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ABSTRACT

In this work we discuss SAR target entropy and alpha angle relations to other scatering covariance matrix
charaderistics and similarity invariants. It is iown that the sum of squared elements of the mherency matrix,
normalized by itstrace ad determinant, has many common feaures with target entropy parameter. The first element of
the matrix is very similar to apha angle parameter describing scettering mechanism. Posshiliti es to use the sum of
squared elements, determinant and first element of normalized coherency matrix for classficaion are studied. It appeas
that clasdficaion schemes very similar to entropy-apha can be established. However, classficaion results differ
dightly from those of entropy-alpha dassficaion as here discussed two-parameter classfications depend on three
variables, athough parameters are in al cases the same. As an example, NASA/JPL AIRSAR L-Band image of the San
Francisco Bay was classfied with both proposed schemes and original entropy-alpha dassficaion. The size of the used
image was 224 x 256 pxels. The new algorithms classfied 976 and 98%, respedively, of pixels to the same dasses as
entropy-alpha dassficaion. The discussed similarity invariants are straightforward to cdculate and they have been
used to describe variance matrix properties in statistics. Virtualy are proposed classfication algorithms equivalent
with entropy-alpha dassficaion becaise dl three use the same amount of information from covariance matrix.
However, proposed parameter pairs are much easier to cdculate, as they do not require the computation of eigenvalues
and eigenvedors.

1 ENTROPY ALPHA CLASSIFICATION

The entropy-alpha dassficaion scheme of polarimetric SAR image was propcsed by Cloude and Pottier in [1]. The
clasgficaion is based on two parameters describing polarimetric properties of resporse: scatering randomness (cdled
target entropy) and scatering mechanism (cdled alpha angle). The parameter spaceformed by apha ad entropy is
divided into nine cdegories based on the nature of scatering. Both parameters are cdculated using the egenvalues and
eigenvedors of target average wherency matrix.

To clarify the following discusson, we provide here the basic definitions. Target average @mherency matrix [T] is

defined in Eq. 1 by using measurement vedor K, defined in Eq. 2 by the means of scatering matrix elements. The
asterisk in Eq. 1 means complex conjugate transpose and the outer bradkets denate ensemble average.
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Target entropy H is defined in Eq. 3 by using rormalized eigenvalues p; of matrix [T]. Normalized eigenvalues are
defined in Eq. 5. Inthe similar way the target average dpha angle is defined in Eq. 4. where Q; describe the position of
correspondng eigenvedor. The average dpha ange describes scattering medanism.
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The d@genvalues are wherency matrix similarity invariants, becaise they remain constant under similarity transforms.
By similarity transform the @mherency matrix can be transformed into a mvariance matrix in linea basis and also into
circular basis. The dpha angle parameter is not similarity invariant and it is dependent on basis in which covariance
matrix is represented.

20THER SIMILARITY INVARIANTS FOR CLASSIFICATION

Eigenvalues are dosely related to other similarity invariants of a matrix. A convenient way to study classfication
schemes smilar to Entropy-alpha dassficaion isto define normali zed coherency matrix asin Eq.6 as propased in [2].
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Eigenvalues of such a matrix are diredly the p; values used in Eq. 3 and Eq. 4 to cdculate the entropy and apha
parameter. The matrix [N] is aso a Hermitian as matrix [T]. Hermitian matrices have the following similarity
invariants: traceof the matrix is equal to the sum of eigenvalues as in EQ.7, sum of squared elements of the matrix is
equal to the sum of squares of eigenvalues as $own in EQ.8, and matrix determinant is equal to the product of
eigenvalues asin Eq.9.

trace((N)) = p, + p, + p, v
SINF = p +p, + py ®
[N] = p.p.p, (9)

Those invariants are eay to cdculate to any matrix. By taking into acount that the traceof a normalized covariance
matrix is equal to one, it can be shown, that the @genvalues are roats of a polynomial equation Eq. 10.
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All eigenvalues of [N] can then be cdculated from metrix determinant and sum of squared elements and sum of
diagoral elements. Three invariants form equivalent parameter set to eigenvalues. This implies that also entropy
parameter H can be presented as a function of matrix determinant and sum of sguared elements. This function is
complicated and norlinea. However, sum of sguared elements behaves already in a way very similar to target entropy.
It is easy to show that if entropy is maximal (equal to one), then sum of squared elements is minimal (equal to 0.333)
and if entropy is minimal (equal to zero) then sum of squared elements is maximal (equal to 1). It can be said that the
parameter describes catering regularity rather than randomness

Ancther classficaion parameter, alpha angle is not a simil arity invariant of coherency matrix. It is dependent on current
basis in which the @variance matrix is presented. By studying the definition of coherency matrix eigenvedor it can be
shown that the first element of normalized coherency matrix has a form similar to alpha axge definition as $own in
Eq. 11.
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The parameter can be interpreted as a fradion of surface scatering from all types of scatering. It can be dso
interpreted as a fradion of right left polarized resporse from total badkscattered power in circular basis. As siownin [2]
this parameter is linealy related for low entropy scéterers to average dpha axd aimost linealy related to alpha for high
entropy scaterers.

3NORMALIZED COHERENCY MATRIX BASED CLASSIFICATION SCHEME

The sum or determinant combined with the first element of the normalized coherency matrix (NCM) form classficaion
spacevery similar to the well-known entropy alpha dassfication space However, classs correspord to ead other with
some uncertainty. This is caused by the fad that function between sum of squared elements and entropy and also
function relating alpha ange and N; bath depend on two normalized eigenvalues. The relating function has © always
one freeparameter to cause variation.

It is possble to form similar classficaion spaces as own in Fig.1 and divide those spaces to similar classes. By using
the @mncept of maximal posshle entropy (or zero anisotropy) for certain scattering mechanism it is possble to derive
the boundary line of feasible region for proposed parameter spaces. Maximal posshle entropy is met when two
eigenvalues are ejual and the third is the first element of the NCM. The equation of borderline for the sum of squared
elementsand N; isgivenin Eg. 12 and for the determinant and Ny in Eq.13.
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Threshold values for classes are derived from scaterplots and they presented in Table 1.
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Fig 1.The entropy-alpha, Z \ N, 2 _N, and Det-N, parameter spaces with classficaion boundaries.

Zore 9: Low Entropy Surface Scater, Zone 8: Low Entropy Dipole Scatering, Zone 7: Low Entropy Multiple
Scattering Events, Zone 6: Medium Entropy Surface Scatter, Zone 5: Medium Entropy Vegetation Scatering, Zone 4:
Medium Entropy Multiple Scdtering, Zone 3: High Entropy Surface Scetter (not measurable), Zone 2: High Entropy
Vegetation Scatering, Zone 1: High Entropy Multi ple Scétering.

Table 1. Threshold values for parameters.

Z-1 Z-2 Z-3 Z-4 Z-5 Z-6 Z-7 Z-8 Z-9
C_Y 55..90 40..55 0..40 50..90 40..50 0..40 475..90 | 425..475 | 0..475
N1 0..0.355 0.355.. 0..0425 | 0.425.059 | 059..1 0..048 | 0.48.0555| 0.555..1
0.59
Entropy 09..1 05..0.9 0..05
Z‘N"z 0.33..04 04..07 07..1
I
\[N] 0.026..0.037 0.003..0.026 0..0.003

4 CLASSIFICATION OF EXAMPLE IMAGE

As an example, a NASA/JPL AIRSAR L-Band image for the San Francisco Bay was clasdfied with the two proposed
algorithms and with original entropy-alpha dassficaion scheme. The size of the used image was 224 x 256 pxels. The
algorithms classfied 97 % and 96%, respedively, of the total number of pixelsinto the same dasss as entropy-alpha
clasgficaion. Misclassfication rate of new classficdion schemes compared to the entropy-alpha dassficdion for eah
classis presented in Table 1. Misclassfication rate for most classs is lessthan 10 % for sum N1 classficaion. The
sum of squared elementsis notably closer to original entropy parameter than determinant.

Table 2. Percentage of pixels classfied into wrong classes by NCM based classfications compared to entropy-alpha
classficdion.

Z-1 Z-2 Z-4 Z-5 Z-6 Z-7 Z-8 Z-9 All

Sum - N; 10% 12% 3% 3% 5% 6% 7% 0.3% 3%

Det - N; 12% 13% 3% 5% 7% 25% 25% 2% 4%
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Fig 2. The scaterplots of the San Francisco Bay image in diff erent parameter spaces. The image pixels are dassfied by
using the entropy-alpha dassficaion, result is $owed in other two classficaion spaces. As it can be seen on the
image, classboundaries get blurred in two ather classfication schemes.

Fig 3. NASA/JPL AIRSAR L-Band image of San Francisco bay clasdfied with three different classficaion schemes.
From right to left, Entropy-alpha, Z \Ni\z -N; and Det-N; clasdficaion

5 CONCLUSION

It has been proposed two pdarimetric dassficaion schemes smilar to well known entropy-alpha dassfication. It has
been shown theoreticdly and also by classfying an example image that proposed schemes similar to entropy -alpha
clasdficaion. Proposed algorithms use similarity invariants and the first element of normalized coherency matrix.
Proposed parameters are very simple to cdculate for any matrix in aimost any remote sensing software. First element of
normalized coherency matrix has smple interpretation as surface scatering fradion. It is sown here that al three
discussed classficaion parameter pairs use same amount of information from covariance matrix and therefore suite
equally well for polarimetric SAR image dassfication.
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