction in data volume. The backscattered electromagnetic (EM) field is found by Eb

= [S]Et, where Et = (Eh
t, Ev

t)T and the “E”s are complex voltages. All realistic scenes generate
randomly polarized constituents as part of their backscatter. Those components are included in formal
descriptions of radar backscatter through representations, such as a coherency or covariance matrix [21],
and are included in the scene’s Stokes vector as its own and separate contribution [21].

FP SARs transmit two orthogonal linearly polarized signals alternatively (e.g., H or V),
while receiving backscattered signals simultaneously (H and V) [22,23]. All satellite SAR systems
use a pulse repetition frequency (PRF) that is as low as possible while still honoring the Nyquist
lower bound [24], to enable as wide a swath width as physical limits allow [25]. Transmitting H and
V polarizations alternately means that the radar’s transmission PRF must be two times higher than
other SAR modes that need only one transmitted pulse per sample [26]. Doubling the transmission
pulse rate means that the imaged swath can be no larger than half of the nominal width of a standard
side-looking mode. This inherent limitation is a major reason inhibiting conventional FP SAR modes
from adoption by operational users [27,28]. As a further disadvantageous consequence, the doubled
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and interleaved PRF precludes any wide swath mode, hence ScanSAR—arguably the most important
mode of RADARSAT-2 for operational users—is virtually impossible.

Single and conventional DP SAR sensors that transmit only one polarized signal per along-track
sample are able to collect data in a larger swath width with lower polarimetric information content
compared to FP SAR sensors. Compact polarimetry (CP) SAR systems can collect polarimetric
information comparable to that of quad-pol SAR, while addressing the technical limitations inherent to
quad-pol SAR [29,30]. Specifically, all CP modes (i.e., π/4, CC, HCP), demonstrated in Figure 1,
transmit one polarization and receive two polarizations, much like dual-pol SAR sensors [31].
In π/4 compact polarimetry mode, a linearly polarized signal at 45◦ is transmitted and two orthogonal
linear polarizations are received (i.e., H and V; see Figure 1). To generate a linearly polarized signal
at π/4, the radar transmits H and V with the same amplitudes simultaneously with zero relative
phase. The creators of the RCM polarimetric modes had as their objective to retain the advantages
of a DP radar while incorporating the added advantages of an FP SAR. Their response? Transmit H
and V polarizations simultaneously, but in a way that allowed their individual contributions to
be available after reception for polarimetric analysis. Transmission of circular polarization and
reception on two orthogonal polarizations is known as HCP. Specifically, compact polarimetric
SAR sensors (i.e., circularly transmitand circularly receive (CC) and HCP) transmit one circular
polarization and receive two orthogonally polarized channels, much like DP SAR sensors. However,
compact polarimetric SAR data retains the relative phase of the receiving polarizations unlike
conventional DP SAR systems. In order to transmit circular polarization, the radar transmits H
and V simultaneously with a 90◦ phase difference. In HCP and CC compact polarimetry modes,
circularly polarized signal is transmitted and two orthogonal linearly and circularly polarized signals
are received, respectively. Accordingly, both HCP and CC systems transmit a circular polarization and
have the same Stokes parameters, as these parameters are independent of the receiver’s polarization
basis [32] and thus, a circular receiver, which complicates sensor implementation, is not needed.
Therefore, an HCP polarization mode is an optimum configuration to be considered for the current
and next generation of SAR satellites. All operational polarimetric modes aboard RCM are HCP.
It turns out that the reception polarizations do not matter from a user’s point of view, leaving that
choice to the radar hardware team to choose the polarization that best meets their technical and
budgetary requirements.
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Figure 1. Three compact polarimetric Synthetic Aperture Radar (SAR) modes.

The rich history of radar astronomy provides a strong precedent for EO compact polarimetric SARs.
Astronomical observatory radars transmit circular polarization and receive through either circular
polarizations or linear polarizations. The first two HCP satellite-based SAR missions were to the
Moon, India’s Chandrayaan-1 (Ch-1) and NASA’s Lunar Reconnaissance Orbiter (LRO), which carried
Mini-SAR (Ch-1) and Mini-RF (LRO) sensors, respectively [33,34].
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Three EO systems with experimental HCP capabilities have been launched: India’s RISAT-1
(2012–2017), Japan’s Advance Land Observing Satellite 2 (ALOS-2, 2014-present), and the Argentinean
Satélite Argentino de Observación COn Microondas (SAOCOM, 2018-present). RISAT-1′s HCP
data became one of its most popular and successful products. Simulated and real HCP data
have proven to be effective for a variety of applications, including sea ice classification [35],
natural resource monitoring [36], disaster mitigation and monitoring [37], wetland monitoring [38],
and crop mapping [39].

Subsequent sections of this paper are organized as follows: Section 2 provides an overview of
HCP SAR and RCM data. Section 3 outlines typical processing approaches for HCP SAR image
classifications. Section 4 presents a review of studies that have used compact polarimetry data,
and Section 5 offers conclusions.

2. HCP SAR and RCM

The 55-year history of terrestrial astronomical observatory radars, such as Arecibo [40],
that transmit circular polarization and receive through either circular or linear polarizations provides a
background for EO SAR researchers. The HCP mode takes the same approach. From an operational
perspective, this approach is an appealing alternative to FP SAR data. The first missions to acquire
data by an HCP SAR sensor from a satellite [13] were India’s Chandraayan-1 (the Mini-SAR) and
NASA’s Lunar Reconnaissance Orbiter (LRO) (the Mini-RF), launched in 2008 and 2009, respectively,
and successfully placed on near-polar low-altitude lunar orbits. RISAT-1 was the first EO satellite to
use HCP routinely, which, after user adoption, became an operational mode. RCM is a state-of-the-art
mission that uses HCP for baseline polarimetry in all of its operational modes.

RCM was designed to respond to the many needs identified by government, private,
and research users. Improving system reliability, enhancing the utility of SAR data for operational
purposes, and ensuring C-band SAR data continuity over the next decade are the main aims of
RCM [41]. The three-satellite constellation provides an average daily coverage, at a 50-m spatial
resolution, of Canada’s land and its adjacent waters as well as 90% of the world to Canadian and
international users. These satellites are equally spaced at 32 min apart, within a 100-m radius repeat path
tube, and a 600-km low Earth orbit. Each satellite consists of a bus and two payloads (SAR and Automatic
Identification System (AIS)) [42]. The AIS documents the location and identification information of
vessels in a wide swath (larger than the accessible swath of the SAR sensor). The Bus controls altitude
and orbit and provides power generation, payload commands, telemetry, and thermal control. The SAR
payload fulfills all operational mission requirements, including storing and downloading the radar’s
backscattered signals and AIS data. RCM provides on average 15 min of imaging time per orbit per
satellite, with peak imaging of 25 min per orbit per satellite outside the eclipse season. The increased
frequency of revisit in contrast to other SAR missions makes RCM as an ideal tool for many applications,
such as operational sea-ice mapping, permafrost monitoring, and disaster management. A stepped
receive ability (received beam is turned to discrete steps during the receive window) [41] is used in all
ScanSAR modes, in order to compensate for its smaller antenna size. This innovative feature provides
improved image quality, as the resulting additive noise (improved NESZ) and range ambiguity levels
are more favorable than those of previous RADARSATs. Cloude (2019) proposed a new compact
algebraic formulation of range and azimuth ambiguities based on the Pauli spin matrices for hybrid
PolSAR systems [43].

RCM fills the need for an operational medium resolution EO system, for monitoring wide
geographic regions of Canada’ land mass and its surrounding waters. The medium-resolution data
(30 to 100 m) with large swath widths are also used for maritime surveillance and environmental
applications. Higher resolution images are collected for selected site-specific applications to monitor and
manage natural resources and for environmental protection. High-resolution modes at 1-, 3-, and 5-m
resolutions are designed to meet the needs for disaster management, as part of Canada’s contribution to
international agreements. As such, the availability of HCP data collected by RCM is of great importance



Remote Sens. 2020, 12, 3283 5 of 20

and can be consider as one of the main sources of information for Government of Canada managers and
decision makers. Figure 2 illustrates the imaging RCM modes ranging from low/medium-resolution
(100 m) to very high-resolution Spotlight mode (1 m × 3 m). All of RCM’s operational modes are
single, dual, or compact polarimetric. An FP mode is included to provide support for calibration,
to demonstrate FP vs. HCP polarimetric equivalence, and to support the background theme of the
RADARSAT continuity.
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Figure 2. RADARSAT Constellation Mission (RCM) imaging modes. All of RCM’s operational
modes are hybrid compact polarimetric–including ScanSAR, which is a major paradigm shift for Earth
Observation (EO) SARs [1].

3. HCP SAR Data Analyses

Retrieving feature classifications from polarimetric imaging radar data has become routine for
many practitioners, and there are several software packages available to help. It could be tempting for
a user of RCM’s polarimetric data to choose an analysis or decomposition algorithm from a handy
toolbox, and charge ahead. However, the results are not always promising. This is because the thrust
of most of the software packages is in response to polarimetric data from an FP or quad-pol SAR. To be
safe, users are advised to assume that none of the polarimetric analysis tools developed for quad-pol
data—from SIR-C or RADARSAT-2 for example—will produce credible let alone accurate results if
used in the old way on data from RCM’s HCP radar. There are three reasons: (1) RCM transmits
circular polarization, unlike most of precedents; (2) the single-look complex (SLC) data from the HCP
architecture (2 × 2) do not support the same 4 × 4 covariance matrix that is the starting point for
standard quad-pol tools; and (3) RCM’s HCP SLC data lead, simply and directly, to the Stokes vector of
the observed scene, which is not considered as an input data source for the standard quad-pol matrix
decomposition methods.

This section provides guidance for appropriate image classification methodologies for RCM’s
polarimetric data. Section 3.1 reviews several approaches that are best avoided. Section 3.2 offers
highlights and suggested methodologies for appropriate and effective interpretive management of
RCM’s HCP data. Section 4 provides an overview of HCP data geoscience applications.
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3.1. Analyses to be Avoided for HCP SAR Data

3.1.1. 3 × 3. Pseudo-Covariance

Some users who are familiar with FP SAR data processing chains transform the HCP native
2 × 2 covariance matrix into a 3 × 3 pseudo-covariance matrix. There are well-known references that
encourage just that, and, further, provide instructions as to how to do it. Certain of the available
polarimetric software packages include sub-routines to make it easy for an unwary user to start down
that path.

The H and V SLC data collected by RCM’s polarimetric modes provides a characterization
of the backscattered field that is sufficient to produce its Stoles vector [32]. Alternatively, the SLC
data may be expressed by a 2 × 2 covariance matrix. However, in detail, data in that form are not
suited to be inputs for subsequent quad-pol (QP)-based operations. The backscattering elements
supporting the H and V observables are hybrid (SLH and SLV) in response to left-circular polarized
transmissions. There is no way such data can be interpreted as if they were conventional linearly
polarized scattering coefficients. Charging ahead with this method, those data are used to evaluate the
elements of the 2 × 2 covariance matrix. Then, as this method would proceed, this matrix is expanded
to a 3 × 3 pseudo covariance matrix. This form may look more familiar from a QP perspective, but it
is impossible for it to contain correct polarimetric information. Such a 3 × 3 expansion from an
inappropriate 2 × 2 matrix inevitably leads to errors, perhaps serious errors. Although the expansion
allows one to apply fully polarimetric or QP tools, the results of that approach should not be taken
seriously, as they are flawed. Many publications based on the pseudo-covariance matrix approach
claim superiority of FP SAR compared to HCP SAR data (e.g., [44]). All such comparisons should
be discounted; they are based on faulty methodology and our recommendation is to avoid using a
matrix expansion method for HCP SAR data.

3.1.2. The m− δ Decomposition

Several feature classification methods are based on the RCM’s Stokes vector of the backscattered
data (Section 3.2.1). The m − δ decomposition method was one of the first suggested as a compact
polarimetry decomposition technique [45]. This approach is based on the Stokes intensity parameter (S1),
the relative phase (δ) (between the H and V backscattered constituents), and the degree of
polarization (m). Under ideal conditions, the method distinguishes single-bounce (odd number
of bounces) and double-bounce (even number of bounces) backscattering. As is the case with
the pseudo-3 × 3 matrix discussed above, the m − δ method is included in certain polarimetric
software packages, unfortunately. The m − δ method is reliable if and only if the transmitted
polarization is perfectly circular, and the receiver is perfectly calibrated [45]. It might look acceptable
when the input data are emulated from QP data, because those data by definition are the result of a
perfect circularly polarized transmission. Such perfect conditions are not likely to be satisfied by an
operational system, such as RCM. Our recommendation is to avoid using the m− δ method for HCP
SAR data.

3.1.3. RH and RV Methods

For those who have experience with linearly polarized analysis tools, either with DP or QP data,
HH and HV, like- and cross-polarized reflections, respectively, in response to H-polarized transmissions,
may be considered as reliable and rather easily interpreted. Given that background, it is tempting to
consider the SLC data products from an HCP SAR to be RH and RV, receiving horizontal and vertical
polarized signals, in response to the radar’s right-circular transmissions. Unfortunately, there are
recipes in certain polarimetric analysis software packages that include this technique. There is a hidden
trap in this formulation. The RH and RV notations may appear to be correct, but appearances can be
misleading. Why? Because circular transmissions, either R or L, are comprised of the vector sum of
H and V linearly polarized constituents (where they are 90◦ out of phase with respect to each other).
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Then (and ignoring the issue of phase for this cautionary comment), R = H + V90, so RH and RV,
for example, really are (H + V90)H =HH + V90H and (H + V90)V =HV + V90V. This method has shown
to be useful in certain situations, but we offer two suggestions by way of advice to users: (i) avoid
if possible, but if used, do so with “eyes wide open”; and (ii) usually better results should follow
from reliance on the natural like- and cross-polarized components in response to circular polarization.
In short, when R (right-circular polarization) is transmitted, L (left-circular polarization) is almost
always the stronger backscattered component than R. Counter-intuitive, perhaps, but true. This point
is further developed in Section 3.2.3.

3.2. Recommended Methodologies for HCP Data Analyses

The correct processing chain for HCP data analysis starts with a 1 × 4 Stokes vector or
2 × 2 covariance matrix. Thus, there is no need to expand the matrix or make any assumptions.
In the following sub-sections, several valid HCP data processing approaches are recommended.

3.2.1. Stokes Vector and Stokes Child Parameters

All of the polarimetric information in the radar’s backscattered field necessary to evaluate its
Stokes vector is acquired by an HCP radar. For RCM, this information is conveyed by the SLC H and V
image data at the output of the focusing processor [32]. The evaluation expressions for those Stokes
parameters for three polarimetric bases are:

Linear Circular Poincaré
S1 =

〈
|EH |

2 + |EV |
2 + N0

〉
S1 =

〈
|EOC|

2 + |ESC|
2 + N0

〉
= S1

S2 =
〈
|EH |

2
− |EV |

2
〉

= 2
〈
Re (EOCESC

∗)
〉

= mS1 cos 2ψ cos 2χ
S3 = 2

〈
Re (EHEV

∗)
〉

= 2
〈
Im (EOCESC

∗)
〉

= mS1 sin 2ψ cos 2χ
S4 = 2

〈
Im (EHEV

∗)
〉

=
〈
|EOC|

2
− |ESC|

2
〉

= mS1 sin 2χ,

(2)

where < . . . > represents ensemble average (multi-looking in the SAR context). In practice, each of
the Stokes parameters as measured by the radar appear as one real number. Interpretation of those
data depends on their polarization basis. The great contribution by Stokes was that the value of each
and every parameter is invariant with respect to polarization. This is important for users, who are as
a consequence able to interpret the parameters in any basis of their choice, in pursuit of their objectives.

In the linearly and circularly polarized examples of (2), the complex voltages (Exy) represent the
data as seen through the post-focusing SLC data streams. For example, ELH and ELV are voltages
received by the channel with a left circular transmitter and a horizontal (linear) receiver, in the
linear basis. Similarly, EOC and ESC are voltages received by the same and opposite sense of circular
polarization, respectively, relative to the sense of the transmitted circular polarization. The term N0

denotes the radar’s additive (Gaussian) noise, which is always present (as N0/2) in both of the receiver
channels. In Equation (2), ψ (orientation angle) and χ (ellipticity angles) show the orientation of the
polarization ellipse from the positive horizontal axis and the degree to which the polarization ellipse is
oval, respectively.

Note the equality (“=”) between each of the Stokes vectors in (2). Although the expressions differ
from basis to basis, their values are invariant with observation (or analytical) basis. In practice, when data
from a mission are transformed into the Stokes parameters, each parameter (e.g., S1, S2, S3, S4) will
be just one number. The resulting set of four numbers are open to interpretation with the aid of
any polarization basis of choice, be it linear, circular, or Poincaré’s elegant analytical formulation.
This subtle but essential fact lies behind the effective Stokes-based interpretation methodologies
that have proven their worth in several areas of physics. Notation for the four Stokes parameters
varies, according to tradition, discipline, and personal preference. Typical nomenclatures include
(S0, S1, S2, S3), (S1, S2, S3, S4), and (I, Q, U, V). For the curious, G. G. Stokes used (A, B, C, D). In all cases,
the order and meaning of the four remain the same.
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The first Stokes parameter (S1) is the total intensity of the radar’s backscattered field. The second and
third parameters of Stokes (S2 and S3) jointly determine the degree of linearity of the polarized constituent
of the field and the orientation of the dominant linear component. The fourth Stokes parameter (S4)
describes the ellipticity of the backscattered field based on the degree of ellipticity and the rotational
direction of its polarization vector (S4 > 0 for left-circular, or S4 < 0 for right-circular polarization).

The geometrical relationship between Stokes and Poincaré parameters is portrayed in Figure 3.
In this figure, S1, S2, S3, and S4 denote Stokes parameters in a rectangular coordinate system.
The Poincaré sphere, which is devoted exclusively to the polarimetric constituents, locates the same
point on the surface of the sphere by two angular variables, ψ and χ, in a spherical coordinate system.
The Poincaré sphere’s radius often is portrayed as unity, the normalized situation. In practice, it is
helpful to explicitly include the radius ρ = mS1, where m is the degree of polarization. The product of m
and the first Stokes parameter represents the intensity of the polarized portion of the backscattered wave.
Each point on the surface of the Poincaré sphere represents a unique polarization stipulated by the
four Stokes parameters.Remote Sens. 2020, 12, x FOR PEER REVIEW 9 of 21 
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In order to retrieve selected characteristics of the backscattered wave, several child parameters
(e.g., m: degree of polarization, mL : degree of linear polarization, and CPR : circular polarization ratio)
can be obtained using Stokes vector parameters measured in the backscattered field as shown in
Equations (3) to (5). The degree of polarization (m) is the ratio of the polarized part of power to the
total power of the backscattered signal. The values of m range between 0 and 1, corresponding to
completely unpolarized and fully polarized signals, respectively. This has been recognized as the
most important individual distinguishing characteristic of a partially polarized EM field [2]. Similarly,
the degree of linear polarization describes quantitatively the partial linear polarization of power:

Degree of polarization : m =

√
S22 + S32 + S4

2

S1
, 0 ≤ m ≤ 1, (3)
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Degree of linear polarization : mL =

√
S22 + S32

S1
, 0 ≤ mL ≤ 1, (4)

Circular Polarization Ratio (CPR) : CPR =
|ESC|

2

|EOC|
2 =

S1 − S4

S1 + S4
. (5)

The circular polarization ratio (CPR, or µc) is defined by the ratio of |ESC|
2 to |EOC|

2, where the
customary notation of radar astronomy is used to designate the same sense (SC) of circular polarization
as that which was transmitted, and (OC) the opposite sense (the sense of transmitted circular polarization
does not matter in applications, so the (SC, OC) notation avoids potential confusion). In response to R
transmission, for example, the “expected” (statistically, usually the largest) backscatter component
is left-circular (L) polarized (yes L, not R). Hence, CPR usually has values less than unity. This is
the predominant case when looking at radar backscatter from the Moon for example. In this case,
the predominant constituent is Bragg scattering, which from a mathematical point of view looks like a
single-bounce reflection. When the numerator is greater than the denominator, double (or even) bounce
is a stronger backscattering mechanism. For planetary and lunar applications, a special case arises,
because reflections from volumetric ice deposits look like double bounce, due (it is presumed) to the
birefringence of the ice crystals. Hence, CPRs of the icy Jovian planets are significantly greater than
unity, as are reflections from the interiors of permanently shadowed near-polar craters at the Moon [14].
CPR also is an indicator of angular surface roughness on scales much larger than a wavelength [46].

3.2.2. HCP SAR Decomposition

The m − χ technique is well-suited for polarimetric classifications of HCP SAR image data.
This approach is based on the degree of polarization (m), the total backscatter intensity (S1), and the
circularity variable (χ). The m− χ method uses three of the four canonical variables in the Poincaré
representation of a partially polarized electromagnetic constituent [34].

As shown in Figure 3, the sign of the Poincaré variable χ indicates the sense of rotation of any
elliptically polarized constituent. As such, the entire upper hemisphere has counter-clockwise rotation
sense, while the entire lower hemisphere has clockwise rotation sense. In contrast to δ, the χ parameter
is a robust indicator of sense of rotation due to the polarimetric circularity imperfections or backscatter
characteristics [34]. Several studies demonstrated the capability of m−χ decomposition for the physical
interpretation of HCP SAR data [38,39,47,48]. The m− χ decomposition parameters are determined
as follows: 

Pdb
Pvs

Psb


m−χ

=


mS1

1+sin 2χ
2

S1(1−m)

mS1
1−sin 2χ

2

, (6)

where the (random) volume scattering (Pvs) is proportional to the randomly polarized part of the
backscattered signal (i.e., 1 − m). Even- (Pdb) and odd-bounce scattering (Psb) of the polarized
constituents are proportional to (1 + sin 2χ) and (1− sin 2χ), respectively.

3.2.3. HCP SAR Image Classification

A classic fully polarized image classification was proposed by vanZyl for QP data, wherein pixels
were assigned to one of three types of scattering mechanisms (odd-bounce, even-bounce, and volume
scattering) [49], thus related to the m − χ method. Classification results for HCP data and QP data
have proven to be equivalent when appropriate analysis tools are employed. The Entropy/alpha (H/α)
classification plane, based on Cloude–Pottier decomposition theory [31], yields disappointing results
for HCP image classifications. Other classification methods designed for FP imagery based on either
target decomposition techniques [50–53] or polarimetric data distribution theories [54–56] might be
considered, but they are not appropriate for operational use unless and until they have been modified
to work directly with RCM’s HCP data.
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The classification of HCP data is developed based on the 2 × 2 covariance (or coherency)
matrix [57], Stokes vector parameters, and different HCP decomposition methods, such as m−χ [34,58].
For instance, Kumar et al. [48] compared the results of three unsupervised classifications methods,
namely m− α, m− δ, m− χ, using RISAT-1 HCP SAR data for crop classification. They reported that
an improvement in classification result was observed by applying m− χ compared to the other two
classifications [59]. Figure 4 demonstrates m− χ seven-fold unsupervised classification using a red,
green, blue (RGB) color wheel.

Remote Sens. 2020, 12, x FOR PEER REVIEW 10 of 21 

 

disappointing results for HCP image classifications. Other classification methods designed for FP 

imagery based on either target decomposition techniques [50–53] or polarimetric data distribution 

theories [54–56] might be considered, but they are not appropriate for operational use unless and 

until they have been modified to work directly with RCM’s HCP data.  

The classification of HCP data is developed based on the 2x2 covariance (or coherency) matrix 

[57], Stokes vector parameters, and different HCP decomposition methods, such as 𝑚 − 𝜒 [34,58]. 

For instance, Kumar et al. [48] compared the results of three unsupervised classifications methods, 

namely 𝑚 − 𝛼, 𝑚 − 𝛿, 𝑚 − 𝜒, using RISAT-1 HCP SAR data for crop classification. They reported 

that an improvement in classification result was observed by applying 𝑚 − 𝜒 compared to the other 

two classifications [59]. Figure 4 demonstrates 𝑚 − 𝜒 seven-fold unsupervised classification using a 

red, green, blue (RGB) color wheel. 

 

Figure 4. An RGB color wheel of 𝑚 − 𝜒 seven-fold classification. Adapted from [34]. 

As illustrated, in addition to three primary colors (R, G, and B) for the three classes of 

polarimetric scattering mechanisms (even-bounce, volume, odd-bounce), other colors could appear 

in the classified image. For example, a purple color in the classified image represents objects with 

odd-bounce scattering as strong as even-bounce backscattering. Adding the fourth parameter of 

classical Poincaré variables (i.e., 𝜓), the orientation of the strongest linear polarization presented in 

the backscattered field to 𝑚 − 𝜒 decomposition may be beneficial in some applications (e.g., crop 

classification). This can be considered as 𝑆1 − 𝑚 − 𝜒 − 𝜓 decomposition, which is a four-parameter 

classification scheme that incorporates all of the polarimetric information that is available in the 

observed backscattered field [2]. In addition to the Stokes vector and 𝑚 − 𝜒 parameters, other HCP 

features and methods may be employed; however, all such features should be extracted from the 2x2 

data matrix origin. For instance, circularly polarized like- and cross-polarized radar extracted from 

HCP data if evaluated in the circularly-polarized domain may be considered as an alternative. Figure 

5 illustrates the capability of different HCP channels to distinguish odd-bounce from even-bounce 

backscattering. 

Figure 4. An RGB color wheel of m− χ seven-fold classification. Adapted from [34].

As illustrated, in addition to three primary colors (R, G, and B) for the three classes of polarimetric
scattering mechanisms (even-bounce, volume, odd-bounce), other colors could appear in the classified
image. For example, a purple color in the classified image represents objects with odd-bounce
scattering as strong as even-bounce backscattering. Adding the fourth parameter of classical Poincaré
variables (i.e., ψ), the orientation of the strongest linear polarization presented in the backscattered
field to m− χ decomposition may be beneficial in some applications (e.g., crop classification). This can
be considered as S1 − m − χ − ψ decomposition, which is a four-parameter classification scheme
that incorporates all of the polarimetric information that is available in the observed backscattered
field [2]. In addition to the Stokes vector and m − χ parameters, other HCP features and methods
may be employed; however, all such features should be extracted from the 2 × 2 data matrix origin.
For instance, circularly polarized like- and cross-polarized radar extracted from HCP data if evaluated
in the circularly-polarized domain may be considered as an alternative. Figure 5 illustrates the
capability of different HCP channels to distinguish odd-bounce from even-bounce backscattering.

As seen, in some conditions, σ0
RH and σ0

RV have approximately the same values in response to
odd-bounce and even-bounce backscattering. Thus, they have a poor discrimination capability;
however, σ0

RR and σ0
RL demonstrate a completely different response between odd-bounce and

even-bounce backscattering. In particular, odd-bounce scattering produces a strong opposite-sense
reflection (RL), and even-bounce produces a strong same-sense reflection (RR). Therefore, σ0

RL and
σ0

RR are advantageous for distinguishing odd-bounce from even-bounce scattering compared to
σ0

RH and σ0
RV.

Individual Stokes child parameters, including degree of polarization (m), CPR, and degree of linear
polarization, are used in classical radar astronomy [60,61]. These parameters can also be useful in some
applications of EO HCP radar data. For example, Geldsetzer et al. [62] demonstrated the suitability of
these parameters, extracted from simulated RCM data, for sea ice mapping. Mahdianpari et al. [39] also
examined the capability of several HCP parameters, including m, CPR, and degree of linear polarization,
for classification of various crop classes. Several other studies, which followed an appropriate
classification strategy (using Stokes and its child parameters), have reported the classification results of
HCP SAR data could be as accurate as from the simplistic classification method of FP SAR data in some
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cases [38,39,63]. The capability of HCP SAR data for various environmental monitoring applications is
discussed through a literature review in Section 4.
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4. HCP Applications Overview: A Meta-Analysis

To provide a thorough review of the existing literature relating to compact polarimetry, a search
of Thomson Reuters Web of Science for related English language articles, review papers, letters,
and conference papers was conducted. Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) were then applied for study selection [64] using the following basic query:
(“Simulated Compact Polarimetry” OR “Compact Polarimetry” OR “RADARSAT Constellation
Mission” OR “RCM” OR “RISAT-1”) AND (“remote sensing” OR “Earth Observation” OR “SAR”
OR “Synthetic Aperture Radar”). The search returned a total of 90 results, dating between the years
of 2005 and 2020. Of the results, 56 were journal articles, 33 were conference papers, 2 were letters,
and 1 was a correction. All resulting articles but the corrections were downloaded and reviewed
further to ensure relevance. Abstracts were reviewed for relevant topics, such as discussions and
analysis of specific applications of compact polarimetry, and the development and introduction of new
techniques, such as those relating to decomposition. After this review, a total of 83 papers remained
from the initial 90 search results. Following the queried search of Web of Science, additional searches
for relevant articles were conducted using Google Search Engine, Google Scholar, and some review
of the references cited in the 83 resulting papers. Ultimately, a total of 101 papers were gathered,
reviewed, and summarized in this systematic review and meta-analysis. A summary of the article
selection process can be seen in Figure 6. Note that while best efforts were made to review all relevant
articles, some articles may not have been captured during the literature search.

To best analyze the 101 compact polarimetry-related papers, a database containing 17 relevant
fields was assembled for further qualitative and quantitative analysis Table 1 represents a list of the
fields included in the meta-analysis database. The database has some general literature information,
including author, publication, year, and title, and more specific information relating to compact
polarimetry, including application or purpose, and use of specific compact polarimetry data types and
methods, including polarization mode, use of real or simulated compact polarimetry, decomposition
methods, and CP extracted features. The resulting database served as the basis for further meta-analysis
and systematic review.
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Table 1. Meta-analysis database attributes.

Attribute Type Category

First Author Text
Year Numeric

Publication Text
Title Text

Document Type Text Article, Conference, Review, Letter
Country Text

Polarization Mode Class π/4, CTLR, HCP
Simulated or Real Class Simulated, Real

Pseudo Quad Class Yes, No
Comparison of results with full or dual Class Full, Dual, Both

Classification Method Class m− χ classification, SVM, MLC, ANN,
Random Forest, Thresholding

Decomposition Method Class m− δ, m− χ, m−ψ, m− α,
Resolution Numeric

Features List

Stokes Vector Components, like- and
cross-polarized radar, degree of

polarization (m), circular-polarization ratio
(CPR), degree of linear polarization,

polarization ratio, correlation coefficient,
decomposition parameters, phase

difference, conformity, alpha angle etc.
Number of Features Numeric

Figure 7 visualizes the number of articles with study areas worldwide. Canada outnumbers
other countries by far in terms of the number of studies conducted within its borders, with a total
of 45. This is followed by the United States of America, Germany, and China, each with a total of
eight, and India with a total of seven. The remaining countries, including Norway, the Netherlands,
Greenland, France, Algeria, Australia, and the Philippines, have less than three associated studies.
A majority of countries in Europe, Africa, and all countries in South America have not yet any compact
polarimetric studies implemented within their borders.

A summary of the overall applications and purposes of the reviewed compact polarimetry articles
is outlined in Figure 8. The largest number of articles, at a total of 26, are related to method/technique
development and literature reviews, such as the development and testing of novel or modified
decomposition techniques, and reviews of various aspects of specific satellites, polarization modes,
and decomposition methods. This is followed by applications in the context of oil spill monitoring
(12 papers), and target detection and sea ice monitoring (11 papers each). Other common applications
include crop monitoring with nine associated papers, soil moisture analysis with seven papers,
land cover monitoring and wetland classification with six papers, and vegetation monitoring with
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five papers. The least common applications of compact polarimetry in the literature include wind
characterization and other ice monitoring applications, with four papers each.
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Figure 8. Applications of compact polarimetry in the literature.

Among these studies, a total of 19 studies used real CP data, 17 of which used RISAT-1 data,
by far the most common data source for real compact polarimetry data, and two which used ALOS-2
(Figure 9). However, a majority of the studies, 82 in total, used simulated CP data from a number
of different satellites. RADARSAT-2 is the most common source for simulated compact polarimetry
data, being used in 59 studies. Other sources of simulated compact polarimetry data include AIRSAR
(10 studies), ALOS (4 studies; ALOS-1 & -2), UAVSAR (4 studies), and E-SAR (3 studies each). Data from
Gaofen-3 are used in only a single study.
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Figure 10 visualizes the use of various decomposition methods in the reviewed studies. Of the total
studies, 40% employ the use of the m− χ decomposition, followed closely by the m− δ decomposition
at 37%. In addition, 23% of the studies, almost half of those that used m− χ apply the use of Pseudo FP
SAR data, despite this practice being advised against. Note that the purpose of a very small number
of studies was to derive and apply modified decomposition techniques, the majority of which were
applying a modified m− χ decomposition.

Remote Sens. 2020, 12, x FOR PEER REVIEW 15 of 21 

 

 

Figure 10. Different decomposition methods used for Hybrid Compact Polarimetry (HCP) data 

analysis. 

Generally, image classification techniques, based on the availability of training data, are 

categorized into unsupervised and supervised classifications. The former approach is preferred when 

no/insufficient training data are available. Accordingly, finding the most appropriate polarimetric 

parameters with sufficient information is of great importance for unsupervised PolSAR image 

classifications. These algorithms have been developed based on target decomposition techniques and 

polarimetric data distribution theories. 

With advances in state-of-the-art artificial intelligence (AI) algorithms, several machine learning 

classifiers have been applied as a supervised method for FP and HCP SAR image classifications 

[35,36,38]. Feature extraction is one of the most important steps in supervised PolSAR image 

classification and has a direct impact on the classification accuracy. Although recent machine learning 

algorithms allow the user to incorporate a large number of features into the classification step, several 

studies demonstrated that adding weak and redundant HCP features decreases classification 

accuracy [35]. Given that maritime surveillance is one the main application of RCM data, the potential 

of simulated or real HCP SAR data has been well examined for sea ice classification and monitoring 

in several recent studies [35,62,65,66]. For example, [62] and [35] examined the discrimination 

capability of several HCP features extracted from simulated HCP data for sea ice characterization. 

Similarly, [66] demonstrated the potential of both real HCP data collected from RISAT-1 and 

simulated HCP data from RADARSAT-2 for sea ice classification. 

To date, crop classification in Canada has mostly relied on SAR data, yet the small swath width 

of FP SAR data hinders the operational capability of such data for this application. Accordingly, the 

production of annual crop inventories was based on DP SAR data and available optical data. Much 

gain is expected to be obtained by using HCP SAR data for crop classification. The capability of 

several HCP SAR data for crop classification has been examined by [29], who reported that the Stokes 

parameters extracted from simulated HCP data were useful for crop classification. Later, [39] 

compared the ability of DP, QP, and simulated HCP SAR data for crop classification and identified 

the most discriminant polarimetric features for classifying various crop classes. With regard to 

wetland mapping, [67] first reported the potential of HCP SAR data for wetland classification in 

southwestern Manitoba, Canada, using 12 HCP SAR features. The authors of [63] evaluated the 

potential of simulated HCP SAR data from RADARSAT-2 with a larger number of HCP features, yet 

only for peatland classes (i.e., poor fen, open shrub bog, and treed bog) in a small area in southern 

Ontario, Canada. The authors of [38] demonstrated the capability of 22 simulated HCP SAR data for 

Figure 10. Different decomposition methods used for Hybrid Compact Polarimetry (HCP) data analysis.

Generally, image classification techniques, based on the availability of training data, are categorized
into unsupervised and supervised classifications. The former approach is preferred when no/insufficient
training data are available. Accordingly, finding the most appropriate polarimetric parameters
with sufficient information is of great importance for unsupervised PolSAR image classifications.
These algorithms have been developed based on target decomposition techniques and polarimetric
data distribution theories.

With advances in state-of-the-art artificial intelligence (AI) algorithms, several machine learning
classifiers have been applied as a supervised method for FP and HCP SAR image classifications [35,36,38].
Feature extraction is one of the most important steps in supervised PolSAR image classification and has
a direct impact on the classification accuracy. Although recent machine learning algorithms allow the
user to incorporate a large number of features into the classification step, several studies demonstrated
that adding weak and redundant HCP features decreases classification accuracy [35]. Given that
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maritime surveillance is one the main application of RCM data, the potential of simulated or real
HCP SAR data has been well examined for sea ice classification and monitoring in several recent
studies [35,62,65]. For example, [62] and [35] examined the discrimination capability of several HCP
features extracted from simulated HCP data for sea ice characterization. Similarly, [65] demonstrated the
potential of both real HCP data collected from RISAT-1 and simulated HCP data from RADARSAT-2
for sea ice classification.

To date, crop classification in Canada has mostly relied on SAR data, yet the small swath width
of FP SAR data hinders the operational capability of such data for this application. Accordingly,
the production of annual crop inventories was based on DP SAR data and available optical data.
Much gain is expected to be obtained by using HCP SAR data for crop classification. The capability
of several HCP SAR data for crop classification has been examined by [29], who reported that the
Stokes parameters extracted from simulated HCP data were useful for crop classification. Later, [39]
compared the ability of DP, QP, and simulated HCP SAR data for crop classification and identified the
most discriminant polarimetric features for classifying various crop classes. With regard to wetland
mapping, [66] first reported the potential of HCP SAR data for wetland classification in southwestern
Manitoba, Canada, using 12 HCP SAR features. The authors of [63] evaluated the potential of simulated
HCP SAR data from RADARSAT-2 with a larger number of HCP features, yet only for peatland
classes (i.e., poor fen, open shrub bog, and treed bog) in a small area in southern Ontario, Canada.
The authors of [38] demonstrated the capability of 22 simulated HCP SAR data for discriminating
Canadian wetland classes and compared wetland classification results of HCP and FP SAR data.

A summary of using different classification methods in CP studies is shown in Figure 11. The most
common classification method applied in compact polarimetry studies is the m− χ method at 36%.
This is followed by the maximum likelihood classifier (MLC) at 25%, random forest classification at
17%, and Support Vector Machine (SVM) at 13%. At 9%, Artificial Neural Network (ANN) is the least
commonly applied classification method in the reviewed studies.
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A majority of reviewed papers used simulated HCP data, which can be derived from FP data,
verses real CP. Most of the simulated HCP SAR data were derived from the RADARSAT-2, real HCP
data were obtained using satellites, such as RISAT-1, and sometimes ALOS-2. Applications of real HCP
include crop mapping [67,68], sea target detection, ice classification and monitoring [69,70], soil moisture
characterization [71], and land cover classification [72,73], among others. Decomposition methods
applied in the research listed above most commonly include m− χ and m− δ.
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Some of the research on real HCP also compare HCP results with that of results obtained using
FP data [38,39,67,74–76]. Generally, a review of this research shows that often HCP and FP obtain
comparable results. For example, Singha and Ressel (2017), who used RISAT-1 HCP to characterize
sea ice, compared the results of this work with RADARSAT-2 FP data, and found that classification
results between the two methods were very similar. Similarly, Uppala et al. (2016) found that the
resulting accuracy of RH/RV HCP classification of maize cropland is similar to that of results obtained
with FP data. Other research compared classification results using real and simulated HCP, which also
generally produced comparable results [69,70]. Espeseth et al. (2017), for example, found that hybrid
polarimetric real and simulated have comparable abilities to differentiate sea ice types. While there is
currently much less research applying real rather than simulated HCP, it is expected that, with the
launch of RCM, the amount of research using real HCP will increase, in addition to its application in
novel situations and contexts.

5. Conclusions

Additional polarimetric information collected by PolSAR sensors are beneficial for different
environmental monitoring applications in comparison with single-pol SAR data. To date, however,
all Earth observation (EO) radar systems have had limitations that impeded operational implementation
and acceptance by users of fully polarimetric radar data. As such, RCM has been designed to offer
users a suite of operational polarimetric modes. From an operational point of view, the compact
polarimetry mode of RCM data that transmits a circularly polarized field (L or R) and receives two
orthogonal linear polarizations (H and V) is an optimum polarization mode to collect polarimetric data.
The primary image data products from an HCP sensor on RCM are different from those of a traditional
polarimetric radar. As such, the processing of RCM’s compact polarimetric data are different from
those of conventional polarimetric data. Therefore, there is a need to explore different processing
methods that specifically have been designed for HCP data and this review paper was designed to
provide an initial response to that need.

As reviewed in this study, several articles that used appropriate methods for processing of HCP
SAR data reported the comparable results of HCP SAR sensors to that of full polarimetric SAR.
However, some studies used inappropriate methods (e.g., the 3 × 3 pseudo-covariance matrix)
for the processing of CP SAR data and then demonstrated the superiority of full polarimetric data
compared to CP SAR data. Therefore, our recommendation is to avoid using this method because in
general the 3 × 3 pseudo-covariance matrix does not have more information compared to the original
2 × 2 covariance matrix. Another method that should be avoided for CP SAR processing is the m− δ
decomposition. This is because the m− δ decomposition is valid in the case of a perfectly right circular
transmission and perfectly calibrated linearly polarized receiver, which are likely not to be true in
operational conditions. Such approaches should be avoided. When appropriate methods are used,
RCM’s innovative radar architecture supports polarimetry at operational scales.

In this study, a systematic review was also performed by reviewing a total of 101 papers, which used
either real or simulated CP SAR data. Canada with 45 studies was the top country in terms of the
number of studies using CP SAR data. In addition, CP data were frequently used in oil spill detection,
sea ice, and crop mapping. A majority of the studies, 82 in total, used simulated CP data from a number
of different satellites. RADARSAT-2 was the most common source for simulated compact polarimetry
data. Of great benefit for users, the HCP mode avoids all of the swath coverage limitations of an FP
SAR system, while enabling polarimetric feature classifications of comparable quality. Its larger area
coverage and frequent revisit capabilities made possible by the HCP aboard RCM allow for sub-weekly
observations, thus providing simultaneous high temporal resolution and polarimetric discrimination.
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