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ABSTRACT

With the developments of airborne, and recently spaceborne, fully polarimetric synthetic aperture radar (POL-
SAR) sensors, microwave remote sensing offers new opportunity to observe and understand geophysical phenomena.
However, extracting information from the multi-component complex POLSAR images requires several processing
stages, including the POLSAR feature estimation to reveal different backscattering mechanisms, and the fusion of
these features to help the end-user to perform detection or classification tasks. In this paper, a new data fusion
method based on interactive learning of implicative fuzzy rules is presented. It allows to perform supervised classifi-
cation by analyzing the training set clusters in the different 2D feature spaces resulting from the different attribute
pairs. Experimental results are presented on a real POLSAR data set acquired by the airborne E-SAR system
over temperate glaciers in the Alps. They illustrate the interest of the proposed fusion approach for POLSAR data

analysis and the potential of the POLSAR imagery for the monitoring of temperate glacier evolution.
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1 Introduction

The Alpine glacier activity has been observed by ground measurements since the end of the 19" century [1]. In
the last decades, understanding and monitoring their evolution have become important issues for several reasons
including geophysical hazard and water resource assessment, economical activity in the surrounding areas and scien-
tific investigations regarding the local effects of global warming. Located in mountainous areas, most of the Alpine
glaciers are difficult and dangerous to access. In this environment, ground measurements are performed only on some
glaciers, on a few points, and usually only once a year during the warmest season. Remote sensing offers the oppor-
tunity to strongly increase glacier spatial and temporal observations, especially through optical and radar sensors
(2], [3], [4], [5], [6]. The use of optical high resolution images allows the measurement of the surface topography and
velocity at summer time [7]. However, the availability of these images is constrained by meteorological conditions

and the snow cover makes such measurements impossible.

With all weather capabilities, Synthetic Aperture Radar (SAR) images are a regular source of information which
may provide different measurements based on the radar specificity: snow and ice penetration which yields to sub-
surface observation, coherent waves which allow interferometric applications, and polarized waves which allow the
analysis of the backscattering media. However, interferometric or polarimetric SAR acquisitions provide multi-
channel complex images which require a heavy processing chain, especially in the context of Alpine glaciers with
high relief, fast motion and surface changes and a rather unknown SAR signature of the ice/snow/rock mixture. The

processing chain can be divided into two main stages:

e an information extraction stage to obtain higher level information than the initial SAR data. This stage can

be performed by conventional methods now available in distributed software programmes [8].

e an information fusion stage which can be performed by different approaches depending on the application
requirements. In this paper, we propose a novel supervised classification approach based on a two by two

analysis of attributes extracted from polarimetric SAR images acquired over Alpine glaciers.

Basically, SAR systems measure both amplitude and phase of the backscattered signal, producing one complex
image for each recording. Polarimetric synthetic aperture radar (POLSAR) is an extension of the SAR imaging
system, the sensors being able to emit and receive two polarizations, usually horizontal (H) and vertical (V). Four
polarization configurations, usually denoted by HH, VV, HV and VH (according to the emitted and received polar-
ization) are simultaneously available. Under the assumption of reciprocal symmetric backscattering, the HV and VH
modes are fused and the resulting configuration is denoted by XX. Polarimetric monostatic acquisitions are usually

represented in the Pauli basis and are fully described by the 3 x 3 polarimetric coherency matrix [9].

The information provided by SAR polarimetry allows the discrimination of different scattering mechanisms. The
first characteristic decomposition of target coherency matrix for target scattering decomposition was proposed in [10].
The received signal can be split into a sum of three scattering contributions with orthogonal polarimetric signatures.

The orthonormal eigenvectors of the Hermitian target coherency matrix are used to analyze the eigenvector space.



The dominant scattering mechanism is represented by the largest eigenvalue of the coherency matrix. In [9], Cloude
and Pottier introduced the target entropy H and the o —  model by assigning the corresponding coherent single
scattering mechanism to each eigenvector. Other polarimetric decompositions have been proposed: Huynen [11],
Barnes [12] (non-coherent), Krogager [13], Cameron [14] (coherent) or Freeman [15] (model-based). In [16], Ridha
Touzi proposed a unified roll-invariant decomposition of coherent and partially coherent target scattering. These

decomposition techniques provide useful attributes for classification.

In the literature, many classification algorithms for POLSAR data have been proposed. A state of the art can be
found in [17] and [18]. Basically, three general approaches can be identified: analysis of physical scattering properties
[19], [9], statistical clustering [20], [21], [22] and combined physical/statistical classification [23], [24], [25], [26].
These algorithms can be either supervised or unsupervised and each of the two strategies having its own advantages
and disadvantages, depending on the application field, the availability of ground truth and the level of expertise of
the users. For example, Lee et al. proposed in [23] a combination of unsupervised classification based on Cloude
and Pottier polarimetric decomposition [9] and the maximum likelihood classifier based on the complex Wishart
distribution of the polarimetric covariance matrix. This approach was extended for coherence matrices [24] and for

Freeman and Durden decomposition [25].

In [26], Kersten et al. proposed an interesting study in which five statistical clustering techniques were compared
by classifying a POLSAR image. The general procedure recommended for unsupervised POLSAR classification is
described by the following processing chain [26]:

1. speckle filtering, necessary for robust polarimetric parameter estimation and for avoiding over-segmentation,

2. Cloude and Pottier decomposition and unsupervised H-« classification,

3. refined fuzzy c-mean clustering of the logarithm of the covariance matrix diagonal terms using the /5 norm,

4. checking the numerical stability of the data,

5. refined fuzzy c-mean clustering based on the Bartlett dissimilarity measure,

6. Wishart or expectation-maximum clustering.

The final conclusion of this study is that, for POLSAR classification, it is essential to model correctly the pixel

distribution and its associated dissimilarity measures, the statistical clustering mechanism itself being less important.

In this paper, a different fusion approach is proposed to perform a supervised classification of POLSAR attributes.
This approach consists in learning implicative fuzzy rules that define the sought-after classes in the feature space.
These specific rules are learnt from convex polygons which match the positive examples in the different 2D feature
spaces corresponding to the different possible pairs of attributes. Compared to conventional supervised classifiers
such as neural networks (NN) or support vector machines (SVM), the proposed method offers the advantage of

being close to the end-user reasoning and the conventional POLSAR feature analysis performed for instance in



the entropy-alpha, entropy-anisotropy and anisotropy-alpha spaces [9]. These 2D analysis often consist in crisp
partitioning of the 2D feature spaces followed by a statistical Wishart classifier which refine the clustering according
to “electromagnetic backscattering” information brought by coherency matrices. With a different approach, the

proposed method investigates the 2D feature spaces according to the training set and yields two different results:

e a classification which corresponds to a clustering based on the geophysical information provided through the

learning set and includes mixed-classes for overlapping behaviors,

e the associated description of the classes in the different pairs of attributes which allows the end-user to interpret

the results and the polarimetric characteristics of the different classes.

The remainder of this paper is organized as follows. In Section II, the principles of the conventional POLSAR
attribute extraction are briefly reviewed. Section IIT is dedicated to the presentation of the proposed implicative
fuzzy rules (IFR) fusion method and its application in the case of multi-class multi-attribute classification. In Section
IV, experimental results are presented on POLSAR features extracted from a polarimetric SAR data set acquired by
the German E-SAR airborne sensor [27] over Alpine glaciers located in the Mont-Blanc area. The principle and the
behaviour of the proposed method are illustrated by entropy-alpha-anisotropy classification performed to investigate
the POLSAR characteristics of a well-known phenomenon: the Forbes bands [28]. Eventually, in Section V, some

conclusions and perspectives are presented.

2 POLSAR information extraction

The first stage of a processing chain dedicated to the classification of POLSAR data usually consists in extracting
polarimetric features which provide higher level information than the initial complex multi-channel SAR images. In
this section, the main steps of this “information extraction” stage are recalled and the conventional features used as

attributes in the fusion stage are described.

The initial polarimetric SAR acquisition performed in a monostatic configuration (emitting and receiving antenna
located in almost the same place) results in a 3-channel complex image, each channel corresponding to a different
polarisation configuration, usually denoted by Sy, Svv, Sxx. The Pauli basis [29] is usually preferred to obtain

a coherent scattering vector [k] closer to the physical phenomena of wave scattering:

1 S + Svv
[kl = —= | Sun —Svv |. (1)
V2 2Sxx

Except for a coherent target, the speckle phenomenon which affects the distributed targets makes it difficult to
work directly with the scattering vectors. A second order representation of the data is usually obtained by estimating

the 3 x 3 Hermitian positive semidefinite coherency matrix:

7] = E{[K[K"} (2)



where E{...} denotes the expectation value. Under stationarity and ergodicity assumptions, the coherency matrix
can be estimated by the spatial sample averaging. Several techniques have been proposed to estimate the coherency

matrix using adaptive neighborhoods and/or adaptive estimators [30].

These coherency matrices follow Complex Wishart distributions which can be used to build statistical classifiers
such as the maximum likelihood. However, it is usually difficult to perform a direct interpretation of these 3 x 3
coherency matrices in terms of backscattering mechanism of geophysical information. In [9], Cloude and Pottier
proposed a decomposition based on the projection of the polarimetric coherency matrix [T'] onto its eigenvalues
basis. The matrix [T] is given by a weighted sum of three unitary matrices of rank one, each representing a pure

scattering mechanism [1'()]:
3 3

7] =Y Nilelfol;” = AT, (3)

i=1 i=1
where A\ > Ao > A3 are the ordered eigenvalues and wv; their corresponding eigenvectors. The entropy H and

anisotropy A have been defined as:

3
H = —PilogsP;, (4)
i=1

A2 — As
A = 0, 5
o T (5)

where the pseudo-probabilities P; are given by:
Ai

Pi=—=. (6)

Zj:l Aj
Also the a parameter is given as the weighted mean of the «; parameters corresponding to the three scattering

mechanisms [9]:

3
i=1

The extracted meaningful roll-invariant parameters H, A and « indicate the random behavior of the global
scattering and the mean scattering mechanism from surface to double bounce scattering. They are strongly related
to the geophysical properties of the ground target area providing reliable information for further classification. In [9],
nine clustering zones are proposed to describe the H and « plane. The boundaries of such crisp predefined clustering
(see Fig. 8) are often used as references to interpret the attribute spaces in terms of backscattering mechanisms.
However, used as a classification method or to initialize unsupervised classifiers, these clusterings are not always
appropriate to obtain a thematic classification related to the ground cover. The main difficulties come either from
the POLSAR feature extraction which cannot avoid estimation bias and variances, or from the “thematic classes”

corresponding to clusters which spread in the different 2D feature spaces over several “backscattering clusters”.

3 Information fusion

This section is dedicated to the second stage of the information processing chain, namely ”information fusion”.

The objective is to merge different information sources (POLSAR attributes) for constructing the classification



map. Moreover, our goal is also to provide the end-user with a description of the sought-after classes, by means of

implicative fuzzy rules.

3.1 One-class binary classifiers

Let us first consider a one-class binary classification problem of assigning a class label I € {P, N} to the input
feature vector & composed of two attributes, i.e. & = (z1,22). In other words, the label P corresponds to positive
examples belonging to the class under consideration and the class label N to negative examples situated outside of

the sought-after class.

For single-class classification, we focus in this paper on Positive Example Based Learning, referred as PEBL in
[31]. The learning task consists in finding a mapping f : R? —{ P, N} that "best” represents a training set of
positive examples. So that this learning may become possible, the function space from which f is to be selected
must be defined. We propose to use a specific class of fuzzy systems, based on implicative fuzzy rules or gradual
rules. This allows the specification of f by a collection of linear inequalities involving the z; and zo features. This

representation is completely equivalent to defining the class boundary in the 2D feature space by a convex polygon.

Most studies concerning the use of fuzzy rules for classification problems [32], [33], [34], [35] are based on a
conventional expression of the rules in a multi-class framework with a n-dimensional feature space, such as: "If z; is
Fy and ... and z, is F,, then class is C}”. In general, the fuzzy aggregation operators, which are used either for
directly implementing the rules or for weighting them by a certitude degree, suppose both a disjunctive combination
of these rules (mostly the ?max” operator) and a conjunctive interpretation of the "If ... then ...” logical operator.
The proposed classification approach lies in the same methodological context, but introduces a particular form for

the rule premise which allows class modeling by means of gradual rules [36], [37].

The implementation of gradual rules usually expressed as " The more x; is F}, the more z; is F5” is based
on the use of an implicative operator, which means that gradual rules can be viewed as special cases of "If x; is F}
then x5 is F5” rules. Actually, the gradual semantics is due to the choice of a residuated fuzzy implication. In the

remaining part of this paper, the Rescher-Gaines implication is assumed:
a—b=1ifa<b, (8)

a—=b=0ifa>b, (9)

where a,b € [0, 1] are truth values. In this case, an appropriate adjustment of the fuzzy subsets F; and F» results in
the construction of a binary graph that linearly separates the feature space into two-half planes (see the red rectangle

in Fig. 1). In this framework, the purpose of this section is:
1. discussing some reasonable conditions on the involved fuzzy subsets that result in a linear separation in the
feature space,

2. proposing an algorithm that builds a gradual rule and tunes all its elements for an exact representation of a

given linear constraint,



3. learning from positive examples a collection of gradual rules that models a convex polygon-shaped class.

Generally speaking, the graph corresponding to the gradual rule "If z; is F} then x5 is F5” can be defined as:

(w1, 22) = pp (21) = pr, (22), (10)

where up, (z;), i € {1,2} represents the membership degree of z; in the fuzzy subset Fj.

[Figure 1 about here.]

Considering bounded universes of discourse for each attribute, X1 = [®1min, T1maz] and Xa = [Zomin, L2maz], and
defining the membership functions of F; and F» as increasing or decreasing ramps bounded by 0 and 1 [Fig 1], this
leads to a feasible characterization of the graph I'. Indeed, solving the equation pp, (1) = pp, (22) on the cartesian
product X7 x Xs results in solving a linear equation that constitutes the boundary between points that belong to

the graph, i.e. positive examples, and points that do not, i.e. negative examples.

For example, in the case of Fig 1, we have X1 = [Z1min, T1maz] = [1,3.5] and Xo = [Zomin, Tamaz] = [1,4]. The

membership function of F} is defined as:

0 if vy < 1,
ur (1) =< 0.4(x; —1) if 21 < 3.5, (11)
1 otherwise.
For the fuzzy subset F», we have:
1 if o < —1,
W Fy ($2) = —0.229 + 0.8 if 29 < 4, (12)
0 otherwise.

On X; x X, it follows that pp, (x1) = pr,(22) if and only if 221 + 22 — 6 = 0. Finally, according to Eqgs. 8 and 9,
D(xy,20) =1if 221 + 29— 6 < 0 and T' (1, 22) = 0 in the opposite case. It means that the implicative fuzzy rule ”If
x1 is F; then x5 is F5” implements a linear constraint on X; x X5 and can thus be used as a linear discriminant. It
is worth noting that the graph extension induced by the natural extension of the membership function of F, outside
of X5 does not result in the propagation of the linear constraint defined on the subspace X; x X5 (dark blue graph

in Fig. 1). It means that a particular attention has to be paid to the closure of the constrained space.

Let us also mention that fuzzy graphs can be obtained either by refining the rule-based representation as discussed
in [37] or by choosing a more sophisticated residuated implication operator. Such an enhanced handling of fuzzy

gradual rules is however not considered here.

The integration of gradual rules into classification systems requires their transformation into usual classification
rules expressed as fuzzy "If ... then ...” rules the conclusions of which only involve class labels. It means that
any attribute that appears in the conclusion part of a gradual rule has to be transferred into the premise part of
an equivalent classification rule. The implicative operator implicitly assumed when implementing gradual rules has
also to be transferred into the rule premise in order to preserve the desired semantics. It has been proved in [3§]

that an exact equivalence between both formalisms can be achieved by transforming the implicative rule "If x; is



F; then x5 is F»” into the classification rule "If x; is F1 — x5 is F, then class is P”. By doing so, the
”shape” of the graph associated with the gradual rule is encapsulated in the premise part of the rule the conclusion
of which now specifies that the feature vector is a positive example of the class under consideration. Thus, except
the implication based computation of the rule firing degree, the classification rule implementation is quite usual: a

conjunctive interpretation of the "If ... then ...” operator is assumed.

Let us now present the automatic generation of a gradual rule (the implication-based antecedent of a classification
rule), for exactly representing a linear constraint given by the inequality ax; + bxs + ¢ < 0 in the bounded subspace
X1 X Xo = [Z1min, T1maz] X [T2min, T2maz]. In other words, we have to determine the membership function of F}
and Fy so that pp, (x1) = pp, (z2) = 1 whenever ax; + bxe + ¢ < 0. According to the above study, it appears that a
solution consists in restricting the problem to the use of ramp-shaped membership functions as illustrated in Fig. 2.
In this context, a fuzzy subset F' defined on the universe of discourse X is represented by three parameters, i.e.
F = (fmin, fmaz,t) where [fmin, fmaz] C X is the interval on which the membership degree linearly varies between
0 and 1. The third parameter t € { /2 \} is interpreted as the evolution tendency of the membership function on

[fmin, fmaz], 1.€ increasing or decreasing.
[Figure 2 about here.]
In the so-defined context, the algorithm given below provides us with a simple method for generating automatically

the fuzzy subsets F and F5 so that the rule ”If 1 is Fy — x5 is F5 then class is P” represents positive examples

which satisfy a known linear constraint.

Algorithm 1

Inputs:

- X1 X X2 = [T1min, T1maz] X [T2min, Tamasz] the Tectangle-shaped working subspace

- axy + bxo + ¢ < 0, the constraint to be implemented by the fuzzy rule.

Outputs:

- Fuzzy subsets Fy and Fs to be used in the rule "If ©1 is Fy — x4 is F» then class is P”.

Find the two points where the straight line ax; + bxs + ¢ = 0 intersects the rectangular boundary of the
working space X; x Xo, that is (xgl),xél)) and (x?),xf))'

)

if a <0 then Fy = [min(acgl),xgm), max(xgl),x§2)),\];
else Fy = [min(zgl),z?)), max(zgl),z?)),/‘];
endif

if b<0 then Fy = [min(xél),:cg)), max(xél),:cg)), A
else Fy = [min(zgl),ng)), max(zgl),zg2)),\];

endif.

Dealing with several linear constraints is immediate: we just have to specify that all the constraints have to be
satisfied at the same time for an example to be positive. It follows that the rule premise is defined as the conjunction

of all constraints, or equivalently as the conjunction of all implicative relations. Handling n constraints thus leads



to rules of the form:

PIf (4 is Fl(l) — xo is Fz(l)) and (x7 is F1(2) — xo is FQ(Q)) ... and (z is Fl(") — xo is FQ(n)) then class is P”,
(13)
where the pair of fuzzy subsets (Fy(i), F»(i)), i € {1,..n}, built using the above algorithm, represents the i'"
constraint. The synthesis of such a rule for 6 constraints, representing a 6-side polygon, is detailed in Fig. 3, in which
the closed domain [—0.5,0.75] x [—0.7, 1] is assumed. The four possible tendencies concerning the pairs (F, Fy) are
illustrated with the constraints C1, C2, C3 and C5 (right hand side of Fig. 3). The implication-based representation
of the two other constraints, i.e. C'4 and C'6 which respectively define the horizontal and vertical polygon boundaries,

leads to unit step membership functions either for F5 or for Fj.
[Figure 3 about here.]

Let us finally come back to the initial problem of learning a binary one-class classifier from positive examples. In
the assumed context of convex polygon-shaped classes, the "best” polygon for representing the class under consider-
ation has to be determined. This task viewed as the process of extracting constraints from data has to be achieved
prior to rule synthesis. Later on, in Sect. 4, a conventional algorithm able to compute the convex hull of 2D data will
be used for this purpose in two different ways. The first one consists in considering all available positive examples
to determine the polygonal shape of the class. The second approach includes a data pre-processing step in charge of

refining the set of positive examples before the convex hull extraction.

3.2 Multi-attribute, multi-class classification

The rule-based technique presented in the previous section was clearly designed for implementing binary classifiers
in a 2D feature space. In practice, it is required that the proposed methodology be embedded into a more general

classification scheme suitable for:

e multi-attribute fusion,

e multi-class decision.

Both points are dealt with independently in the chosen two-level architecture presented in Fig. 4. The first level,
focusing on the attribute fusion process, is thus tackled in the framework of the one-class binary classification. It
means that a multi-attribute classifier is built for each class. The latter computes a class score which is then combined
with other class scores in the second level in charge of the final decision. Both fusion processes are briefly described

in the remaining part of this section.

Assuming gradual rule based classification, the restriction on the number of fused attributes is mainly due to the
use of an implicative operator, neither commutative nor associative by nature. Obviously this important drawback

has to be countered to make the method applicable to practical classification problems. We propose here to address
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the multi-attribute fusion by taking all possible pairs of attributes for the class assignment into account. Working in
a p-dimensional feature space, a collection of C' = p(p — 1)/2 classifiers are thus developed. Each of them provides
a partial own-viewed decision concerning the belonging (positive labeling) to the class under consideration. All
attribute pairs are then viewed as voting for or against the assignment of the feature vector to the studied class.
Every positive vote is counted by the aggregation operator A, in Fig. 4 that finally computes the class score as

the percentage of positive votes with respect to the total number of votes C.

[Figure 4 about here.]

At the second fusion stage, the final decision is achieved by the aggregation procedure A.j.ss according to the

following policy:

e When all the sought-after classes get scores strictly below 50%, the feature vector is not assigned to any of
them (simple majority requirement). Actually, unclassified examples are grouped into an additional class (reject

class).

e (Classes succeeding with the majority requirement become admissible candidates for the feature vector assign-

ment. When several classes are eligible for the final decision, the one with the maximum score is selected.

e If the maximum score is achieved by several classes simultaneously, the point is classified into a new class that

represents the ambiguity between involved classes.

4 Results and discussion

To illustrate the performances of the proposed method, results obtained with real airborne polarimetric SAR images

are reported.

4.1 Experimental data

A collaboration between the German Aerospace Center (DLR) and 4 French laboratories has been initiated to acquire
airborne high resolution POLSAR data over several Alpine glaciers from the ” Chamonix Mont-Blanc” (France) test
site [27]. Two multi-polarization data set have been collected in October 2006 and February 2007 by the DLR’s
airborne Experimental Synthetic Aperture Radar System (E-SAR) in order to analyse the SAR backscattering
properties of temperate glacier. The data set used in this paper represents a fully polarimetric L-band monostatic
acquisition (parameters reported in Tab. 1) over the Tacul glacier, one of the three glaciers forming the second glacial

complex in Europe after Aletsch (Switzerland), namely Mer-de-glace [39].

[Table 1 about here.]
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One of the particularities of the Tacul glacier is the presence of the Forbes bands phenomenon [28]: the alternation
of white and dark bands whose shape looks like diagonal arches [Fig. 5-(b)]. The cause of this phenomenon still
raises many debates in the glaciological community. One generally accepted explanation lies in the fact that more
ice slides down in summer than in winter. The surface of the ice below the Géant icefall (upper part of the Tacul
glacier) forms a series of terraces. The slopes of the terraces which have a northern orientation melt less than those
oriented southwards, the former exhibiting also purer ice than the latter [40]. This alternation of clean and dirty ice

is due to the variation in the quantity of mineral dust (cryoconites) [41].

Recently, Guy at al. proposed to interpret the cryoconite origin by the influence of the content of mineral matter
on the lowering of the temperature and pressure of ice fusion and upon the increase of fusion velocity [42], [41].
Basically, the dust grains which are incorporated in the ice are surrounded by a film of liquid water (tenth of microns
for micron roughness) and this induces the local lowering of the fusion temperature of about 1°C. One conclusion of

the study presented in [42] is that dirty (summer) ice melts faster than clean (winter) ice.

At first, the Forbes bands run pretty much across the glacier, but as afterwards their center moves more rapidly
than the sides, they acquire farther down a curved shape, as it can be observed in the optical image from Fig. 5-(b).
Their curvature shows the varying velocity of the ice advances in the different parts of its course, being one good

indicator of the differential in flow speed [40].

[Figure 5 about here.]

The Single Look Complex (SLC) test images have 1205 x 1312 pixels each. After initial 4-look complex multi-
looking, the IDAN speckle filter [30] is applied for estimating the polarimetric coherency matrix [T]. This allows us
to reduce the effects of the speckle noise on the coherency matrix and on the POLSAR features. Fig. 5-(a) presents
the color composition of the diagonal elements of the [T'] matrix. The Forbes bands phenomenon can be noticed. It

corresponds to the pattern visible in the summer SPOT optical image illustrated in Fig. 5-(b).

In the case of optical images, the amount of cryoconites is revealed by a change in the reflectance at the glacier
surface. However, with an active fully polarimetric L-band SAR, the interaction between the electromagnetic wave
and the clean/dirty ice of the glacier is still difficult to interpret. Firstly, it is important to notice that the presence
of cryoconites is not directly related to the backscattering properties, hence the size of the mineral dust is much

smaller than the SAR wavelength (approximately 20 cm).

Secondly, as SAR intensity images are affected by the local slope of the target area [43], the presence of terraces
influences the radar backscattering signature. Despite that, the strong variations revealed by Fig. 5-(a) cannot entirely
be explained by the local slope variations. Fig. 6-(b) presents a spatial profile of the local slope over two consecutive
Forbes bands, computed form a 2-meter resolution Digital Terrain Model (DTM!) illustrated in Fig. 6-(a). Indeed,

the local slope varies within a range of about 10°.

[Figure 6 about here.]

LA detailed description of the DTM can be found in [2]
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Up to now, the evolution of the SAR backscattering properties along the Forbes bands is unknown. The IFR
analysis of Cloude and Pottier attributes should provide information on the dominant scattering mechanisms and

allow us to derive a classification of the Forbes bands.

4.2 POLSAR attribute fusion

Fig. 7 shows the POLSAR attributes obtained by applying the Cloude and Pottier decomposition on the IDAN esti-
mated master coherency matrix [diagonal elements illustrated in Fig. 5-(a)]. Among the three parameters presented
in Sect. 2, the most discriminating, with respect to Forbes bands phenomenon, are the entropy [Fig. 7-(a)] and the
mean « angle [Fig. 7-(b)]. On the contrary, a direct interpretation of the anisotropy [Fig. 7-(c)] is rather difficult as

this attribute exhibits no specific spatial information for subjective visual assessment.

[Figure 7 about here.]

[Figure 8 about here.]

The 2-D histograms of the three POLSAR attributes are presented in Fig. 8-(a),(b),(c). A first interpretation
can be performed by partitioning of the 2D space defined by each pair of POLSAR attributes [24] as illustrated
in Fig. 8-(d),(e),(f). The conventional code of colors proposed by POLSARpro software [8] is used: red for double
bounce, green for volume scattering and blue for single bounce. In all cases, the luminance is proportional to the
entropy value, meaning that the brighter the color, the higher the mixture of the three backscattering mechanisms.
The H — @ and A — « histograms [Fig. 8-(a),(c)] reveal a high entropy and a medium « angle: the cloud of points
is clustered mainly around the border between the single bounce and volume scattering. This is in accordance with

the H — o — A parameters derived for the Fiescherhorn temperate glacier at L band [44].

Once the three POLSAR attributes are computed, the training data set has to be defined. Individual masks have
been drawn in the composed-color image made of the 3 intensities in the Pauli basis (see Fig. 5-(a)) in which the
Forbes band pattern appears as a periodical color variation. This variation allows to visually detect the presence of
two “classes” which create this pattern. For each class, 3 parts located in the upper, middle and lower part of the
Tacul glacier have been by manually selected in order to provide examples which include possible attribute variability

along the glacier.

The results obtained by the IFR classification with the initial or refined training sets, using two attributes, H — a,
and 3 attributes, H — a — A, are illustrated in Fig. 9. A quantitative assessment of the results is presented in Tables
2 and 3: “pseudo confusion matrices” provide the number of pixels of the initial training set which are classified in

each class, in the mixture class or unclassified (reject class).

The visual analysis of the different classifications shows the influence of the training set refinement: with the
initial training set, a large proportion of the glacier is classified in the mixture class (cyan) whereas the refined data

set reduces the ambiguity between the two classes and allows the green class to appear more clearly. This result is
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numerically confirmed by the confusion matrix: after refinement, about 60% of the pixels are correctly classified and
40% remain in the mixture class whereas the number of miss classified or unclassified pixels is below 1%. Despite
being visually less sensitive to the Forbes bands than the H and « attributes, the anisotropy attribute slightly

improves the classification results in both cases.

[Figure 9 about here.]

[Table 2 about here.]

[Table 3 about here.]

[Figure 10 about here.]

The 2D H — « plots from Fig. 10 illustrate the distribution of the training sets selected for the two classes and
the polygons derived by the IFR system. One can observe that a simple definition of the convex hull of the point
clouds is not sufficient, the initially derived rules from Fig. 10-(a) being too relaxed. By applying the refined IFR
analysis, which takes the actual morphology of the clouds of points into account, the obtained fuzzy rules are more

conservative and describe more accurately the class prototypes [Fig. 10-(b)].

From the 2 polygons illustrated in Fig. 10-(b), 2 rules have been constructed. Each rule represents a class by a
collection of constraints which appear in the premise (see Eq. 13). Each constraint can be seen as a H —«a gradual rule:
“The more H is F;, the more « is F5”. An example of such rule is given in Fig. 11 for each class. For the class 2
(blue cluster in Fig. 10-(b)), the rectangular envelop of the polygon defines the closed domain [0.51, 0.83] x [26°,42.9°]
used for the gradual rule computation (see algorithm 1). The reading of this rule is represented by the dashed line
of Fig. 11-(a): when the entropy H = 0.6, o has to be in the interval [26°,52.3°]. For the class 1 (red cluster in
Fig. 10-(b)), a similar reading of the gradual rule given in Fig. 11-(b) leads to the interval [20°,34.3°]. According to

these two analyzed rules, for an entropy level H = 0.6, the ambiguity interval for « is [26°,34.3°].

[Figure 11 about here.]

The four classes observed in Fig. 9-(a) are:

e Class 1: the green class corresponds to the green masks [Fig. 5] and to the red cluster form Fig. 10;
e Class 2: the blue class corresponds to the blue masks [Fig. 5] and to the blue cluster from Fig. 10;
e Class 3: the cyan class to the mixture of the two classes;

e Class 4: the black class to undecided regions.
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One way to identify Class 1 and Class 2 is to measure their sizes onto a longitudinal profile of the glacier. As it
is well-known that the clean ice regions are wider than the dirty ones [42], the class assignment leads to the following

associations: Class 1 - dirty ice and Class 2 - clean ice.

In order to interpret the classification results, frontiers defined by Cloude and Pottier are superposed on the
2D plots from Fig. 10. The physical interpretation of the H and « parameters leads to the identification of the
dominant mechanism as single bounce (surface backscattering) over the Tacul glacier. However, although the single
bounce mechanism dominates, the presence of volume backscattering can also be observed. Indeed, if the dirty
ice class belongs completely to the single bounce class, the clean ice class exhibits a tendency to reach the volume
backscattering dominant mechanism (higher entropy and « values). This can be directly linked to effects produced
by the presence/absence of cryoconites. The mineral dust particles lower the temperature of ice fusion and thus the
ice water equivalent is increasing for the dirty ice class. One immediate consequence on the interaction between the
radar wave and the glacier ice is that the penetration depth is decreasing. On the contrary, the clean ice class reveal
smaller ice water equivalent, hence higher penetration depths. In other words smaller penetration depths explain
an increase in the presence of the single bounce mechanism (dirty ice), while higher penetration depths induce an
increase in the presence of volume backscattering (clean ice). This conclusion is the first experimental validation of
the hypothesis initially proposed by Guy at al. [42] and discussed later on by Rémy and Testut [41], which link the

Forbes bands phenomenon to variations in the ice fusion process.

5 Conclusions and perspectives

This paper has proposed a new information fusion system based on implicative fuzzy rules, and its application to
the analysis of POLSAR features. The proposed method allows to perform supervised classification by analyzing the
training set clusters in the different 2D feature spaces resulting from the different attributes pairs. The experimental
results were presented on a real POLSAR data set acquired by the airborne E-SAR system over temperate glaciers

in the Alps.

The results obtained on the Tacul glacier, show the benefits of using polarimetric SAR remote sensing data to
extract geophysical knowledge on the highly complex glacier surfaces. The IFR analysis allows the interpretation of
the POLSAR attributes (e.g. polarimetric entropy, mean « angle) with respect to the glaciological models existing
in the literature. In the case of the Tacul glacier, several conclusions regarding the mixture ice-cryoconite were
drawn. The observed interactions between the electromagnetic waves and the glacier body are encouraging in terms

of validating glaciologists’ hypothesis about the origin of the Forbes bands phenomenon.

From the methodological point of view, the use of implicative rules provides a solution to the embedding of
constraints into a fuzzy rule-based system. The interest of this approach is potentially manifold: easy interfacing
with knowledge-based fuzzy systems and existing development tools, possibility of extending the approach to the
classification of fuzzy points, specifying queries in data mining applications, .... The proposed representation could

be improved by using fuzzy gradual rules as introduced in [37]. It would enable us to distinguish typical members
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of a class, which remain in subareas with high membership degrees, from borderline members, which go through
subareas with smaller membership degrees. The perspectives also include the handling of nonlinear constraints and
the simplification of a set of implicative rules. Indeed, the redundancy of a collection of global constraints could be

reduced to improve the rules interpretability.
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Figure 5: Tacul glacier: (a) E-SAR L band image, October 2006, colored composition of the IDAN estimated [T]
diagonal terms HH-VV, 21TV, HH+VV (1205 x 1312 pixels). The masks used in the selection of the training sets are
represented in blue and green. (b) multi-spectral SPOT-5 image, August 2005.
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Figure 6: Spatial profiles, Tacul glacier, 2-meter resolution DTM: (a) elevation profile, (b) local slope profile.
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Figure 7: Cloude and Pottier decomposition, E-SAR data, Tacul glacier, L band, [1205 x 1312 pixels]: (a) entropy,
(b) mean « angle, (c) anisotropy.
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Figure 8: 2D histogrammes of POLSAR attributes, E-SAR data, Tacul glacier, L band: (a) H — « plane, (b) H — A
plane, (¢) A — « plane. Crisp partition of the H/a/A space in 3 main classes (double bounce, volume scattering,
single bounce): (d) H — «, (e) H — A, (f) A — a.
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Figure 9: Classification results, E-SAR data, Tacul glacier, L band, [1205 x 1312 pixels]. First line: IFR classification
in H — « space with (a) the initial training set, (b) the refined training set. Second line: IFR classification in
H — o — A space with: (c) the initial training set, (d) the refined training set. Blue and green colors correspond to
the two trained classes, cyan to the mixture class and black to unclassified pixels (reject).
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Figure 10: Rules of the IFR classification in H — « space, E-SAR data, Tacul glacier, L. band: (a) initial rules, (b)
refined rules.
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Table 1: Airborne SAR data acquired over the test area.

Agency DLR-HR
campaign MEGATOR
date 2006.10.10
sensor E-SAR
test site Chamonix Mont-Blanc
band L
polarization HH, VV, XX
SLC range sampling (m) 1.5
SLC azimuth sampling (m) 0.45
altitude above MSL (m) 6040.48
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Table 2: Confusion matrix for the IFR classification in H — « space with the initial (left) or refined (right) training
sets

|| C1 | C2 | C1 and C2 | Not classified || || C1 | C2 | C1 and C2 | Not classified ||
158 0 5941 0 3267 | 77 2585 170
0 215 6739 0 137 | 3624 2924 269
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Table 3: Confusion matrix for the IFR classification in H — o — A space with the initial (left) or refined (right)
training sets

| C1 | C2 | C1 and C2 | Not classified | || C1 | C2 | C1 and C2 | Not classified ||
185 0 5914 0 3418 | 137 2410 134
0 1133 5821 0 157 | 4312 2281 204
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