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ABSTRACT

We report results from the segmenting and study of terrain suface signatures of fully polarimetric multilook
L-band and C-band SIR-C data. Entropy/alpha/anisotropy de composition features are available from single
multilook pixel data. This eliminates the need to average dda from several pixels. Entropy and alpha are utilized
in the segmentation along with features we have developed pnarily from the eigenanalysis of the Kennaugh
matrices of multilook data. We have previously reported on air algorithm for segmenting fully polarimetric
single look TerraSAR-X, multilook SIR-C and 7 band Landsat 5 data featuring the iterative application of a
feedforward neural network with one hidden layer. A comparson of signatures from simultaneously recorded
data at L and C bands is presented. The terrain surfaces suryeed include the ocean, lakes, lake ice, bare ground,
desert salt ats, lava beds, vegetation, sand dunes, rough esert surfaces, agricultural and urban areas.
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1. INTRODUCTION

When a SAR sensor illuminates a volume of random medium or a nadom surface area, many scatterers typically
contribute to the total backscatter received by the radar. This survey presents a survey of six(6) four-look full
polarization SIR-C data sets imaged simultaneously at bothL and C bands. The multilook feature of the data
allows determination of entropy and phase statistics for eah pixel without the necessity of pixel averaging single
look data. The simultaneous averaging of the covariances ém the exact same collection of scatterers in a pixel,
using separate extraction lters in the SAR doppler direction, provides meaningful measurements of both entropy
and phase statistics.

We previously reported on the development of an algorithm fo segmenting polarimetric SAR imagery! This
algorithm uses a neural net to segment the data. We now reporton the segmentation of 5 multilook fully
polarimetric SIR-C L band scenes and 1 multilook fully polaimetric C band scene. We segmented a scene of
the ocean o the Santa Barbara coast into four classes. We segented the scenes from Death Valley, Fresno,
Kilauea, Raco Ml and a rain cell(C band) in the gulf of Mexico into 6 classes. We report on results of the analysis
of some of the segmentation classes.

We previously studied and reported on the eigenanalysis ofamplex single look and multilook fully polarimetric
SIR-C data and fully polarimetric complex ISAR turntable data in a series of papers!* We have presented
a derivation of the Kennaugh(Stokes) matrix using elementsof the Sinclair matrix.®> We presented a formal
derivation of the diagonalization of a singlelook Kennaughmatrix. > The results of these studies have guided our
choice of most of polarimetric features we used in the segméation.

The scattering properties of the extracted classes are cordered within the context of the entropy classifcation
scheme proposed by Cloude and Pottief. The copolar phase statisticd and the copolar correlation coe cient,
well known in the weather radar community, are also consideed. We start with an abbreviated discussion of
polarization formalism. The purpose is to make the paper sélcontained and to keep consistent notation and
convention. We also use this presentation of the single-ldopolarization formalism to motivate the choice of
features for use in the neural net input feature representabn of the SIR-C multi-look scene segmentations.
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Figure 1. Coordinate Systems

2. POLARIZATION

Shown in Figure 1 are the coordinate systems for the transmitd and received waves for a radar polarimeter
along with the coordinate system of the antenna. The coordiate system of the antenna is the same as that of
the transmitted wave.

2.1 Scattering
The transmitted and received elds propagating in the K direction can be expressed in the form:

E' = Elv, + ELA, (1)

E" = El®, + E[ A, )

where the unit vectors are shown in Figure 1. The received dl is related to the transmitted eld through the
Sinclair matrix as follows:

Er _ € Sy S E! 3)
E[  r Shv  Shh E},

where S,y ; Svh; S and Sy, are complex scattering elements (representing an amplitud and a phase) of the
Sinclair matrix. The factor r is the distance between the scdterer and the receiving antenna. The factor kg is
the wavenumber of the illuminating wave. Each scattering marix element can be represented as

_ X -
Sj =iSjj¢ ' = njSjje (4)
which is a coherent sum over n scatterers in a resolution celnd i;j = v;h. From reciprocity
Shv = Swn: (5)

2.2 Kennaugh(Stokes Power) Matrix

We showed in a previous papet that the Kennaugh matrix can be determined from the Sinclair matrix elements
using the following relations:
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Matrix element My is equal to 1/4th of the Span (total scattering strength) where

Span= S,,Syw +2S;, Stv + Sy, Shh: (7)

We previously showed a closed form derivation of the diagonalization of the Kennaigh Matrix. The Huynen®
orientation anocg eIIipticoLty parameters and were shown to be the parameters that diagonalized the Sincla
Matrix with S, and S;;, being the diagonal terms of the diagonalized matrix. We alsshowed that the eigenvalues
of a single look Kennaugh Matrix arejSS(:,jZ:Z, jS\lf,jj S:](;]j:Z, ij](;]jZ:Z and -jSS(:,jj Sf](;]j:Z in the order of decreasing
value.

2.3 Multilook SIR-C Data

The multilook SIR-C data sampled over four looks were proviced as the covariancesSy S;,,, Sw S,y Shh Sy »
Re (Smh Sy ), Im (S Sy ), Re (S Sy ), Im (S S,y ), Re (Sw'S,y) and Im (Sw S,,). These data are in the
form of ensemble covariances( S;; S« >) over four looks, where i,j,k,I represent v or h labels. The Kennaugh
matrix for multilook data is expressed in terms of these ensable covariances. We nd that M,, which is a
measure of the di erence betweenS,, and Sy, is a useful discriminant in segmenting Bragg surface scadrers.
Yamaguchi et al.l® attribute helix scattering power to M4. The Kennaugh matrix for the multilook SIR-C

imagery has the same form as the matrix elements shown in Equin 6 except that the matrix elements are
averaged over four looks. For exampleM i, is given by:

1
M1z = Z(<vasvv> <ShhShh >) (8)

Evaluation of the eigenvalues and eigenvectors of real symetric Kennaugh matrices of multilook SIR-C data
was reported in a previous paper: We showed that these could be determined using the Jacobi mebd.!! We



reported that the primary eigenvector is a Stokes eigenvedr(similar to what is analytically found in the single
look case). However, this Stokes eigenvector now describagartially polarized wave. The orientation parameter,
analogous to that of the singlelook case is determined fromhe polarized part of this Stokes eigenvector. The four
eigenvalues K 1; ::K 4) are comprised of 3 positive and 1 negative eigenvalues ar@jous to the eigenvalues found
for the singlelook case and are ordered in decreasing maguaide. A partially polarized wave can be uniquely
decomposed’ as:

F = [Sop;S1:S2;S3] + [So  Sop; 0;0;0] 9)

where .
Sop = (ST + S5 + S))%: (10)

So  Sop is the power contained in the unpolarized part of the wave. The degree of depolarization of a scattered
wave can be de ned as

Sop.
5

We regard this quantity as some measure of the scattering degarization from the distributed targets in the
pixel for multilook data.

depol = 1 (12)
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Figure 2. Cloude-Pottier Zones

2.4 Coherence Matrix

The Kennaugh and Mueller matrices are widely used power re@sentations of the scattering properties of targets.
Another widely used representation is the coherence matrix The scattering vector or coherence vectork,
vectorizes the Sinclair matrix in terms of the Pauli spin matrices where

Sw + Shh

1
Re=p=@sS,, Sy A: (12)
2 2She
The coherence matrix is de ned as
1
a d f
coherence= RRKY=@d b eA; (13)
f e ¢c
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a = E(vasvv + SpnSw + SyShh + SypSm)

1
b = E(S""SW Shin Sw SwSth + Shn Sth)
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2S;, Sy

1
d = > (SwSw  ShSw * SwShh Sy Smn)
e = ShV S\IV ShV Shh

f = S, Sw+ SySh (14)

whereKY is the adjoint of K.. The coherence matrix is a 3x3 hermitian matrix and its three eigenvalues are real.
Van Zyl et al*® have shown that these eigenvalues must be positive. The chacteristic eigenvalue equation for
this matrix is

P()= 3+c 2+c +c=0 (15)
and
Co = abc+ aee + dd def fd e + fbf
ci = bc+tac+ab dd ee ff
C = a b c (16)
For single look data, cg = ¢; = 0 and the eigenvalues are ; = ¢, = Span, , =0and 3 = 0. The

characteristic equation for the eigenvalues of the coherary matrix is a third order polynomial and can be solved

using a method prescribed by Kopp** The eigenvalues of the the coherency matrices determined ing the four

look covariances are primarily positive. All negative eigavalues result from roots of the characteristic equation
close to 0. This is because of the limited precision of compet oating point numbers. The simultaneous

averaging of the covariances from the exact same collectioof scatterers in a pixel, using four separate extraction
Iters in the SAR doppler direction, results in an e ective m easurement of entropy. The SIR-C multilook pixel

spacing is 12.5 m and the resolution is 25 m. Cloude and Potti€ have proposed an entropy based classi cation
scheme for polarimetric measurements. Entropy is calculad as

X
H = P; |093F’i (17)

P=P 1 (18)
i
and i and j range from 1-3. Equation 17 requires that cohereng matrices have positive eigenvalues. Negative
eigenvalues determined from the multilook data were arbitarily set to a very small positive number10 °. Mean
alpha is determined using the eigenvectors of the coherenayatrix as prescribed by Cloude and Pottier® Their

classi cation scheme partitions the Entropy/Alpha plane i nto 9 zones as shown in Figure 2 and are enumerated
below. The entropy of a single look pixel is 0 (log(1)).



Zone 1: High Entropy Multiple Scattering

Zone 2: High Entropy Vegetation Scattering
Zone 3: High Entropy Surface Scatter

Zone 4: Medium Entropy Multiple Scattering
Zone 5: Medium Entropy Vegetation Scattering
Zone 6: Medium Entropy Surface Scatter

Zone 7: Low Entropy Multiple Scattering Events

Zone 8: Low Entropy Dipole Scattering
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Zone 9: Low Entropy Surface Scatter

2.5 Copolarized Phase Di erence

The multilook data can be used to determine the copolar corrkation coe cient. & This variable is well known to
the weather radar community and is de ned as

—_— J<SihSw >
=p : 19
Fvl=P < jSwj?>< jSmj? > (19)
This can be represented as
= J hvj expi < w hh > (20)

where the correlationj p,j can range from 0 to 1. Data analysis shows that low entropy piels have correlation
values close to 1 and higher entropy pixels exhibit much sméér correlations. The copolar phase di erence can
be determined by

2M
- 1 34 .
< w hh > = tan Maa Mz : (21)
Sarabandi’ derived the distribution of the copolar phase to be
1 2 cos( ) cos( )
f()= fl+ p— f-+tan lp— ; 22
) 2 (1 co( ) " 2co( ) 2 "L 2co%( ) % 22

This distribution is the analog of a Gaussian distribution for periodic random variables where and are
the counterparts of the mean and variance for Guassian randm variables respectively. Sarabandi succesfully
modelled the standard deviations of the dsitributions from C-band polarimetric radar scattering from rough
surfaces. and are directly modelled using measured Mueller matrices. Undrstanding of these means and
standard deviations from segmented SIR-C scenes should beseful in developing models of the Mueller matrices
of multilook polarimetric SAR scattering mechanisms for these segmented regions. We nd that lower entropy
pixels exhibit small standard deviations in their copolar phase distributions, i.e. as compared to the large
standard deviations for random distributions. The standard deviation for a random distribution spanning the
angular range 180 < < 18( is 10392°.

3. NEURAL NET SIR-C INPUT FEATURES

We surveyed a number of multilook variables for use as segmation features for this study. The twelve(12)
variables we chose are listed below. Theese variables arepint to the neural net for each four look SIR-C L or
C band pixel during classi cation. The ocean scene o the coat of Santa Barbara was segmented into 4 classes.
The rest of the other 5 scenes were segmented into 6 classes.
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Table 1. Coherence Matrix, Bragg Scattering

Coherence Matrix Element ‘ Mean ‘ Stdev ‘

a .8109 | .0320
b 1781 | .0300
c 0111 | .0064

Re(d) 3672 | .0215

Im(d) .0220 | .0382

Re(e) -.0029 | .0182

Im(e) -.0074| .0174

Re(f) -.0032| .0107

Im(f) -.0178| .0372

Figure 3. Spans at L and C Bands o coast of Santa Barbara




11. (K2 + K4)=<Span >
12. (E]_ (E2 + E3):2): < Span >

The K's are the eigenvalues of the Kennaugh matrix ordered irdecreasing magnitude. The E's are the coherence
matrix eigenvalues also in decreasing order. Feature 4 is@md to be an e ective discriminant for Bragg scattering
from the ocean surface. Features 4 and 5 are the primary elemts for determining the Huynen orientation
parameter in the single look case. Feature 6 has been identi ed by Yamaggchi et al.’® as contributing to
helix scattering power. Entropy and cog ) are from the entropy/alpha decomposition proposed by Clowe and
Pottier.® Feature 9 is calculated for each pixel using Equation 11. Fetares 10 and 11 are £2 and 0 respectively
for the single look case and decrease and increase respeetjvwith entropy in the multilook case. Feature 12 is
1 for zero entropy(corresponding to single look case) and Gf maximum entropy.

Table 2. Ocean Surface Means and Stdevs

Variable ‘ Class 1, L‘ Stdev ‘ Class 4, L‘ Stdev ‘ Class 1, C‘ Stdev ‘ Class 4, C‘ Stdev ‘

Span .0311 .0107 .00049 | .00018 .0083 .0027 .0064 .0018

< jSwij?> .0268 .0092 .00024 | .00015 .0045 .0021 .0027 .0012

< |Spnj? > .0040 .0016 .00012 | .00005 .0019 .0009 .0015 .0007
Depol .0094 .0049 4011 1797 .3487 .1706 4148 .1766
Entropy 0711 .0200 7444 .1058 .6939 1167 .7504 .1031

< w hh > -3.92 7.57 19.60 98.58 3.39 71.56 9.01 113.16
i hv] .970 .029 .383 178 458 .196 .399 .183

Figure 4. Ocean Entropy/Alpha Decomposition

4. OCEAN SURFACE

Shown in Figure 3 areSpan SIR-C imagery of the ocean o the Santa Barbara coast at L and Cbands. Dark
patches are present in the L band data but not in the C band data The dark patches in the L band data is
consistent with a dampening of cross section by ocean surfacims.?® The scattering at both L and C bands
from the ocean surface is strictly surface scattering giverthat the penetration depth at L band is at most 3
mm. The SIR-C wavelengths at L and C bands are 23 cm and 6 cm reggtively. The ocean surface in Figure 3
was segmented into 4 classes using the algorithm described our previous paper! The training datasets were
collected from the L Band scene using the features listed ahe(di erent from the features used in our last
papert). Classes 1 and 4 are scrutinized in this paper. Class 1 has ¢hlowest mean entropy as well as the
largest mean span and class 4 has the largest mean entropy amsthallest mean span(darkest areas) for L band.
The highlighted areas indicate the regions where training @ta for classes 1 and 4 are collected from the L band



image. The classi cation of these same areas are shown in thgure. These areas are comprised by 100x100
pixels and the black points are the pixels classi ed as 1 or 4aspectively. These same pixels were also analyzed
for the C band data.

The segmentation of class 1 in the L band scene exhibits sighares dominated by Bragg scattering. The higlighted
class 1 area has 1827 class 1 pixels(black). The means andraard deviations of the coherence matrix elements
of these pixels are given in Table 1. The coherence matrix of Bgg scattering is modelled withS,, = 0: and
andb'j dj? and

0

1
a

CM (Bragg)= @ d A (23)
0

O T
O OO

The real and imaginary values of e and f listed in Table 1 are vy small for the class 1 pixels closely mirroring
the Bragg model. The imaginary part of d is also found to be retively small. These pixels also exhibit the
signature jS,vj > jShhj and have orientation angles close to @. The entropy/alpha decomposition of the class
1 pixels is shown in Figure 4(class 1, L). This corresponds tthe bottom left of region 9 in Figure 2 indicating
very low entropy surface scatter. The entropy/alpha decompmsition of the same class 1 pixels at C band is
also shown in Figure 4(class 1, C). Bragg scattering appearsot to be the dominant mechanism for the class 1
pixels at C band. Also shown in Figure 4 are the entropy/alphadecompositions for class 4 at L and C bands.
Scattering from the dark regions in the L band scene(Figure % is characterized by higher entropy scattering.
This is re ected in the data listed in Table 2. The copolar correlation coe cients determined from Equation 19
for the L band class 1 pixels indicate high correlation. Thiscorrelation for the L band class 4 pixels and the C
band classes 1 and 4 pixels is much lower. The copolar phase efiences(Equation 21) for the L band class 1
pixels have a very peaked distribution(radically smaller than a random standard deviation of 10392° indicating
the Bragg scatterers in the pixel are strongly correlated. The standard deviations for the L band class 4 pixels
and the C band classes 1 and 4 pixels indicate random distritions comprising highly uncorrelated collections
of scatterers in each pixel. The copolar correlation coe cients in Table 2 have higher values at lower entropy
decreasing with higher entropy. The lower entropies re ect highly correlated scatterers for a pixel. Thedepol
parameter determined from the Stokes eigenvector of the Kamaugh matrix for a pixel using Equation 11 shows
a high correlation with entropy indicating that this could b e a good measure of the actual depolarization of the
scattering from the pixel scatterers. The absence of the Brgg scattering signature at C band indicates that the
Bragg scatterers at C band are highly uncorrelated in this sene.

Table 3. Raincell Means and Stdevs

Variable Class 5, C‘ Stdev ‘ Class 1, C‘ Stdev ‘ Class 5, L ‘ Stdev ‘ Class 1, L ‘ Stdev ‘

Span .1037 .0342 .0239 .0092 .0755 .0330 .0431 .0215

< jSwj?> .0624 .0208 .0135 .0054 .0486 .0214 .0269 .0134

< jSpnj% > .0405 .0140 .0097 .0042 .0264 .0120 .0159 .0083
Depol .0359 .0192 1942 .1593 .0212 .0150 .0237 .0263
Entropy .1103 .0310 .3251 1140 .0931 .0374 1118 .0461

< w hh > 1.75 4.41 6.35 10.68 -2.57 3.91 -1.09 4.52
i hv] .966 .014 .843 .093 971 .017 .957 .025

A raincell scene from the Gulf of Mexico is shown in Figure 5. The scene was segmented into 6 classes using C
band data. The entropy/alpha decomposition for classes 1 ad 5 are shown in Figure 5. The results indicate
that the backscatter is dominated by scattering from the ocean surface. Class 1 has the highest mean entropy
with the rest of the classes having lower entropies. The darr areas in the C band image correspond to greater
extinction of the backsacttered signal probably due to the pesence of rain. Class 5 at C band exhibits classic
Bragg scattering signatures. All classes at L band exhibit Bagg scattering as well. Strong correlations among



Figure 5. Raincell Entropy/Alpha Decomposition

the scatterers exist at both L and C band. Calculated parameer means and standard deviations for classes 1
and 5 are shown in Table 3.

5. LAND AND LAKE ICE SURFACES

L band multilook SIR-C scenes from Death Valley, Kilauea andLake Superior were each segmented into 6 classes.
Shown Figures 6 to 9 are entropy/alpha decompositions for sme of the classes at L and C bands. The means
and standard deviations of some parameters from these class for the L band data are listed in Table 4. The
scatterer correlations are strongest at L band for the salt at, the sand dunes and the crater scenes with less
correlation for the lake ice scene, possibly due to the presee of volume scattering. These correlations although
still present seem slightly weaker for these scenes at C bandrhe entropy/alpha decompositions at L band of
the salt at, sand dunes and crater scenes indicates scattémng primarily from region Z9 in Figure 2. This would
suggest that such data could be modelled using rough surfacgcattering models. This is probably not the case
the for a large fraction of the C band data. It is clear that the scattering mechanisms involved di er somewhat
between L and C bands for these classes.

Table 4. Terrain Means and Stdevs, L band

Variable Salt Flat ‘ Stdev ‘ Sand Dunes‘ Stdev ‘ Crater ‘ Stdev ‘ Lake Ice ‘ Stdev ‘

Span .0177 .0089 .0109 .0066 | .1232 | .0673 | .0398 | .0144

< jSwij?> .0117 .0062 .0058 .0036 | .0601 | .0344 | .0201 | .0102

< jSmnj% > .0055 .0035 .0049 .0031| .0578 | .0356 | .0142 | .0070
Depol .0807 .0810 1349 1400 | .2214 | .1524 | .3224 | .1856
Entropy .3234 .1189 .2153 1093 | .3340 | .0944 | .5892 | .1368

< w hh > -13.32 | 20.51 -4.41 10.65| -3.46 | 12.98| -15.33 | 44.14
i hv] .788 .136 .899 .083 .856 .073 .612 199
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Figure 6. Death Valley Salt Flat

Figure 7. Kilauea Crater

6. URBAN/AGRICULTURAL SCENE

Shown in Figure 10 are results of the segmentation of an agridtural/urban area around Fresno, California. The
entropy/alpha decomposition of class 1 represents a poputan of regions Z7 and Z4. The pixels found in Z7 are
most likely from the tall buildings in the city center of Fresno. Class 4 is populated by pixels in the residential
areas with trees and bushes and by elds with crops. The meansnd standard deviations of some parameters
from the 6 classes for the L band data are listed in Table 5. Thescatterers in all these classes predominantly
exhibit lower scatterer correlations.

Table 5. Agriculture/Urban Scene Means and Stdevs

Variable ‘ Class 1‘ Stdev ‘ Class 2‘ Stdev ‘ Class 3‘ Stdev ‘ Class 4‘ Stdev ‘ Class 5‘ Stdev ‘ Class 6‘ Stdev ‘

Kslga'; 3 4515 | .0478 | .4119 | .0389 | .4527 | .0335| .3979 | .0386| .4052 | .0372| .4693 | .0241
% .0500 | .0421 | .0881 | .0389 | .0473 | .0334| .1022 | .0381| .0947 | .0371| .0307 | .0242
depol 1392 | 1527 | .3106 | .1832| .2741 | .1841| .3843 | .1861| .3818 | .1887 | .2257 | .1814

Entropy 4504 | .1470 | .6504 | .1231| .4482 | .1534| .7015 | .1232| .6836 | .1156| .3340 | .1291
w hh -720 | 110.1| 20.14 | 104.1| 22.38 | 102.6| 20.15 | 105.0| 13.45 | 105.5| 1.724 | 100.8
i hv] .6089 | .6101 | .4933 | .1960 | .7485 | .1672| .4612 | .2061| .5183 | .1921| .4398 | .1022

7. CONCLUSIONS

In our search for the underlying scattering mechanisms invtved in polarimetric SAR, we have successfully
employed an algorithm capable of segmenting multilook SIRE scenes. The choice of the number of segmentation
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Figure 8. Lake Superior Ice

Figure 9. Death Valley Sand Dunes

classes is arbitrary. We nevertheless nd that we are able tsegment ocean surface states and terrain surfaces into
physically understandable classes. The choice of neural hmput features is arbitrary but physically motivated.
We are currently investigating a new set of features involving replacingM 3, cos( ) and (E; (E2 + E3)=2)=<
Span > with jSyj?, depoland j nvj. The last two are motivated by the use of these type of variabés along
with entropy in weather radar target investigations. The same neural net architecture will be employed. It
appears that entropy is a valuable indicator of the coherene of the collection of scatterers in a pixel and an
important decomposition variable. The data analysis apprach we have used will be substantially enhanced by
the availability of reliable ground truth.

The single look information in Equation 4 is insu cient for u se in signature decomposition. We have shown
that the entropy for a single look measurement is 0. The simublneous averaging of the covariances from the
exact same collection of scatterers in a pixel in multilook SIR-C dta( using four separate extraction lters in
the SAR doppler direction) results in an e ective measurement of entropy. This applies to the measurement of
the copolar correlation coe cient and the copolar phase di erence as well. It seems logical to surmise that the
information from the highly correlated class 1 Bragg scatteers in Figure 3 combine resulting in low entropy.
We are currently investigating the bright pixels in the ocean(oil rig platforms) in Figure 2. These should map
to region Z7. We are investigating both types of low entropy pxels to guide modelling of the coherence and
Kennaugh matrices.

We previously reported* that the three remaining Kennaugh matrix eigenvectors(other than the Stokes eigenvec-
tor) have the form of rotation quaternions. We showed this to also be the case for the corresponding eigenvectors
in the single look case> The unit rotation axis vectors for the three quaternions are mutually orthogonal in the
single look case, forming a cartesian system. Analysis of hquaternion rotation axis vectors for the multilook
case shows that the deviation from orthogonality of these vetors increases with entropy. Study of the behaviour
of these internal symmetry variables as well as the anisotrpy feature from the entropy/alpha/anisotropy decom-
position as a function of entropy could reveal additional dynamic information.
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Figure 10. Fresno
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