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Support Vector Machine for Multifrequency
SAR Polarimetric Data Classification

Cédric Lardeux, Pierre-Louis Frison, Céline Tison, Jean-Claude Souyris,
Benoit Stoll, Bénédicte Fruneau, and Jean-Paul Rudant

Abstract—The objective of this paper is twofold: first, to assess
the potential of radar data for tropical vegetation cartography
and, second, to evaluate the contribution of different polarimetric
indicators that can be derived from a fully polarimetric data set.
Because of its ability to take numerous and heterogeneous param-
eters into account, such as the various polarimetric indicators
under consideration, a support vector machine (SVM) algorithm
is used in the classification step. The contribution of the different
polarimetric indicators is estimated through a greedy forward
and backward method. Results have been assessed with AIRSAR
polarimetric data polarimetric data acquired over a dense tropical
environment. The results are compared to those obtained with the
standard Wishart approach, for single frequency and multifre-
quency bands. It is shown that, when radar data do not satisfy the
Wishart distribution, the SVM algorithm performs much better
than the Wishart approach, when applied to an optimized set of
polarimetric indicators.

Index Terms—Polarimetry, supervised classification, support
vector machine (SVM), synthetic aperture radar (SAR), tropical
vegetation.

1. INTRODUCTION

OLARIZATION diversity has been uncommon in space-

borne synthetic aperture radar (SAR) of the last century.
Most civilian systems were designed to transmit a single
waveform in terms of polarization, such as the ERS-1 and -2
satellites (vertical linear polarization) or RADARSAT-1 and
JERS (horizontal linear polarization). New space missions,
however, all include operational or experimental polarimetric
modes to various extents. For the first time, ASAR/ENVISAT
(launched in March 2002) was given a limited polarization
diversity. The current situation has changed rapidly with the
launch of full or partial polarimetry payloads [RADARSAT-2,
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TERRASAR-X, and ALOS], using C-, X-, and L-bands, re-
spectively, for resolutions ranging from 3 to 10 m.

Polarimetric information is of prime interest for classification
purposes. When full polarimetry is available, basically two
families of algorithms can be used: on one hand, those that de-
compose a backscatter wave into standard backscattering mech-
anisms (simple, double, helix, volume scattering, ...), e.g.,
Pauli decomposition and Freeman and Durden [1] or Krogager
decomposition [2], and, on the other hand, algebraic ap-
proaches, based on the eigenvalue and eigenvectors analysis
of the coherency matrix [3], from which parameters such as
entropy H, the main average scattering mechanism «, and
anisotropy are inferred. In addition to these familiar polarimet-
ric tools, other analysis tools allow one to calculate the trans-
mission and reception polarizations that maximize polarimetric
contrast [4]. Classification can also be achieved using the Bayes
theory and the complex Wishart distribution of the covariance
matrix elements [5]. More recently, the merging of decom-
position techniques with a Wishart classifier was proposed to
conduct unsupervised classification [6].

Finally, various polarimetric indicators were used in other
classification schemes, such as neural networks [7], hierarchical
classifiers [8], or classifiers based on wavelet transform [9]. The
magnitudes of the linearly polarized radar responses (|hh|, |hv/,
and |vv|) acquired at one or several frequencies are generally
used in conjunction with other indicators, such as their ratio, the
degree of coherence p between hh and vv complex responses,
or a variation coefficient characterizing the local texture in each
polarization channel [10]. Other references use circular or lin-
ear radar response ratios for surface/volume scattering discrim-
ination when a subsurface is prospected [11]. Mattia et al. [12]
have shown the added value of the degree of coherence ex-
pressed in a basis of circular polarizations for surface roughness
characterization. Finally, other polarimetric indicators based on
the extremes of the degree of polarization or the intensity of
free-space backscattered power have also been pointed out [13].

The aim of this paper is twofold: First, it is to assess the po-
tential of radar polarimetric data for land use classification over
a tropical environment. Second, it is to evaluate the contribution
of different polarimetric indicators for such application. To this
end, a support vector machine (SVM) classification method is
used since it is well suited to handle linearly nonseparable cases
by using the Kernel theory [14]. Among other advantages, this
method allows defining feature vectors with numerous and het-
erogeneous components. It has been mostly applied to hyper-
spectral remotely sensed data, and a few studies have also been
carried out on SAR data [15], [16]. The various polarimetric

0196-2892/$26.00 © 2009 IEEE



4144 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 47, NO. 12, DECEMBER 2009

indicators are selected through a stepwise process. Unlike
algorithms such as principal component analysis that is already
investigated for polarimetric SAR data [17], this method keeps
the feature vector unchanged, allowing for an easier physical
interpretation of results.

The method is applied to fully polarimetric L- and P-band
data and vv polarized C-band data, which have been col-
lected in August 2000 by the Jet Propulsion Laboratory (JPL)-
AIRSAR sensor over the Tubuai Island, French Polynesia.

First, the SVM algorithm is assessed with a feature vector
composed of the nine real elements of the coherency matrix.
The results are compared to those obtained with a standard
classification based on the complex Wishart distribution [5].
Subsequently, the contribution of different polarimetric indica-
tors is investigated in single frequency cases and when P-, L-,
and C-band data are merged together.

The developed methodology, i.e., the different polarimetric
indicators investigated, the SVM algorithm, and greedy meth-
ods used to assess the polarimetric indicator contribution are
introduced in the second section. Section III is dedicated to
the experimental results: First, the data used and study site are
presented. Then, the results involving single or multiple fre-
quency bands are discussed in the light of their comparison to
Wishart classification. Section IV summarizes our conclusions
and draws perspectives.

II. METHODOLOGY
A. Polarimetric Indicators

The coherency matrix 7' is defined from a scattering target
vector k,, expressed in the Pauli basis as follows [18]:

Shh + SVV
kp = 7 Shh — Suw T = (kp.k3") (D)

2.5h,
where S, denotes the scattering matrix element corresponding
to the p — q polarization of a receiving—transmitting wave
(p and ¢ referring to horizontal h or vertical v linear polar-
ization), and () stands for the spatial averaging during the
multilook processing. In addition to the coherency matrix terms
T;;, various polarimetric indicators can be derived from a
polarimetric measurement. They are detailed as follows and
summarized in Table I.

1) The intensities of the copolarized channel in linear and
circular polarizations: I, = |Spp|?, where p refers to h,
v, 1, or r (for linear horizontal, vertical, circular left, or
right polarization respectively). It can be noted that the
cross-polarized channels I, and Ij. correspond to the
coherency matrix elements 753 and 771, respectively, and
are not retained to avoid redundancy.

2) The Span: S = Iy, + 21}, + 1,,.

3) The local heterogeneity is taken into account through
the coefficient of variation ¢, = (0/u), where o and p
represent the standard deviation and mean estimated over
a 5 x 5 neighborhood for a given radiometric channel,
respectively. ¢, _pq represents the coefficient of variation
associated to a transmission in ¢ polarization and a re-

TABLE 1
POLARIMETRIC INDICATORS ASSESSED FOR CLASSIFICATION

Description Designation
Elements of the coherency matrix S
(modulus and arguments) Tij (i =1,2.3)
Linear and circular intensities Thn, Lyy, I, I
Span S =Ty + 2 Tpy? + [y2

Thv/Iyy, Tnv/Thh, Tnn/Tyy

Linear and circular intensities ratio
Lo/, Tn/Tye, Tn/Tiy

Degree of coherence between linear

polarizations (Modulus and Argument) Phb-vvs Phhchvs Prv-hy

Degree of coherence between circular

polarizations (Modulus and Argument) Pltr, Pltle, Prede

Extremes of the backscattered intensity Timin, Tmax / Tmin

Extremes of the degree of polarization | d_Py.d_P..,A(d_P)

Linear and circular coefficient of Cy-vvs Cv-hvs Cy-hhs

variation Cy-1l. Cy-It, Cy-rr
Euler parameters mY,y,Vv, T
Entropy, anisotropy, 0. parameter H/a/o.
Freeman decomposition parameters Ps, Py, Py

ception in p polarization (linear and circular polarizations
will be considered).

4) The ratio between different intensity channels in linear
and circular polarization bases

I Iy Inn Iy Iy Iy

Ihh’ Il/l/, Il/V, Ilr7 E7 Irr'

In particular, the indicators Iy, /I and I, /I;; are used
in planetology to discriminate between surface and vol-
ume scattering mechanisms [19].

5) The modulus and phase of the polarimetric degree of

coherence Phh—vvs Phv—vvs Phu—hhs Pli—lrs Prr—Iirs and
Pli—rr, computed over a 5 x 5 neighborhood as follows:

(Spa-Spar) o
\/<‘Spq|2>~<|5p’q"2> par

ejwqup’q’

Ppg—p'q =

where p, q, p/, or ¢ stands for h, v, I, or r polarization.

6) Accounting for the different approaches that allow for the
optimization of the free-space backscattered power con-
trast [13], its minimum /,,;;, and maximum I, are cal-
culated when the transmitted polarization takes any value
on the Poincaré sphere. I,,;, and the ratio Iy /Imax are
retained. Due to the high correlation observed between
the Span and I, over the whole scene (% = 0.99 for
1786701 points), the latter is not selected.

7) The minimum d_P,,;, and the maximum d_P,,,, of the
degree of polarization of the free-space backscattered
wave are also calculated when the transmitted polariza-
tion takes any value on the Poincaré sphere. The degree of
polarization is defined as d_P = (/S35 + S% + S7/51),
where S; denotes the components of 4-D Stokes vector
[20]. d_Pppin and d_P,.x are retained, as well as their
difference A(d_P).
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Fig. 1. SVM classifier scheme. (a) Linear and (b) nonlinear cases.

8) The three parameters H/A/« representing the entropy
(an indication of the respective weights of the polar-
ized and unpolarized components in the makeup of the
backscattered wave), the scattering mechanism, and the
anisotropy inferred from the coherency matrix [3].

9) The three intensity parameters of the Freeman decom-
position Ps, P4, and P,, corresponding to the weight
of single, double, and volume in the backscattered
response [1].

10) The five Euler parameters v, v, 7, ¥, and m associated
to the characteristic polarizations of the polarimetric sig-
natures [21]. These parameters are here derived from the
matrix of coherence 7', according to the method described
by Laurent et al. [22]. It assumes the following coherency
matrix decomposition: 7' = ol 4 qrunpol -y here POl
and T""P°! represent the polarized and unpolarized parts
of the backscattered response, respectively. The Euler
parameters are estimated from 7P°!.

Details about the distributions observed by these different

polarimetric indicators over natural surfaces can be found in
[23]-[25].

B. SVM Method

A brief description of the SVM is given hereinafter, and more
details can be found in [14]. The first part presents the method
in a linear case, followed by the extension to nonlinear case.
Fig. 1 shows an illustration of the description made hereinafter.

1) Linear Case: Let us consider a two-class classification
problem with P training samples. Each sample is described by
an N dimension vector Vj(N) =V; (j < P), belonging to an
input space E (with the same dimension N). The N vector
components are also called primitives or, in the present case,
polarimetric indicators. The label of the jth sample V; is Y.
For a two-class problem, the class labels are —1 or +1 (i.e.,
Yj € {-1;+1}.

The classification problem consists in finding an optimal hy-
perplane (i.e., a subspace of dimension N — 1), for separating
the two classes. Such a hyperplane is defined by its normal
vector w and an offset b. A classification function f defining
the label Y} of the sample V; is defined by

f(Vj) = Sign ((w.Vj) +b) = Y; 2

where Sign is the sign function, and (w.V}) represents the scalar
product between w and V;. A vector subset corresponding to the
training samples which are closest to the considered hyperplane
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is called the support vector [Fig. 1(a)]. The distance between
the support vector and the considered hyperplane is called the
margin and is equal to 1/||w||, where ||w|| refers to the norm
of w vector. The goal of the SVM is to compute the optimal
hyperplane separating the two classes or, equivalently, to maxi-
mize the margin by finding the min(||w||). This optimization is
performed through the Lagrangian formalism

P
f(Vj) = Sign (Z Vi (w.Vj) + b> 3)
i=1

where «; denotes the Lagrange multipliers.

The presence of noise in the data can be accounted for by
defining a distance tolerating the data scattering, thus relaxing
the decision constraint. The considered distance is named the
cost parameter C', and the optimal margin is, in this case, rather
called the soft margin.

2) Nonlinear Case: When no hyperplane can be found in
the input space E between the two classes [Fig. 1(b)], training
vectors are projected into a space H of dimension M (M >
N), named the feature space to go back to a linear prob-
lem. The projection is realized through a projection function
®(® : RN+ H). In this case, the classification function (3)
becomes

P
f(V;) = Sign (Z Yi.oy. (®(V;).9(V;)) + b) NN
i=1

The analytical form of ® is not required, as only its scalar
product (®(V;).®(V;)) appears in (4). (®(V;).2(V;)) is called
the Kernel function K

K(V;, Vi) = (@(V;)- (V1)) - (5)

From 4) and (5), we f(v;) =
Sign(21, Vi K(V;, Vi) +b).

This formalism enables an easy change of computation space
(the features are not really projected to get the hyperplane).

The following three types of kernels are commonly used:

1) apolynomial kernel K (V,V;) = (V.V;) + 1)7;

2) asigmoid kernel K (V,V;) = tanh((V.V;) + 1);

3) aradial basis function (RBF) kernel

have

[V —Vif?
E(V,Vi) = exp ————5—.

The principle of SVM has been developed for a two-class
problem but can be easily extended to a multiclass problem by
considering, for example, “One Against All” (OAA) or “One
Against One” (OAO) algorithms [26]. If ) classes are to be
considered, the OAA algorithm consists in the construction
of () hyperplanes that separate respectively one class and
the ) — 1 other classes. The OAO algorithm consists in the
construction of Q(Q — 1)/2 hyperplanes which separate each
pair of classes. In this case, the final label is the one which has
been chosen the most often, while for the OAA algorithm, the
final label is corresponding to the largest marge. After several
tests, the OAO algorithm has been retained.
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C. Greedy Analysis

This section develops the method used to assess the con-
tribution of the different polarimetric indicators mentioned in
Section II-A for classification. Ideally, the best combination
defined by p chosen among NN polarimetric indicators would
be derived by testing all C%; possible combinations. However,
this is unrealistic due to the time needed for computation.
Consequently, an iterative algorithm based on the so-called
greedy methods [27] is developed. In the following, F is the
set of all the indicators which have been defined previously and
V_ref (NF) g reference vector, which is defined with indicators
that constitute a subset /' C E. Nr and Ng are the cardinals of
Fand E.

Two goals have to be fulfilled. First, the contribution of the
indicators belonging to V_ref("*) should be assessed. This is
done through a greedy backward method, which removes step
by step the less efficient components in V_ref(V), Second,
the additional indicators (those which belong to E — F' set)
should be added to V_re f(NF ) in order to check whether
they improve the classification or not. This is performed with
a greedy forward analysis that selects step by step the most
discriminating indicators belonging to the subset £/ — F'.

The greedy backward analysis is implemented as follows:
The SVM algorithm is applied to the Ng vectors of dimen-
sion Ngp — 1, V_ref(NF’l), derived from V_ref(NF) once
one primitive among the Np has been removed. The result-
ing largest classification performance leads to the optimized
vector of dimension Np — 1, this latter being substituted to
V_ref (NF) {0 initiate the second iteration. At step k, a vec-
tor V_ref(NF’k) is determined from V_ref(NF’kH), where
V_ref(NF=k) gathers the N — k most efficient polarimetric
indicators. It can be noted that the recursive feature extraction
algorithm [27] was not assessed here as it is mostly useful
for linear SVM situations, whereas the RBF kernel has been
selected here.

The greedy forward analysis is performed as follows: The
SVM algorithm is applied to the Ng — Np vectors of di-
mension N + 1, derived from V_ref(V) by the addition
of one primitive belonging to the £ — F' subset to the N
components of V_ref(Nr)_ The resulting highest classification
accuracy leads to the optimized vector of dimension Np + 1,
V_refNr+1) which is used to initiate the second iteration. At
step k, a vector V_ref(NF+E) derived from V_ref(Netk-1),
gathers the N + k most efficient polarimetric indicators given
the initial configuration V_ref (NF),

III. APPLICATION

The proposed method is applied to AIRSAR polarimetric
data acquired over the French Polynesian Tubuai Island, in
order to assess the potential of radar polarimetric data for
natural vegetation cartography. This section presents the study
area and data used. Then, the results are analyzed.

A. Study Area

Tubuai Island presents a large diversity of land use classes
and vegetation types and is widely documented through regular

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 47, NO. 12, DECEMBER 2009

TABLE 1II
LAND USE OF THE TUBUAI ISLAND
Class number | Percen | #training | # control
Class type
- name t cover samples samples
1 - Pinus 13% 3 000 5000
Forest | 2- Falcata 7% 2000 2000
3 - Purau 26 % 3000 5000
e 4-Guava | 1% | 500 | 500
> - Fern 0% | 2000 | 2500
Low lands
vegetation 6 - Swampy 504 2000 5000
______________ vegetation _ |~ |l ____l._ ...
Bare soils, | 5 _paresoils | 5% 2000 5000
roads

in situ surveys. Tubuai is part of the Australe islands and is
located at 23.38° S and 149.45° W, in the south of French
Polynesia. It sustains a population of 6000 people with an area
of 45 km?, presenting two little mountain chains whose highest
point is 422 m high. Land use classes are listed in Table II. The
habitat area, scattered over the island shore, does not appear
because it is too small (< 1% of the island area), heterogeneous,
and out of the scope of the study. Vegetation occupies 94%
of the island with forest and low vegetation that are equally
shared out. The forests spread over three main species: “Purau,”
“Pinus,” and “Falcata,” with some few “Strawberry Guava”
specie patches (< 1%). The latter is particularly watched as it
is an invasive species, coming from South America in 1840 and
which was inventoried for the first time in 1979 in the Tubuai
island (G. Paulay, personal communication). Low vegetation
mainly consists in fern lands and swampy vegetation. Several
ground surveys have been carried out, and their combination
with a Quickbird image (cf. Section I1I-B2) allows the consti-
tution of a valuable validation data set.

B. Remotely Sensed Data

1) AIRSAR Data: For management purposes and the moni-
toring of different invasive vegetation species, the local admin-
istration authorities ordered an AIRSAR campaign in order to
set up the cartography and the inventory of Polynesian land-
scape. The JPL-AIRSAR data were acquired in August 2000
at P-, L-, and C-band frequencies (430 MHz, 1.24 GHz, and
5.29 GHz, respectively). Fully polarimetric data are available
at P- and L-band frequencies, while C-band data were only
acquired in vv polarization. Fully polarimetric calibrated prod-
ucts are delivered as multilook complex format consisting in
compressed Stokes matrix [28]. This calibration procedure con-
cerns the correction of relative amplitudes and phases, as well
as system cross talk [29]. The slant range resolution is 5.5 m
for the three bands, and the azimuth resolution is 10.8, 13.5,
and 31.5 m, respectively, for C-, L-, and P-bands. For the three
bands, delivered data correspond to 9 x 1 look in the azimuth
and range directions, respectively, with a pixel size of 5 x 5 m?.
The incidence angle ranges between 26° and 62°.

Slight additional adjustments were performed on the polari-
metric differential phases following Zebker et al. [30], in order
to come up with centered normal histogram over the sea for
Yhh — Puy- In addition to that, a calibration coefficient has
been applied to each of the linearly polarized intensity channels,
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0 1 2 3
HH B | km

Fig. 2. AIRSAR image of the Tubuai Island. The RGB channels correspond
respectively to intensities in hh and hv polarization at L-band and vv polariza-
tion at C-band.

Fig. 3.

Quickbird image of the Tubuai Island.

in order to approach realistic backscattering coefficient values
over densely forested areas. An AIRSAR composite red, green,
and blue (RGB) image of the Tubuai island is shown in Fig. 2.

In order to reduce speckle, a polarimetric filter has been
applied using a 5 x 5 sliding window [31]. Then, all the
polarimetric indicators have been estimated over a 5 x 5 local
neighborhood over the filtered data. The 5 x 5 pixel size of the
neighborhood has been retained in order to preserve the spatial
resolution, although it may induce some bias in the estimation
of the different polarimetric parameters [32].

2) Quickbird Image: In support to in situ measurements, an
optical image has been acquired in June 2004 by the sensor
onboard the Quickbird satellite, in four spectral bands (blue,
green, red, and near infrared), each with a spatial resolution of
2.5 m. The image is shown in Fig. 3.

C. Experimental Results

The classification methods (Wishart or SVM) are applied
for the seven classes given in Table II. The ground surveys
allowed the definition of different regions of interest, which are
representative of each class. After the removal of borders and
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possible relief artifacts, their corresponding area is ranging be-
tween 750 and 225 000 m2, with an average of about 11 300 m?
(i.e., 30, 9000, and 450 AIRSAR pixels, respectively). For a
given class, all the regions are merged, and pixels are randomly
divided into two distinct subsets for training and control sam-
ples whose sizes are given Table II. For classification runtime
consideration, the maximum numbers of training and control
samples for a given class do not exceed 3000 and 5000,
respectively. There are less training points than control points
for computation time considerations and robustness character-
ization. The same training samples are retained whatever the
classification method chosen.

The classification accuracy is given by the mean producer ac-
curacy (MPA) that represents the mean of the producer accuracy
(expressed in percent) of the seven classes [33]. This parameter
is chosen because it puts the emphasis on the discrimination
quality between each class rather than on the overall number of
well-classified pixels. Consequently, it is more relevant when
the classes under consideration have critically different number
of pixels, as occurring in the present study case. For example,
the Guava specie, which is represented by only 1000 pixels and
is rather difficult to detect, is, however, particularly watched on.

1) Configuration of the SVM Kernel: The SVM algorithm
is developed with the Libsvm library [34]. Lin and Lin [35]
state that the sigmoid kernel is not better than the RBF kernel
in general. On the other hand, several tests show that the poly-
nomial kernel leads to significantly more computational time
than the RBF kernel. For example, with a 3° polynomial kernel,
one classification run takes 40 times longer than one SVM clas-
sification run with an RBF kernel (about 3 h versus 5 min, re-
spectively). Consequently, the RBF kernel has been chosen for
this paper. Fig. 4(a) shows the influence of the cost C' and the o
parameters on the classification accuracy (MPA) for a vector
V_WISH defined by the nine real elements of the L-band
coherency matrix. It appears that the classification performance
increases with decreasing values of ¢. For o < 1, the classifica-
tion shows similar performance, particularly for large C' values.

Fig. 4(b) shows a vector defined by 45 polarimetric indicators
(the 45 first parameters given in Table IV). Contrary to Fig. 4(a),
the classification performance increases with o, with the max-
imum classification accuracy observed for ¢ > 0.3. This is in
concordance with Vapnik [36], who recommends increasing o
value with the number of considered primitives. Moreover, the
influence of C' on the MPA appears in that case to be negligi-
ble. These results show that the values defining the optimum
RBF kernel and cost parameter are dependent of the involved
vector dimension. However, for simplification purposes, we
choose, for any considered vector in this paper, the RBF kernel
with o = 0.5 and C = 1000. It can be noticed that this good
compromise between the two cases shown Fig. 4 is the same
parameterization as [37].

2) Comparison Between Wishart and SVM Classifications:
In order to evaluate the potential of the SVM method, a compar-
ison is first conducted with a supervised Wishart classifier based
on the a priori knowledge of the statistical properties of the
coherency matrix elements [5]. In order to conduct a fair
comparison between SVM and Wishart classifiers, the SVM
classification considers here a vector, denoted by V_WISH,
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Fig. 4. Classification accuracy (MPA) using the SVM method with the RBF kernel versus the cost (C') and o parameters. (a) For the nine-component V_WISH
vector. (b) For the 45-component vector (the 45 first polarimetric indicators given Table IV) for L-band data.

TABLE III
COMPARISON OF THE MPA (IN PERCENT) OBTAINED FROM SVM WITH
THE VECTOR V_W IS H AND WISHART CLASSIFICATIONS

L Band P band LAP+C
bands
Type Class
Wishart SVM | Wishart SVM [ Wishart SVM
Pinus 32 74 56 71 81 99
Falcata 69 80 37 64 75 99
Forest
Purau 48 78 61 85 75 98
Guava 76 88 66 74 74 100
Fernland 62 93 49 88 56 98
Low
vegetation  Swampy | g5 g7 | 9 g3 | o5 99
vegetation
Bare soil 90 98 91 96 91 99
overall performance (MPA) | 66 87 62 82 78 99

including only the nine elements of the coherency matrix (i.e.,
the three real diagonal elements and the real and imaginary
parts of the three off-diagonal elements). In addition, the com-
parison has also been made when the L-, P-, and C-bands are
combined together. In that case, the vector used for the SVM
algorithm, denoted by V_WI1SH_PLC, includes 19 elements,
i.e., the 2 x 9 elements of the coherency matrix of L- and
P-bands, with the addition of the intensity [,, acquired at
C-band. The results are given Table III. In general, the SVM
algorithm gives much better results than those obtained with the
Wishart classifier, with MPA values of 87% and 82% for L- and
P-bands, which are about 20% higher than the Wishart classifier
results. It can be noticed that the same SVM classification re-
sults are obtained by replacing in V_W IS H the real/imaginary
parts by the amplitude/phase of the three off-diagonal elements.

The poor performance of the Wishart classifier is due to
the discrepancy between the supposed Wishart distribution and
the one observed by the experimental data. This is confirmed
by the simulations of radar data, respecting both the Wishart
distribution and the averaged coherency matrix observed over
the different training classes. For this simulation data set, the
Wishart classifier shows a better accuracy than the SVM algo-
rithm, with, for example, at L-band, MPA values of 8§1% and

74%, respectively. The discrepancy of experimental data with
the Wishart distribution is not surprising for the considered air-
borne data set, for which imaged surfaces are not homogeneous
(with the presence of texture, for example) at such resolu-
tion cell size with respect to the wavelength. Similar figure
case can also be expected with new spaceborne sensors, such
as RADARSAT-2 or ALOS/PALSAR. For such situation, the
SVM algorithm does not take into account any a priori informa-
tion about the statistical distribution of the processed data. The
good accuracy obtained with the experimental data indicates
the potential of the nonlinear kernel theory for classification, for
training data set which has to be the most representative of each
class. The remarkable accuracy (M PA = 99%) obtained with
the SVM method when the P, L, and C-bands are combined can
be noted. The 99% MPA value observed, which is remarkably
high, is not representative of reality, since a lot of approx-
imations are made, such as reducing the numerous different
landscapes to only seven pure classes. However, the relative
differences between the classification accuracies are significant,
since all are based on the same training and control classes.

On the other hand, the MPA values are about 5% higher
for L-band than for P-band, whatever the classification method
used. The analysis of different confusion matrices shows, as can
be expected, that there is a higher confusion at P-band between
the Fernland and swampy vegetation classes, i.e., the P-band is
less sensitive to low vegetation densities. However, it is more
difficult to give an interpretation about the behavior observed
over forest classes. Despite better penetration capabilities in
forest canopies at low frequencies, at the exception of Purau, a
higher confusion between forest species is observed at P-band
than at L-band.

The images corresponding to the classification obtained with
Wishart and SVM classifiers when the P-, L-, and C-bands are
combined are shown in Fig. 5. It is particularly obvious that
the large number of pixels that are wrongly classified as Guava
with the Wishart classification is significantly reduced with the
SVM classification.

These results indicate that, although the SVM method is not
particularly developed for radar data, it presents nevertheless a
significant potential for radar polarimetric data classification.

a) Polarimetric indicator contribution: This section an-
alyzes the contribution of the different polarimetric indicators
listed in Section II-A (Table I) according to the greedy forward
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Fig. 6. Contribution of the polarimetric indicators for L-band, P-band, and
when P-, L-, and C-bands are combined together. Details about the correspond-
ing primitives at L- and P-bands are given in Table IV.

or backward methods applied to the SVM algorithm presented
in Section II-C.

When only one single frequency polarimetric band is consid-
ered (i.e., L- or P-band), the 54 polarimetric indicators (listed
in Table I) define a 54-component reference vector noted as
V_FULL. Fig. 6 shows the classification overall accuracy
(MPA) with respect to the number of primitives. It is the result
of the different steps of the greedy backward algorithm from
the V_FU LL initial vector, at L- and P-bands. Table IV gives
the details on the corresponding primitive ranking. Both L- and
P-bands indicate a similar behavior: A large plateau around the
MPA maximum value is reached for a number of primitives
ranging approximately between 20 and 45. The MPA maximum
values are 91% and 88% for L- and P-bands, respectively,
representing gains of 4% and 6% by comparison with the results
obtained with the V_W IS H vector. Below ten primitives, the
classification performance shows a dramatic decrease (down to
63% and 67% for L- and P-bands) due to too reduced remnant
information. It is also worth noting that a marked decrease (6%
and 9% for L- and P-bands) is also observed for a primitive
number higher than 48 for both bands, indicating that some
polarimetric indicators introduce high confusion for classifi-

Guava
No data

Purau
Bare soils

Images of the classification obtained when P-, L-, and C-bands are combined. (a) Wishart classifier (M PA = 78%) and (b) SVM for the 19 indicators

TABLE IV
RANKING OF THE DIFFERENT POLARIMETRIC INDICATORS FOR THE
RESULTS BASED ON THE V_F'U LL VECTOR SHOWN IN FIG. 6. THE SET
OF PRIMITIVES CORRESPONDING TO THE NUMBER (5 < N < 54) Is
CUMULATIVE FROM THE FIVE FIRST PRIMITIVES (FIRST LINE)
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cation. An analysis of Table IV shows that seven particular
indicators are among the less discriminative both for L- and
P-bands: four of the Euler parameters v, v, v, and 7 and the
three phases of the degrees of coherence ¢;_yr, ©rr—irr, and
@hh—ny- It is not surprising, as the Euler parameter are particu-
larly defined to account for the characterization of deterministic
target inducing fully polarized radar response, which is not the
case over vegetated surfaces. The nonefficiency of the phases
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of the degrees of coherence is also expected over these dense
vegetated areas, although useful information can be extracted
from some of these parameters over other types of surface,
such as urban or spared vegetation areas [38]-[40]. On the
other hand, polarimetric indicators occupying the left part of the
curve are not necessarily the most significantly discriminating
ones. This is due to the constant performance of the classifica-
tion on the plateau region, which indicates that each individual
indicator has a negligible contribution. Consequently, in that
horizontal part of the curve, the greedy backward method can
remove indicators with more intrinsic discriminating behavior
than others (see, for example, the entropy H with regard to
Yuu—ny at P-band).

Moreover, it has to be pointed out that the greedy algorithms
are depending on the original subset of primitives (defining the
initial vector), as well as the subset that is investigated to add
or remove the indicator at the next iteration. For example, a
forward approach with the initial vector defined by the first five
primitives (first line of Table IV) would give a different ranking.
Several tests (not shown here) have illustrated this behavior;
however, the resulting curves are similar to those shown in
Fig. 6, confirming that a different combination of indicators
can give similar performance. In particular, a greedy forward
analysis based on V_WISH initial vector shows that the
addition of different coefficients of variation, intensity channels
(or ratio or Freeman parameters), as well as the entropy, allows
one to obtain the same maximum classification accuracy.

These results show that, even if good classification results
are obtained when only the elements of the coherency matrix
are considered, the addition of other polarimetric indicators
contributes to a systematic improvement of the classification
accuracy of 5% and 7% for L- and P-bands. Furthermore, the
greedy backward method allows one to point out some confus-
ing indicators leading to a reduction of the classification results
(the Euler parameters v, 1, v, and 7 and the three phases of the
degrees of coherence ©;j—rr, Prr—ir, and Ypp—_py), although,
as already mentioned, it does not allow a deeper comparison
between the different indicators.

Concerning the contribution of the combination of P-, L-,
and C-bands, the MPA value obtained when all the 110 param-
eters are combined (i.e., 2 X 54 at L- and P-bands with the
addition of I, and ¢,_,, at C-band) is 57%, indicating the
high degree of confusion introduced here again by different
polarimetric indicators. A similar greedy backward analysis
from these 110 existing primitives cannot be considered due
to computational time constraint. As an illustration, about 53 h
is needed on a Pentium4 630-3.0-GHz processor to remove one
among 100 primitives. Consequently, the results shown in Fig. 6
are based on the initial 19-component vector V_WISH_PLC,
the right and left parts of the curve resulting from greedy
forward and backward analyses, respectively. The addition of
other polarimetric indicators to V_WISH_PLC does not
improve the classification results, which observe a constant
MPA value of 99% (as far as the 54 indicators shown here
are considered). Details about these different indicators (which
are mostly intensity parameters) are not given, as the plateau
observed here again hampers one to evaluate more deeply their
discriminating contribution.
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IV. CONCLUSION

This paper has addressed the potential of SVM algorithm
for the classification of polarimetric SAR data. The SVM
algorithm is particularly suited to account for numerous and
heterogeneous parameters, which enables to take into account
a large bunch of polarimetric indicators. The proposed method
has been applied to data that have been acquired over a French
Polynesian island during an AIRSAR mission. When only the
elements of the coherency matrix are involved, the SVM algo-
rithm gives a good overall accuracy with MPA values of 87%
for L-band, 82% for P-band, and 99% when L-, P-, and C-bands
are combined. It represents a high improvement of about 20%
by comparison with the Wishart classification. These results
indicate that the theoretical Wishart distribution is obviously
not observed by the experimental data, while by contrast, no
a priori information is required for the SVM algorithm. Such
a discrepancy between experimental radar data and the Wishart
distribution may be observed not only for airborne data but also
with the last polarimetric spaceborne sensors (ALOS-PALSAR
or RADARSAT-2, for example), characterized by a rather high-
resolution cell size with respect to the wavelength, for which
imaged areas are not homogeneous. The addition of polarimet-
ric indicators allows an improvement of about 5% of the results
(MPA = 91% and 88% for L- and P-bands, respectively) with
respect to those involving the coherency matrix elements. As
a consequence, a recommendation for optimal use would be to
consider only the elements of the coherency matrix for the SVM
classification, which shows a good compromise between the
number of involved polarimetric indices and the classification
accuracy obtained. The greedy analysis performed allowed one
to clearly point out polarimetric indicators introducing signif-
icant confusion in the classification at both L- and P-bands.
These are the Euler parameters and three differential phases of
the degree of coherence, which is not surprising over such dense
vegetative area. However, the greedy algorithm does not allow
drawing conclusion about the most discriminating parameters.
Nevertheless, these results have demonstrated the high potential
of the SVM algorithm for radar-polarimetric-data-supervised
classification. Additional analyses have to be performed in the
future, in particular, to assess more precisely the influence of
the kernel used in the SVM method.
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