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ABSTRACT

This paper presents a new method for classifying fully polarimetric single look SAR data. Using an iterative
method, we have developed an algorithm using neural nets to filter out classes during training. Iterative methods
are well known in numerical mathematics used for example in relaxation methods for solving systems of equations.
We show that the final weights learned after several iterative neural net training sessions are capable of segmenting
single look TerraSAR-X data. Our algorithm uses a feedforward neural net with one hidden layer (a three layer
net) to separate different surface scattering classes by iteratively refining the learned weights. We show that the
resulting classes can be related to entropy surface scatterer type classes.

1. INTRODUCTION

We have studied and reported on the eigenanalysis of complex single look and multilook fully polarimetric SIR-C
data and fully polarimetric complex ISAR turntable data in a series of papers.1–3 We presented a derivation
of the Stokes (Kennaugh) matrix from elements of the Sinclair matrix.3 We presented a formal derivation of
the diagonalization of a singlelook Kennaugh matrix.4 We have employed results of these studies in choosing
the polarimetric features we have used in this classification study. We reported on a neural net land surface
classification scheme in a previous paper.4 The neural net algorithm reported in this paper is not a land features
classification scheme but rather an image segmentation scheme. The output classes are not terrestial surface
classes but surface scatterer type classes. For example, terrestial water surfaces(ocean, lake, river) have multiple
output classes. We are able to understand the physical behaviour of these classes within the context of the
entropy based classification scheme proposed by Cloude and Pottier.5

We start with an abbreviated discussion of polarization formalism. This is to make the paper self contained
and to keep consistent notation and convention. Data was taken from 14 terrestial surfaces contained in fully
polarimetric single look TerraSAR-X scenes. Fifteen(15) polarimetric features were used as input to the neural
net. A hidden layer with fifteen(15) units was used in the feedforward neural net. An iterative algorithm was
developed as described below through which we were able to successfully extract 15 unambiguous classes.

2. POLARIZATION FORMALISM

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

2.1 Scattering

The transmitted and received fields propagating in the k̂ direction can be expressed in the form:

~Et = Et
vv̂t + Et

hĥt (1)

~Er = Er
vv̂r + Er

hĥr (2)

where the unit vectors are shown in Figure 1. The received field is related to the transmitted field through the
Sinclair matrix as follows:
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Figure 1. Coordinate Systems
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where Svv, Svh, Shv and Shh are complex scattering elements (representing an amplitude and a phase) of the
Sinclair matrix. The factor r is the distance between the scatterer and the receiving antenna. The factor k0 is
the wavenumber of the illuminating wave. The scattering elements can be expressed as:

Svv = ‖Svv‖eiφvv

Svh = ‖Svh‖eiφvh

Shv = ‖Shv‖eiφhv

Shh = ‖Shh‖eiφhh . (4)

For the Sinclair matrix(from reciprocity)

Shv = Svh. (5)

2.2 Stokes(Kennaugh) Matrix

We showed in a previous paper3 that the Stokes matrix can be determined from the Sinclair matrix elements
using the following relations:
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Matrix element M11 is equal to 1/4th of the ”Span” or total power.

Figure 2. Orientation

2.3 Diagonalizing the Kennaugh Matrix

The Kennaugh matrix of a single-look data point can be analytically diagonalized using the following similarity
transformations

M
′′′′

= RT
αRT

ν RT
τ RT

φ MRφRτRνRα. (7)

The elements of the diagonal matrix M
′′′′

are the eigenvalues of the Kennaugh matrix. Baird6 represents the φ,
τ and ν transformations as

Rφ =









1 0 0 0
0 cos 2φ − sin 2φ 0
0 sin 2φ cos 2φ 0
0 0 0 1









(8)

Rτ =









1 0 0 0
0 cos 2τ 0 − sin 2τ

0 0 1 0
0 sin 2τ 0 cos 2τ









(9)

Rν =









1 0 0 0
0 1 0 0
0 0 cos 2ν − sin 2ν

0 0 sin 2ν cos 2ν









(10)



where φ, τ and ν are the Huynen orientation, helicity and bounce(skip) angles respectively. The α transformation
is

Rα =









cos 2α − sin 2α 0 0
sin 2α cos 2α 0 0

0 0 1 0
0 0 0 1









. (11)

The φ parameter can be determined by using the condition prescribed by Huynen7 that M
′

13 = 0 where

M
′

= RT
φ MRφ. (12)

This gives

φ = tan−1

(

−M12 +
√

M2
12

+ M2
13

M13

)

. (13)

The same transformation is achieved3 through the following similarity transformation on the Sinclair matrix

S
′

= UT SU (14)

where

U =

(

cosφ − sin φ

sin φ cosφ

)

. (15)

The parameter φ in Equation 13 is utilized. Shown in Figure 2(a) is a scatterplot of the extracted φ values for
ISAR turntable data8 versus aspect angle. Data from the ”slicy” target, shown in Figure 3, was discussed in
a previous paper.3 Data in the scatterplot are from range bin 32 out of 64 target bins. This parameter is not
correlated with the target aspect orientation. The target was rotated starting at an aspect angle of −5o to 365o.
Analysis shows that 2φ is tightly grouped around 0o for ‖Svv‖ > ‖Shh‖ and around ±180o for ‖Shh‖ > ‖Svv‖
for this target. A histogram of the φ values is shown on Figure 2(b). For all fully polarimetric data surveyed, we
find that φ is governed by the relationship between ‖Svv‖ and ‖Shh‖ through M12 as expressed in Equation 13.
A scatterplot of the φ values versus M12 is shown in Figure 2(c).

Figure 3. Slicy

The parameter τ can be determined using the condition M
′′

14 = 0 where



M
′′

= RT
τ M
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Rτ . (16)

This gives
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The same transformation is again achieved3 by the following similarity transformation on the the Sinclair matrix
S

′

S
′′

= V T S
′

V (18)

where
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The parameter τ determined in Equation 17 is again used. The resulting matrix S
′′

is diagonal. Because S
′′

hv = 0,

M
′′
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24 = 0 results which follows directly from using Equation 6. This gives
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It also follows from Equation 6 that M
′′

22 = M
′′

11 and M
′′

44 = −M
′′

33. The parameters φ and τ are the parameters
that diagonalize the Sinclair matrix. These parameters are the Huynen orientation and helicity Euler parameters.
It is shown in a previous paper4 that these are also the orientation and ellipticity parameters of the Stokes
eigenvector of the Kennaugh matrix. φ is the orientation of the ellipse describing elliptical polarization as
defined in Born and Wolf.9 The span is conserved by the preceding transformations, i.e. M

′′

11
= M11.

The parameter ν is determined using the condition M
′′′

34 = 0 where
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This transformation gives M
′′′

11 = M
′′

11, M
′′′

12 = M
′′

12 and M
′′′

22 = M
′′

22. Additionally, we find using Equations 22
and 6 that
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1

4
(φ′′

vv − φ′′
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This is the Huynen bounce(skip) angle.

The parameter α can be determined using the condition M ′′′′
12 = 0 where

M
′′′′
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αM
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Rα. (24)



We get α = 22.5o when M
′′′

12 = M
′′

12 > 0. Using Equation 6, this condition is equivalent to ||S′′

vv|| > ||S′′

hh||.
Alternately, we get α = −22.5o if M

′′

12 < 0. We find that M
′′

12 > 0 for single-look fully polarimetric SIR-C and
TerraSAR data and ISAR turntable data. Hence, only the solution α = 22.5o is physically realized.

The eigenvalues of the Kennaugh matrix are the diagonal elements of the diagonal matrix M
′′′′

in Equation 7.
These are
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These eigenvalues are ordered in descending order of signed magnitude.

Figure 4. Cloude-Pottier Zones

3. COHERENCY MATRIX

The Kennaugh and Mueller matrices are widely used power representations of the scattering properties of targets.
Another widely used representation is the coherency matrix. The scattering vector or coherency vector ~kc

vectorizes the Sinclair matrix in terms of the Pauli spin matrices where

~kc =
1√
2





Svv + Shh

Svv − Shh

2Shv



 . (29)

The coherency matrix is defined as
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where ~k†
c is the adjoint of ~kc. The coherency matrix is a 3x3 hermitian matrix and its three eigenvalues are

real. It can be analytically shown that there are two eigenvalues equal to zero and the one non-zero eigenvalue
equal to the Span for a single look TerraSAR-X pixel. In practice, a coherency matrix is determined by spatially
averaging over several adjacent single-look or multilook pixels. The characteristic equation for the eigenvalues
of the coherency matrix is a third order polynomial and can be solved using the Cardano method.10

Cloude and Pottier5 have reported an entropy based classification scheme for polarimetric SAR. Entropy is
calculated as

H =
∑

i

−Pilog3Pi (31)

Pi =
λi

∑

j λj

(32)

and i and j range from 1-3. Equation 31 requires that only coherency matrices with positive eigenvalues can
be considered. For TerraSAR-X data, we find that we have to average an 8x8 matrix of pixels(64) to minimize
occurence of negative eigenvalues. The analysis we report below averages information from between 4 to 9 pixels
from a 3x3 matrix of pixels. Only coherency matrices with positive eigenvalues are considered. The mean alpha
can be determined using the eigenvectors of the coherency matrix as prescribed by Cloude and Pottier.5 Their
classification scheme partitions the Entropy/alpha plane into 9 zones as shown in Figure 4 and are enumerated
below.

1. Zone 1: High Entropy Multiple Scattering

2. Zone 2: High Entropy Vegetation Scattering

3. Zone 3: High Entropy Surface Scatter

4. Zone 4: Medium Entropy Multiple Scattering

5. Zone 5: Medium Entropy Vegetation Scattering

6. Zone 6: Medium Entropy Surface Scatter

7. Zone 7: Low Entropy Multiple Scattering Events

8. Zone 8: Low Entropy Dipole Scattering

9. Zone 9: Low Entropy Surface Scatter

4. TERRASAR-X DATA

We surveyed 22 fully polarimetric single look stripmap datasets from the German Space Agency(DLR). The
datasets were collected during an experimental mission in April/May 2010. The data was provided in COSAR(COmplex
SAR) format with a separate file for each of the HH, HV, VH and VV channels. We averaged the HV and VH
channels for the Shv matrix element. Calibration factors were provided for all 22 scenes ( HH and VV had
a common calibration factor, HV and VH had another calibration factor). The calibration factors allowed for
conversion of intensities to calibrated radar brightness. The calibration factors depended on incidence angle
and polarization channel. The 22 scenes surveyed are listed in Table 1 below which includes acquisition date,
incidence angle and center latitude and longitude for each stripmap.



Table 1. Surveyed TerraSAR-X Datasets

Dataset Acq. Date Inc. Angle Center Lat Center Lon

Amsterdam, Neth. 4-21-10 30.52 52.38 4.88

Arctic sea ice 4-11-10 36.84 82.88 -60.74

Arizona Desert, USA 5-05-10 36.84 33.40 -114.29

Barcelona, Sp. 4-23-10 33.78 41.23 2.11

Edmonton, Can. 4-23-10 35.85 53.73 -113.40

Everglades, USA 4-16-10 32.68 25.37 -81.00

Farallones de Cali, Col. 4-27-10 28.15 3.49 -77.20

Greenland 4-11-10 40.66 66.89 -42.35

Japan 4-21-10 36.79 37.75 138.86

Massachusetts, USA 4-30-10 29.37 42.66 -72.29

Mouth of Elbe, Ger. 4-11-10 32.71 53.84 9.08

Netherlands 4-15-10 38.80 51.71 4.37

Nogales, Mex. 4-14-10 40.60 31.29 -110.94

NW Ontario, Can. 4-22-10 28.19 46.97 -84.38

Ottawa, Can. 4-13-10 24.62 45.19 -75.73

San Francisco, USA 4-11-10 39.70 37.84 -122.39

Singapore 4-20-10 34.76 1.34 103.90

Southern Alberta, Can. 4-23-10 20.83 49.77 -112.35

S.W. of Munich, Ger. 4-11-10 34.83 48.30 11.15

Thuringen, Ger. 4-11-10 39.75 51.64 11.02

Vancouver, Can. 4-25-10 32.60 49.26 -123.18

Washington, USA 4-25-10 37.78 46.73 -121.67

4.1 Neural Net TerraSAR Input Features

We surveyed a number of single look variables for use as input features for our neural net. We settled on the
fifteen(15) variables listed below: The following variables were used as input to the neural net for each TerraSAR
pixel.

1. Span

2. ‖Svv‖2

3. ‖Shh‖2

4. ‖Shv‖2

5. k2
s Krogager sphere component

6. k2

d Krogager diplane component

7. k2

h Krogager helix component

8. ‖S′′

vv‖2 Kennaugh matrix eigenvalue



Figure 5. Orientation Angle Histograms

Figure 6. Richmond Bridge

9. ‖S′′

hh‖2 Kennaugh matrix eigenvalue

10. M12

11. M
′′

12

12. sin 2φ

13. cos 2φ

14. sin 2τ

15. cos 2τ .

The first eleven features have units of power. The sines and cosines of both 2φ qnd 2τ were used since these
are cyclic variables. We note that φ and τ are the parameters used in the transformations which diagonalize the
Sinclair matrix. Features 5-7 are from the Krogager decomposition11 of the Sinclair matrix. Entropy variables5

were not used as input since this involves extensive averaging of pixel information.

Shown in Figure 5(a) is a histogram of the orientation angle φ of bridge pixels (Span > 2.0) from the San
Francisco TerraSAR Span cutout scene shown in Figure 6. This distribution is similar to that of the ”slicy”



target shown in Figure 2(b). A histogram for water pixels is shown in Figure 5(b). This is consistent with bragg
surface scattering being a dominant mechanism where ‖Svv‖ > ‖Shh‖. In might be surmised from this that φ

might be an important variable for understanding scattering mechanisms.

Figure 7. NN Architecture

5. NEURAL NET ARCHITECTURE

The architecture we utilized for our neural network classifier is a feedforward architecture consisting of three layers
and is shown in Figure 7. The hidden layer and output layer nodes are implemented using sigmoidal activation
functions. This feedforward network architecture and the backpropagation algorithm used for training the net
was developed by Rumelhart et al.12 This three layer neural network approach specifically differs from statistical
classifiers in that the decision spaces can be both non-linear and disjoint. The wkj and wji are weights which
are learned from training the network using ground truth data. The backpropagation learning algorithm as
implemented by Pao13 was used for training the network.

Two networks were developed to process TerraSAR data. The Span intensity is used to partition the pro-
cessing between the two networks. The lower Span intentsities are processed by a network with eight(8) output
classes which we label LI1-8. The higher Span intensities are processed by another network with seven(7) output
classes which we label HI1-7. The number of output levels were chosen through experimentation. The networks
were partitioned to avoid having power levels varying by more than two orders of magnitude compete in the
same network. The fifteen(15) TerraSAR variables listed above were used in the input units for both networks.
Both networks had a hidden layer of fifteen(15) units.

For the low intensity neural net, training data was collected from areas easily discernible to be ocean surfaces,
lakes, airport tarmacs, desert scrub, bare ground and athletic fields. For the high intensity neural net, data was
collected from industrial areas, residential areas, urban areas, forests, farmland, snow and swamps. Given the
data acquisition dates, it is assumed that the farmland in Canada and Germany fallow. Eight datasets were
collected for the low intensity output classes from which training data was selected. Seven datasets were collected
for the high intensity classes. A threshold of 0.86 in Span was used for collecting the high intensity datasets.
This is equivalent to the final mean intensity of the low intensity class with the highest mean intensity plus 1.86
times its variance (LI3 in Table 3). No upper threshold was used to collect training data for the lower intensity
datasets.

5.1 Neural Net Training

A set of 300 datapoints are randomly chosen for each of the output classes of each neural net. There are 2400
training datapoints collected for the low intensity neural net. There are 2100 training data points for the high



Figure 8. NN System Error - 5000 Iterations

intensity neural net. An additional 8 numbers are attached to each of the eight(8) output units of the low
intensity net consisting of seven(7) 0.1 values and one 0.9 value for target outputs. For example, for a training
dataset for the LI5 output class, the vector (.1,.1,.1,.1,.9,.1,.1,.1) is attached. This is the training output vector
for the 300 datapoints. For the LI2 output class, the vector (.1,.9,.1,.1,.1,.1,.1,.1) is attached. The same is done
for each of the high intensity output classes. The two nets are trained separately.

The net is started with a random set of weights. Each training data point is presented to the net. The error
at each output (oi - ti, o and t are the output and the target output at each output unit) is used to adjust the
weights as prescribed by Rumelhart’s12 backpropagation algorithm. It should be noted that the input training
datapoints are randomized so as not to favor any particular output. The presentation of all the datapoints was
repeated for 5000 iterations. For the low intensity data, this involved the presentation of training patterns to
the net 12 million times.

E =
1

2P

p
∑

k
∑

(opk − tpk)
2

(33)

Dataset points 1st thr. points 5th thr. points

HI1 16286 0.3 6404 0.8 4472

HI2 13782 0.3 2802 0.8 1668

HI3 7890 0.25 3236 0.8 1872

HI4 6064 0.15 4950 0.8 518

HI5 7203 0.15 6872 0.8 1636

HI6 8939 0.3 2187 0.8 3316

HI7 10263 0.3 9611 0.8 3317

Table 2. Data Filtering

Shown in Figure 8(a) is the system error from the training of the high intensity neural net. The sums in
Equation 33 are over P = 2100 patterns and T = 7 output units giving the system error E. The training data are
randomly selected from the HI(1-7) datasets. The system error is shown for 5000 iterations. The HI1-7 datasets
were filtered using the weights learned after 5000 iterations. Shown in Table 2 are the original datapoints in each
dataset, the filter threshold of the first filtering and the number of filtered data points found. The thresholds for
each output was chosen to insure that there were more than 300 datapoints surviving the filtering process. For



example, a threshold of 0.3 was used for output 2 in filtering dataset HI2 which resulted in 2802 data points from
this filtering stage. Training data was then randomly selected from the seven (7) filtered datasets. The system
error over 5000 training iterations using the filtered data is shown in Figure 8(b). The thresholds used and the
data points found in the fifth iteration of filtering is also shown in Table 2. The system error evolution at the
fifth filtering of the original data is shown in Figure 8(c). Successful convergence of the neural net is found by
the fifth iteration of filtering. Training over the 5000 iterations takes about five(5) minutes on a Pentium class
machine. Weights learned using training data from the fifth filtering operation are used for the classification
results of the high intensity classes in this paper. Classes found for the original HI4 dataset and the dataset from
the fifth filtering of the HI4 dataset is shown Table 3. Classification is reported for the unit with the highest
output. The three columns indicates maximum output ranges of 0.5-1., 0.3-0.5 and below 0.3. The first three
columns are results for the original HI4 dataset (total counts of 6064) and the next three columns are from after
the fifth filtering of the HI4 dataset (total counts of 518). The two(2) counts assigned for class seven instead
of class 4 for the filtered dataset presumably is caused by the fact that only 300 points from the 518 available
data points were selected for the training. These results illustrate the competitive effects of the filtering and its
effectiveness. Table 3 shows that the output class associated with dataset HI7 has the most members in dataset
HI4. Similar results are found for the low intensity classes LI1-8 after eight(8) filtering iterations. A listing of the
output classes, the terrestial surface the original unfiltered data was taken from, the mean intensity and variance
of Span for the final training datasets (300 datapoints each) and the intensity ordering starting with one(1) as
the lowest is given in Table 4. It is quite clear from the listed mean spans and variances in Table 4 that Span

intensity is not the dominant discriminant (e.g. compare LI5 and LI6). A three-layer net can form arbitrarily
complex regions.14 Pattern populations which are heavily intermeshed in the 15 dimensional space can still be
separated. It is quite unlikely that the output classes identified can be linked exactly with a particular physical
scattering mechanism. However, it is quite likely that these output class levels will be useful in understanding
the ”average” scattering mechanism exhibited in the entropy based classification scheme5 as is discussed in the
next section.

0.5-1.0 0.3-0.5 �0.3 0.5-1.0 0.3-0.5 �0.3

335 0 0 0 0 0

260 0 0 0 0 0

842 1 0 0 0 0

574 1 0 516 0 0

1047 1 0 0 0 0

975 0 0 0 0 0

2024 4 0 2 0 0

Table 3. HI4 Classification

6. CLASSMAP ANALYSIS

Shown in Figure 9 is an output class rendering of a cutout scene from the San Francisco dataset. The color
assignments of the individual pixel output classes is shown on the upper right hand side of the figure. The full
resolution of the highlighted area in the San Francisco Bay is shown in the lower right hand side of the figure.
The neural nets were used to render this image where the Span threshold of 0.86 was used to determine which
neural net was used. The full resolution area shows coherent groupings of output classes. We used an algorithm
to study the coherency matrices of these groupings as follows. These cutouts were partitioned into 3x3 pixel
groups. A coherency matrix was generated for a particular output class if a minimum of 4 pixels in the 3x3 group
belonged to the output class. The entropy/alpha decomposition was performed only where the eigenvalues of
the coherency matrix were all positive. Shown in Figure 10(a) is an Entropy/Alpha scatter plot from the output
class LI5 for the highlighted area in the San Francisco Bay in Figure 9. The zones populated are 4, 5 and 9.
Shown in Figure 10(b) is the Entropy/Alpha scatterplot from LI6 in the San Francisco Bay scene. Contibution
from zone 9(low entropy surface scatterers) is absent from this grouping.



Class Surface mean span variance order

LI1 airport tarmac .374 .128 6

LI2 SF Bay .166 .093 3

LI3 athletic field .619 .147 8

LI4 bare ground .467 .223 7

LI5 ocean .106 .128 2

LI6 lake .104 .053 1

LI7 desert scrub .216 .124 4

LI8 combination .231 .128 5

HI1 industrial 19.783 40.004 15

HI2 urban 5.031 4.688 14

HI3 snow 1.779 .502 12

HI4 residential 1.000 .168 9

HI5 forest 1.182 .228 11

HI6 farmland 2.863 1.285 13

HI7 vegetation 1.127 .208 10

Table 4. Output Classes

Shown in Figure 10(c) is the Entropy/Alpha scatterplot from HI1 for the area shown in Figure 6. A concen-
tration of low entropy multiple scattering events is found in this grouping, presumably from the strong scatterers
in the Richmond Bridge. The typical resolutions for the rectangular single look TerraSAR pixels were a few
meters on a side. This represents contributions from many scatterers for each resolution cell. The relatively
small number of pixels averaged in determining the coherency matrix should not result in any inconsistency with
the dominant ”average” mechanism assumption invoked by the Cloude and Pottier5 model. Shown in Figure 11
is a class map rendering of an area around the mouth of the Elbe River. An Entropy/Alpha scatterplot is also
shown for the highlighted area north of the mouth of the Elbe and shown if full resolution from the HI6 output
class. This appears to be dominated by low entropy surface scatter (Zone 9). The area exhibits relatively high
scattering intensity. Low entropy surface could be the signature of fallow farmland(acquisition date for the scene
is 4-11-2010. Shown in Figure 12 is a class map rendering of the Barcelona Airport area. Also shown is an
Entropy/Alpha scatterplot from the LI1 output class form the highlighted tarmac area. The scattering inten-
sities are relatively low for this output class. The scatterplot indicates medium entropy scattering. The forest
scenes from Massachusetts, Northern Ontario and Farallones in Colombia and the vegetation in swampland of
the Everglades were canvassed but no data were found for Zones 1 and 2 as is expected from Cloude and Pottier.?

7. CONCLUSION

We have developed a novel scheme for classifying fully polarimetric SAR data. TerraSAR-X data has been
successfully segmented into several output classes. We have shown that the extracted classes exhibit behaviour
correlated with the entropy/alpha scheme of Cloude and Pottier.? A question remains as to whether the variables
we chose as input to the neural net and the number of output classes found are optimal. It is our hope that
further investigation will reveal empirical relations between filtered data for each output class level and average
”scattering” mechanisms. Urban areas found in the Amsterdam, Barcelona, San Francisco, Singapore and
Vancouver scenes very likely have good GIS data coverage. This should provide a rich source of ground truth
data for use in further investigation of these scenes. In principle, the neural net weights we have extracted in
this study should be applicable to other compatible polarimetric SAR data from other platforms.

We are currently extending this work to analysis of fully polarimetric multilook SIR-C data at L and C bands.
The input variables used will be different as the Krogager decomposition11 is not available for multilook data.



Figure 9. SF Class Map

Figure 10. Entropy/Alpha Scatterplots

Eigenvalues for the Kennaugh(Stokes) matrix are still available through the use of the Jacobi algorithm.15 A
version of the φ and τ variables are still available from the Stokes eigenvector originally discussed in.2



Figure 11. Mouth of the Elbe

REFERENCES

[1] Geaga, J., “Stokes Matrix Eigenvectors of Fully Polarimetric SAR Data”, Proc. of SPIE, Radar Sensor
Technology XIII, Vol. 7308, Paper 73080E, April 13-15, 2009.

[2] Geaga, J., “Phenomenology of fully polarimetric SIR-C data”, Proc. of SPIE, Radar Sensor Technology XIV,
Vol. 7669, Paper 766916, April 5-7, 2010.

[3] Geaga, J., “Phenomenology of Fully Polarimetric Imaging Radars”, Proc. of SPIE, Radar Sensor Technology
XV, Vol 8021, Paper 802109, April 24-26, 2011.

[4] Geaga, J., “Features for Landcover Classification of Fully Polarimetric SAR Data”, Proceedings of SPIE,
Radar Sensor Technology XVI, Vol 8361, Paper 836108, April 23-25, 2012.

[5] Cloude,S. and Pottier,E. “An Entropy Based Classification Scheme for Land Applications of Polarimetric

SAR”, IEEE Trans. Geoscience and Remote Sensing, Vol. 35, No. 1, pp. 68-78, January 1997.

[6] Baird, C., “Design and Analysis of an Euler Transformation Algorithm Applied to Full-polarimetric ISAR

Imagery”, PhD thesis, University of Massachusetts Lowell, 2007.

[7] Huynen, J., “Phenomenological Theory of Radar Targets” PhD Thesis, Tech. Univ. Delft, Delft, the Nether-
lands, 1970.

[8] Coulombe, M., T. Horgan, J. Waldman, J. Neilson, S. Carter, and W. Nixon, “A 160 GHZ Polarimetric

Compact Range for Scale Model RCS Measurements”, Antenna Measurements and Techniques Association
(AMTA) Proceedings, Seattle, WA, pg 239, October 1996.

[9] Born,M. and E. Wolf, “Principles of Optics”, Sixth Edition, Pergamon Press, New York, 1980.

[10] G. Cardano, Ars Magna(1545).

[11] Krogager, E., “Decomposition of the Sinclair Matrix into Fundamental Components with Application to

High Resolution Radar Target Imaging”, Direct and Inverse Methods in Radar Polarimetry, pg. 1459-1478,
Kluwer Academic Publishers, 1992.

[12] Rumelhart, D.E., G.E. Hinton, and R.J. Williams, “Learning Internal Representations by Error Propaga-

tion”, Parallel Distributed Processing: Explorations in the Microstructures of Cognition. Vol 1: Foundations,
MIT Press, Cambridge, MA (1986).

[13] Pao, Y.H., “Adaptive Pattern Recognition and Neural Networks”, Addison-Wesley Publishing Company,
Inc., (1989).



Figure 12. Barcelona Airport Tarmac

[14] Lippman,R.P., “An Introduction to Computing with Neural Nets”, IEEE ASSP Magazine, Vol. 4, pp 4-22,
1987.

[15] Press, W. et al, “Numerical Recipes in C”, Cambridge University Press (1988).


