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6.1 Introduction

Classification of earth terrain within an image is one of the many
important applications of polarimetric data. A systematic classification
procedure will place the classification process on a more quantitative
level and reduce the amount of photo-interpretation necessary [Evens,
1986]. Single feature and multifrequency classifications have been used
in the past, but classification can now be applied to fully polarimet-
ric data which have become available due to recent developments in
radar technology. It has been shown that Bayes classification using
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s28 6. Classification of Earth Terrain

fully polarimetric data yields optimal results as compared to classifica-
tion performance using any subset of the complete polarimetry [Kong
et al., 1988; Lim et al., 1989].

In some cases, the absolute magnitude and phase of the radar re-
turns are not reliable features for data classification purposes. This is
due to the fact that radar system calibration procedures vary in accu-
racy as well as the fact that they cannot account for attenuation and
phase shifts caused by atmospheric distortions. Normalization schemes
[Yueh et al., 1988], which preserve only the relative components of
the returns, were applied to radar polarimetry in order to circum-
vent this problem. Previously, normalized polarimetric classification
schemes were implemented by assuming a multivariate Gaussian dis-
tribution for normalized data [Kriegler et al., 1971; Smedes et al., 1971].
However, this technique yields inconsistent results since the probability
of error, as well as classification performance, becomes a function of
the particular normalization scheme selected. Therefore, the optimal
normalized classification algorithm will be employed in which the prob-
ability density function (PDF) is derived under the same assumption
used to derive the PDF for the unnormalized fully polarimetric data.
When employing this normalization process, the classification result
and the probability of error will be independent of the normalization
function [ Yueh et al., 1988].

From an alternate point of view, unsupervised classification may
also be applied. The polarization state of the received wave may be
compared to that of the transmitted wave in order to deduce the prop-
erties of the scatterer. This algorithm classifies terrain elements based
on the relationship between the orientation angle and handedness of
the transmitting and receiving polarization states. Classification is then
based solely on the properties of the scatterer and not on any a priort
training data [van Zyl, 1987].

In section 2 of this chapter, both the supervised and unsuper-
vised classification techniques are applied to San Francisco Bay and
Traverse City Synthetic Aperture Radar (SAR) images, supplied by
the Jet Propulsion Laboratory. These images were collected at L-band
(1.225 GHz) with near range along the upper part of the image. There
are 896 pixels in the range and 4096 pixels in the azimuth with approx-
imately 10 m by 3 m resolution per pixel. For supervised classification
processing, the Bayes technique is used to classify fully polarimetric
and normalized polarimetric SAR data. Simpler polarimetric discrimi-
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nates, such as the absolute and normalized magnitude response of the
individual receiver channel returns, in addition to the phase difference
between the receiver channels, are also considered. An unsupervised
technique, based on comparing general properties of the Stokes pa-
rameters of the scattered wave to that of simple scattering models, is
also discussed [van Zyl, 1987]. It is shown that supervised classification
yields the best overall performance when accurate classifier training
data are used, whereas unsupervised classification is applicable when
training data are not available.

Besides classifying earth terrain into different classes, there is
also considerable interest in determining the optimal polarizations that
maximize contrast between two scattering classes in polarimetric radar
images [Swartz et al., 1988]. Contrast enhancement is a processing
technique which modifies the input data structure so that either the
human observer, computer, or other hardware devices can extract cer-
tain information from the processed data more readily after the change
[Huang, 1969]. In the second part of this chapter, the polarimetric prop-
erties of the radar returns are utilized to enhance the contrast between
two scattering classes. It is assumed that complete a prior: statisti-
cal knowledge of the two scattering classes or types exists and the
polarimetric signals backscattered from the two scattering classes are
independent. The processing requirement is then to determine the opti-
mal transmitting and receiving polarization state which will maximize
the separation of the average power returns between the two classes.
Applying such a technique to radar imagery will allow for better dis-
crimination of the two classes.

For two deterministic scatterers, completely characterized by 2 x
2 complex scattering matrices, Kozlov [1979] introduced a method for
computing the optimal polarization state which involves transforma-
tion of the scattering matrix of each of the two objects into a preferred
polarization basis. Solutions involving scattering matrix co—-pol and
cross—pol (polarization) nulls have also been presented [ Mieras, 1983;
Nespor et al., 1984; McCormick and Hendry, 1985). More recently,
Kostinski and Boerner [1987] determined the transmitting and receiv-
ing polarization state which produced maximum contrast between two
classes represented by their Graves power matrices. This technique in-
volved maximizing the expected power return from one deterministic
scattering class with respect to another.

Although these are viable procedures when dealing with deter-
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ministic scattering classes, they cannot be utilized in the case of sta-
tistically distributed scattering objects, e.g., terrain clutter. A deter-
ministic scatterer can be characterized by a scattering matrix, whereas
nondeterministic scatterers must be represented either by an average
Mueller matrix or, equivalently, by a polarimetric covariance matrix,
which are the second order statistics of the scattering matrix. To en-
hance the contrast between nondeterministic scatterers, the ratio of
the average power returns from the two scattering classes must be
maximized.

In the case of distributed scatterers in the clear, observability
is limited only by background noise. Since the noise in the receiver
channels is statistically independent and usually normalized at the
same average power, the background noise is generally unpolarized.
This implies that when the target-to-clutter ratio is maximized, un-
der the assumption that the distributed scatterer represents the tar-
get, whereas background noise denotes clutter, it will be found that
the background noise contribution has essentially a constant expected
power level [Giuli, 1985]. Thus, for targets which are assumed to be
in the clear, or independent of a clutter background, maximizing this
ratio is equivalent to maximizing the target return power only. Target
detection improvement which can be attained by such a procedure has
been analyzed by resorting to a Gaussian target model [Giuli, 1982]
derived from Huynen’s target decomposition theorem [Huynen, 1978].
Moreover, van Zyl et al. [1987] have determined the optimal copolar-
ization state for maximum power return from an isolated, distributed
scatterer, represented by its average Mueller matrix.

For the case of two scattering classes, both of which were either
fully or partially polarized, Joannidis and Hammers [1979] employed a
Lagrange multiplier method to determine the transmitting and receiv-
ing polarization state that maximized a target’s return in the presence
of clutter. The target-to-clutter ratio, expressed in terms of average
Mueller matrices, was maximized in order to determine the optimal
transmitting and receiving antenna Stokes polarization vectors. Zebker
et al. [1987] have introduced the polarization signature as a means of
displaying polarimetric characteristics of various scatterers. They [Zeb-
ker et al., 1987] numerically determined the polarization state which
maximized contrast between two classes when the receiving polariza-
tion was fixed with respect to that of the transmitter, e.g., co- or
cross-polarized returns.
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It should be noted that all of the techniques previously discussed
for polarimetric enhancement of a target’s return in the presence of
clutter have maximized the target-to-clutter ratio. However, maximiza-
tion of the contrast between two classes is not necessarily the same as
maximizing the target-to-clutter ratio. For example, the object scat-
tering the most power generally is denoted to signify the target class,
whereas the other scattering class is referred to as clutter, although
this may not always be the case. If a target in severe clutter is con-
sidered, the clutter class may actually scatter more power than the
target for some transmitting and receiving polarization states. More-
over, the classes can exhibit different polarimetric correlation coeffi-
cients between the receiver channels while having comparable radar
cross sections. Thus, the notion of a target and clutter class, in some
instances, is not well defined. Note also that, in general, maximization
of the target-to-clutter ratio does not provide the same contrast be-
tween classes as maximization of the clutter-to-target ratio. Therefore,
the problem addressed here is to select the larger of these two values
and determine its corresponding polarization state. For this reason,
the term contrast ratio will be adopted as opposed to using either the
target-to-clutter or clutter-to-target ratios.

Consequently, the procedure implemented in section 3 will deter-
mine the transmitting and receiving polarization state which produces
maximum contrast, or separation in the average intensity, between the
two scattering classes. To realize this objective, the contrast ratio will
be maximized, i.e., the mazimum conitrast ratio is computed in order
to obtain the optimal linear weighting vector or optimal polarimet-
ric matched filter [ Cadzow, 1980; Swartz, 1988]. Processing polarimet-
ric synthetic aperture radar (SAR) images with this filter performs
a polarization synthesis on the data which yields maximum contrast
between classes.

6.2 Supervised and Unsupervised Classifications

Supervised and unsupervised classification procedures are devel-
oped and applied to SAR polarimetric images in order to identify their
various earth terrain components. First, the supervised Bayes classifi-
cation is presented in section 6.2a where the Bayes Classifier is briefly
reviewed. Then the polarimetric Bayes classification procedure is dis-
cussed where the distance measures for both unnormalized and nor-
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malized data will be used to classify the SAR images into different
terrain types. Covariance matrices are computed for each terrain class
from selected portions within the image where ground truth is avail-
able, under the assumption that the polarimetric data have a multi-
variate Gaussian distribution. These matrices are then used to train
the optimal classifier, which in turn is used to classify the entire im-
age. Simple feature classification, which includes magnitude responses
|HH|, |HV|, and |VV]|, normalized magnitude responses |HV|/|HH|
and |VV|/|HH|, and phase differences between channels ¢pp — dov,
Oho — duy, and dpp —Phy, will also be discussed. The unsupervised classi-
fication procedure, which is based on comparing the general properties
of the Stokes parameters to those of some simple scattering models,
will be described in section 6.2b where it will be applied to the same
images analyzed in section 6.2a.

In addition to the classification based on the high resolution data,
four-look classification is performed. It has been shown that the prob-
ability of error for the problem of terrain classification can be reduced
when multiple independent measurements are possible [Kong et al.,
1988]. In this section, the four-look classification is achieved by treat-
ing the data from every four consecutive pixels in azimuth as four
independent looks of one pixel. For the supervised classification, the
distance measure of the combined pixel is the average of those of the
original four pixels, whereas the unsupervised four-look classification
is achieved by averaging the Mueller matrix over every four pixels in
azimuth. It is found that this four-look classification greatly improves
the probability of classification. The performances of the various su-
pervised and unsupervised classification schemes for both single-look
and four-look classification will then be compared in section 6.2¢c, and
the results are summarized in section 6.2d.

a Supervised Classification Procedure
a.l The Bayes classifier

In reviewing the Bayes Classifier, we first define a complex linear
vector X containing a fully polarimetric radar return and call it the
feature vector [Kong et al., 1988].

_ HH HHr+i HHg
X=|HV|=| HVi+i HVy (1)

1244 VVi+iVVg
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where H H is the horizontally transmitted and received return, HV the
cross polarized return, and V'V the vertically transmitted and received
return. The subscripts I and Q represent the in-phase and quadrature
components. According to the Bayes maximum likelihood ratio test,
[Fukunaga, 1972] the feature vector X will be assigned to the class w;
if the probability of it being in that class is greater than that of it being
in any other class. Mathematically, this can be written in the following
form
wiy, t=1,2,..M classes

X € w; if P(wi|X) > P(w;|X) for allj#i (2)

However, if (2) is to be applied to radar data, reformulation of this
criterion is necessary since one normally does not have, nor can easily
assume the probability distribution over the range of classes for each
pixel, P(w;|X). By using the Bayes theorem, the decision rule can be
written in a more useful form as follows

X € w; if P(X|wi)P(w;) > P(X|w;)P(w;) for all j£i  (3)

Classification can now be implemented with (3) as long as the a prior:
probabilities, P(w;) and the probability distribution of the radar re-
turns for each class, P(X|w;) are known. Since a forehand knowledge
of the relative occurrence of each of the classes is not available, the a
priors probabilities for all classes are assumed to be equal in all of the
images discussed.

For convenience, the decision rule can be rewritten in terms of
a distance measure defined to be the negative logarithm of the total
probability.

X ew; if di(K) < dj()_(-) for all j#£i
&(X) = ~In P(X |w;) P(wi) (4)

The classification is now based on minimum distance rather than max-
imum probability. This process of computing the distance measure for
each class and assigning it to the class that yields the minimum dis-
tance is carried out pixel by pixel until all the pixels of the image
are classified, resulting in a final false color-coded image. Likewise, the
four-look classification is achieved by comparing the averaged distance
measures over every four pixels in azimuth and classifying these four
pixels into the class with minimum distance.
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a.2 Fully polarimetric classification

For the unnormalized data, the polarimetric feature vector recor-
ded by the SAR is defined to be of the form given by (1). As for the
probability distribution of the radar returns, it is assumed that the in-
phase and quadrature components of the feature vector X have equal
variance and are independent zero-mean Gaussian distribution. Based
upon the assumption made, the joint probability density function for
the feature vector X is a multivariate complex Gaussian distribution
[Urkowitz, 1980). Therefore, its corresponding conditional PDF for the
m-th class will be of the form

P(X|m) = ;3—]_’6_—1- exp {—_f+ . ﬁmvl . 5(.} (5)

where C = (X T}[Am is a 3 by 3 complex covariance matrix of the
zero-mean polarimetric data, i.e., < X > |4,, = 0. A, represents the
training area for the m-th class over which the covariance matrix is
spatially averaged, as shown in Fig. 6.1. From the indicated regions
the three covariance matrices are obtained which correspond to the
three classes: ocean, urban, and park, considered in this image.

From the definition given in (4), the distance measure correspond-
ing to the fully polarimetric classification can easily be obtained from
the probability function in (5). Thus, the distance measure for the m-th
class can be written as

(@) =X T X+l [Cn|-[Bs(m)]  (6)

Any term of the distance measure that is not a function of m has been
dropped since they do not contribute to the classification. In (6), it can
be seen that the covariance matrix, which is obtained from the training
regions, serves as a linear weighting vector for the polarimetric return
power which optimizes classification.

Four-look Classification based on this distance measure (6) for
classification is shown in Fig. 6.2, where the three classes: ocean, urban,
and park are represented by the colors: blue, red, and green, respec-
tively. Single-look classification is also implemented with the probabil-
ity of error summarized in Table 6.1. Even with impure training regions
for the park and urban classes, as can be seen in Fig. 6.1, classification



6.2 Supervised and Unsupervised Classifications 335

Figure 6.1 Training regions for the three classes: ocean, park, and urban
selected from the San Francisco Bay area image to compute covariance
matrices for supervised Bayes classification.

using the fully polarimetric information was able to correctly classify
a large portion of the terrain components. This classifier was able to
identify the tree-lined boulevards of San Francisco and even locate the
small lakes within the Golden Gate Park. However, the upper right-
hand region of the image was misclassified as urban region, though it
should have been classified as ocean. This is due to the higher backscat-
ter from the ocean surface in that region as can be seen in Fig. 6.1.
One possible reason for this higher return is a smaller angle of inci-
dence (closer to normal) in this region. This problem can be corrected
by implementing a normalization technique which is presented next.
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Figure 6.2 Supervised Bayes classification of San Francisco Bay area
based on fully polarimetric data [see color plate 6.1].

a.8 Normalized polarimetric classification

When the absolute backscattered power is uncertain, classification
can be based on a normalized feature vector given as

HH

X 1

Z=—_|HV (7a)
N Nlyy

N = |HHP + |HV] +|VV]? (7b)

It has been shown that the classification scheme based on normalized
polarimetric data is independent of the normalization function. This
holds provided that the PDF of the normalized polarimetric data is
derived from the same assumption used to derive the PDF of the un-
normalized data [ Yueh et al., 1988].

A spherical transformation can be used for the Euclidean norm
given in (7b) to derive the PDF of the normalized polarimetric data
[Yuek et al., 1988]. Assuming that the probability density for the un-
normalized data is a multivariate complex Gaussian distribution, the
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Figure 6.8 Bayes classification of San Francisco Bay area using normal-
ized polarimetric data [see color plate 6.2].

PDF for the normalized data, written in terms of the new normalized
quantities 8 and ¢ is

3 —t = -1 -3
cosdsingcosfsin®d [ X -C,n, X
P(0,¢’ ¢hhs ¢h1n ¢vv|m) = ¢ ¢= N2
~[e
(8)
where
0 =cos™! (lVTVl) (9a)
_ o1 |HV]
#= v (1) (9b)

From (8), the new distance measure for the normalized polarimet-
ric case is then easily shown to be as follows

dm = —In[P,(m)] +1n|—6—,,.| +3In (7* Om 7) (10)
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Note that classification performance is independent of the normaliza-
tion scheme since the normalization factor does not appear in the above
expression.

By using the new distance measure given in (10), the same San
Francisco Bay SAR image is classified into the ocean, urban, and park
regions as shown in Fig. 6.3 for four-look classification. Again, it is
assumed that the a priori probabilities of each class are equal. Note
that the upper right-hand region of the image is now correctly classi-
fied as ocean. The result shown in Fig. 6.3 clearly indicates that the
normalized polarimetric classification can be quite useful in regions
where the absolute return is uncertain. However, it is observed that
the performance in the urban-park region has been degraded. This is
not surprising since the absolute levels of the radar returns are not
used by this classifier.

The classification procedures were applied to another SAR im-
age from a forested region near Traverse City, Michigan. This image
was classified into regions consisting of corn fields, forest, lakes, and
agricultural fields which are color-coded red, green, blue, and yellow,
respectively. The training regions for these four classes are shown in
Fig. 6.4, and the classified images for the fully polarimetric and normal-
ized polarimetric classifiers are shown in Figs. 6.5 and 6.6, respectively.
Note that these images are obtained using the four-look classification
scheme described at the beginning of section 6.2. The classified images
clearly indicate that the fully polarimetric result is much better than
the normalized classification, unlike the San Francisco images, since
there were no large misclassifications due to unusually high returns in
the Traverse City fully polarimetric image.

a.4 Simple feature classification

Instead of using the fully polarimetric information, specific fea-
tures can be isolated for classification by deriving the appropriate prob-
ability density functions. The results will then indicate the strong and
weak voints of each feature in the classification of earth terrain. To
derive the classification procedures for simple features, the following
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Figure 6.4 Training regions selected for the four classes: corn, fields,
lake, and trees selected from the Traverse City, Michigan area image to
compute covariance matrices for supervised Bayes classification.

general form of the polarimetric covariance matrix is assumed
1 Bm+/€m Pm/Tm
Cm=0m| Bire em €my/ITmém (11)
PmVIm &/ Tmem  Ym

where
Om =< |HH|®> > |4, (12a)
em =< |HV[* > |4./0m (12b)
Tm =< |[VV|2 > |4,./Om (12¢)
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< HHVV* > |4,

pm Om+/Tm

_ < HH HV* > |4, _ .
po= SHEEV 2 e g fesplida] (120

= |om]exp [wpm] (124)

_<HVVV*>|a,
am,/em'ym

The parameters p, 8, and { are the complex correlation coefficients
between the polarimetric channels, v is the ratio of average VV power
to the average H H power, and e is the depolarization ratio within the
training region. From the multivariate Gaussian distribution assump-
tion, the probability density functions corresponding to each simple
feature can be derived.

For classification based solely on the absolute amplitude such as
|HH|, |HV|, and |V V|, the Rayleigh distribution is applied [Kong et
al., 1988].

= |€m | exp (i) (12f)

€m

_yY:] (13)

where o, = 0, for Y = |HH|, 0y, = omen, for Y = |[HV|, and
Oy, = OmYm for Y = |VV|.

Figure 6.7 illustrates the four-look classification based on the mag-
nitude of the HH return for the San Francisco Bay area image. Al-
though the performance is worse than that of the fully polarimetric
classification, this feature yielded the best overall performance among
the simple features considered. It should be noted that the same mis-
classification in the upper right-hand region occurred as was the case
for the fully polarimetric image. This problem can be corrected by con-
sidering classification schemes based on normalized features such as the
phase difference between receiver channels and normalized amplitude
ratios.

To examine classification performance using simple normalized
features, the PDFs for the magnitude ratios |VV|/|HH| and |HV|/
| H H| need to be derived. It can be shown for the ratior = |VV| / |HH|
that the PDF is [Kong et al., 1988; Kriegler et al., 1971]

r(Ym + "2)
7Y — B o T

By replacing |p,,| with |3, and v, with e,,, respectively, this ex-
pression is transformed into, the probability density for the ratio r =

P(Y|m) = :—Y exp [
Ym

P(rlm) = 27m(1 - |Pm|2) [(7m (14)
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Figure 6.5 Supervised Bayes classification of Traverse City, Michigan
using fully polarimetric data [see color plate 6.3].

|HV|/|HH]|.

The |HV|/|H H| four-look classified image (Fig. 6.8) shows many
interesting features. For instance, if observed carefully, the trees lining
the large boulevards of San Francisco can be seen. Trees in the other
parts of the image are classified well, although the classifier had some
difficulty separating the urban and ocean regions. The results indicate
that the depolarization ratio is a good discriminate for identifying trees.
Also, the essential character of this image resembles the coefficient of
variation image [van Zyl et al., 1987] obtained by displaying, in grey-
levels, the ratio of the minimum to maximum co-polarized power.

The PDF of the phase difference between HH and V'V returns is
found by integrating the joint Gaussian PDF for the fully polarimetric
data over the amplitudes and the phase of the HV return, ¢p,. It is
given as [Kong et al., 1988]

P(¢|m) = (1 - |pml2) (1 — x?n)l/z + Xm(w — cos—1 X'm)

27 (1 - x2,)3/2 (15)
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Figure 6.6 Supervised Bayes classification of Traverse City, Michigan
using normalized polarimetric data [see color plate 6.4].

where

¢ = Prn — oo (163)
Xm = |pm|cos(¢ — Dom) (16b)

This PDF can be modified to handle the phase difference between HH
and HV, in addition to phase difference between HV and VV returns
by using the transformation |pm| — |Bml|, @p.. — Pp.. for ¢ = dpn—Pho
and |pm| = [éml, Pp — @¢,. fOr ¢ = Pry — Pyy Tesponses, respectively.

Four-look classification based on the phase difference between the
HH and VV channels is shown in Fig. 6.9. The performance in the
ocean is very good, whereas the results in the urban-park region are
clearly worse than that of the |H H| classified image. Class distinction
in this image can be improved, especially in the urban-park region,
by preserving the grey-levels of the |H H| image when color coding.
The result is shown in Fig. 6.10. The performance is much better now
since, in a sense, classification is based on both the magnitude and
phase information.
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Figure 8.7 Supervised Bayes classification of San Francisco Bay area
using |H H| amplitude information only [see color plate 6.5].

b. Unsupervised Classification Procedure

The unsupervised classification procedure utilizes a somewhat
simpler approach than the Bayes procedure described previously. This
classification technique is based on comparing the general properties
of the Stokes parameters of the scattered wave to that of some simple
scattering models. The algorithm classifies scatterers based on the rela-
tionship between the orientation angles and handedness of the transmit
polarization ellipse to the corresponding parameters of the scattered
wave for every transmit polarization ellipse.

For example, a slightly rough dielectric surface scattering model
[Rice, 1951] predicts that the measured HH and VV signals will be
in-phase, and the orientation angle of the scattered wave polarization
ellipse increases as the orientation angle of the transmitted wave po-
larization ellipse increases and decreases as the orientation angle of
the transmitted wave polarization ellipse decreases; i.e., the orienta-
tion angle of the scattered wave polarization ellipse tracks that of the
transmitted . wave polarization ellipse. However, the handedness of the
scattered wave polarization will be opposite to that of the transmit-
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Figure 6.8 Supervised Bayes classification of San Francisco Bay area
using magnitude ratio |HV|/|H H| [see color plate 6.6].

ted wave polarization; for example, a left-handed elliptical transmitted
polarization will be returned as a right-handed elliptical polarization.

A dihedral corner reflector, on the other hand, exhibits a double
bounce geometry [van Zyl et al., 1987], resulting in a 180° phase dif-
ference between the measured HH and V'V signals. In this case, the
orientation angle of the scattered wave polarization ellipse decreases as
the orientation angle of the transmitted wave polarization ellipse in-
creases and increases as the orientation angle of the transmitted wave
polarization ellipse decreases. The handedness of the scattered wave
polarization in this case is the same as that of the transmitted wave
polarization.

For areas which exhibit multiple interactions, we have observed a
different behavior. As in the case of a slightly rough dielectric surface,
the orientation angle of the scattered wave tracks that of the transmit-
ted wave polarization ellipse. The handedness of the scattered wave,
however, is the same as that of the transmitted wave polarization which
is more consistent with a double bounce mechanism. This behavior can
also be generated by a class of vegetation models [Richards et al., 1987;
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Figure 6.9 Supervised Bayes classification of San Francisco Bay area
using phase difference ¢n) — ¢y [see color plate 8.7].

van Zyl et al., 1987] or a rough surface partially covered with blocky
boulders [van Zyl et al., 1987).

The unsupervised algorithm classifies each pixel of the image by
comparing its polarimetric properties to the various models for selected
transmitting polarization states. It then assigns the pixel to the class
which exhibits similar scattering properties as one of these models. If
the pixel does not exhibit polarimetric properties consistent with that
predicted by any one of the three models, it is labelled as unable to
be classified. The classification algorithm produces a false color-coded
image as output, The color assignments are as follows: pixels having
scattering characteristics consistent with the rough surface model are
color-coded blue; those similar to the dihedral corner reflector model
are color-coded red; diffusely scattering areas are color-coded green;
and pixels that do not exhibit any of the models’ scattering character-
istics are color-coded yellow. Notice that this classification algorithm
does not use training areas, and hence the terminology, unsupervised
classification.

For the four-look unsupervised classification, the averaged Mueller
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Figure 6.10 Supervised Bayes classification of San Francisco Bay area
using phase difference ¢pn3 — @y, color-coded by incorporating grey-levels
of the |H H| return power [see color plate 6.8].

_matrices of every four pixels are classified based on the single-look clas-
sification procedure. Figure 6.11 shows the classified image of the San
Francisco Bay area when the four-look unsupervised classification pro-
cedure was applied. As was the case in Fig. 6.10 for classification based
on the phase difference, the intensity of the H H return power is pre-
served when color-coding. It is clear that, in general, pixels in the ocean
area were correctly classified as being consistent with the rough sur-
face model; while most pixels in the urban, as well as the lighthouse in
the ocean (visible off the northwest corner of San Francisco), were cor-
rectly classified as being similar to the dihedral corner reflector model.
Most of the pixels in Golden Gate park and other tree-covered parts of
the city, including the wider tree-lined streets, were classified as being
similar to areas with a large amount of diffuse scattering, as predicted
by the forested areas model. Notice the urban area which shows up
as a green triangle on the right-hand part of the image. Even though
there are very few trees in this part of San Francisco, the algorithm
classified this urban area as exhibiting a large amount of diffuse scat-
tering. The explanation for this lies in the fact that the streets in this
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Figure 6.11 Unsupervised classification based on simple models of San
Francisco Bay area incorporating grey-levels of the |H H| return power
[see color plate 6.9}].

part of the city are at an angle of about 45° with respect to the radar
look direction, which leads to a scattering mechanism similar to that
described for a rough surface partially covered with blocky boulders.
The unsupervised classification algorithm was also applied to the
Traverse City, Michigan data previously discussed. This area consists
of forested areas, agricultural fields, and lakes. The results of the four-
look unsupervised classification algorithm, when applied to this image,
are shown in Fig. 6.12. All the lakes are correctly classified as areas
which have polarization characteristics similar to those predicted by
slightly rough surface scattering, while the forested areas are classified
as exhibiting a large amount of diffuse scattering. Most of the agricul-
tural fields are classified as having polarization characteristics similar
to those predicted by the slightly rough surface model. Notice that the
far-range shores of the lakes are classified as double bounce reflectors,
which is due to scattering off the lake surface into the trees on the shore
and back to the radar or vice versa. Also notice that some of the agri-
cultural fields (for example the ones denoted (1) and (2) in Fig. 6.12)
are classified as a combination of single and double reflections.) Most
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Figure 6.12 Unsupervised classification based on simple models of Tra~
verse City, Michigan incorporating grey-levels of the |H H| return power
[see color plate 6.10].

of these fields are corn fields. Corn fields exhibit phase differences be-
tween the HH and VV signals which may be appreciably different
from the 0° predicted by the slightly rough surface model or the 180°
predicted by the dihedral corner reflector model. The area labeled (3)
in Fig. 6.12 is classified as exhibiting double reflections. This area con-
sists mostly of trunks of dead trees standing on water-saturated ground
resulting in a strong doubly reflected component in the return signal.
This example shows that in some cases even this simple classification
algorithm is capable of distinguishing between scattering by healthy
forests and areas where the trees are dead.

c. Classification Error Analysis

In order to quantitatively assess the relative performance of the
classifiers discussed, the probability of error is computed by taking the
training regions as absolute ground truth and counting the misclassifi-
cation within those regions. Table 6.1 shows the results of this analysis
for the single-look classification of the fully polarimetric image of the
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San Francisco Bay area. The probability of error shown in the last col-
umn is obtained by dividing the total number of misclassifications by
the total number of pixels in each training region. Then the average
probability of error is computed by averaging the three probabilities
obtained for each class. In the same way, the results for the four-look
classification are shown in Table 6.2 (Note that the total number of
pixels is reduced by a factor of four as a result of the four-look averag-
ing.) Carrying out this procedure for each of the features considered,
we obtain the numbers compiled in Table 6.3. For the unsupervised
technique, two different probabilities of error are computed depend-
ing on how the unclassified pixels are accounted for. In case (a), the
unclassified pixels were ignored and not included when computing the
error; whereas in case (b), the unclassified pixels were counted with
the misclassified pixels. The numbers show that the fully polarimet-
ric classification gives the optimal result. The phase difference Bayes
classification and the unsupervised classification, which are both two
feature classifications, gave similar performance. It should be noted
that this may not be the most accurate way of comparing the unsuper-
vised and supervised classifications since the unsupervised technique
did not make use of the information contained in the training regions.
However, comparison among the supervised classification gives a good
measure of the relative performance for each feature; although in the
absolute sense, the probability of error may be higher since the train-
ing regions may not be pure according to real ground truth. A much
better comparison would be to calculate the probability of error over
the entire image with respect to the actual pixel by pixel ground truth
at the time of the measurement; however, no such information was
available.

Classified Urban Park Ocean Perror
Training
Urban 32391 29044 581 0.478
Park 5150 39512 2802 0.168
Ocean 43 1361 60548 0.023

AVg. Peror = .223

Table 6.1 Single-look classification errors and probability of errors ob-
tained for the fully polarimetric San Francisco image by counting the
misclassification within each training region assumed to be of a single
class.
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d. Summary

Two methods for classifying fully polarimetric SAR data, i.e., su-
pervised Bayes classification and an unsupervised classification tech-
nique, have been presented and applied to the SAR images of the San
Francisco Bay area and a forested area near Traverse City, Michigan.
Both techniques can be utilized to full advantage by employing the
most appropriate algorithm for a particular application. When accu-
rm training data are available, Bayesian classification will yield opti-

x;ml results; whereas in the case where ground truth is not well known,
“unsupervised classification will be useful. In either case, the need for
photointerpretation is minimized by employing these polarimetric ter-
rain classification algorithms.

Classified Urban Park Ocean Poror
Training
Urban 9477 6027 0 0.389
Park 975 10823 102 0.095
Ocean 24 208 15256 0.015

Avg. Perror = .165

Table 6.2 Four-look classification errors and probability of errors ob-
tained for the fully polarimetric San Francisco image by counting the
misclassification within each training region assumed to be of a single

class.
Feature Avg. Perror Avg. Perror
(Single-look) (Four-look)
Fully Polarimetric 0.223 0.165
Normalized Polarimetric 0.301 0.183
Magnitude of |HH| 0.383 0.270
Phase Difference ¢pp — ¢yy 0.415 0.312
Simple Models (a) 0.437 0.342
Magnitude Ratio |[HV|/|HH| 0.529 0.366
Simple Models (b) 0.516 0.394

Table 6.8 Average Probability of Errors for the supervised and unsu-
pervised classification of San Francisco Images. Fully polarimetric Bayes
classification gives the minimum probability of error.
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8.3 Maximum Contrast Enhancement

In this section a systematic approach is presented for obtaining
the optimal polarimetric matched filter, i.e., that filter which produces
maximum contrast between two scattering classes. The contrast ratio
is defined as a function of a linear weighting vector (polarization filter)
and the polarimetric covariance matrices of the two classes. To exhibit
the physical significance of this filter, it is transformed into its asso-
ciated transmitting and receiving polarization states, written in terms
of horizontal and vertical vector components.

In section 6.3a, the polarimetric matched filter and the contrast
ratio are defined. The method for achieving maximum contrast between
classes, as well as a closed form solution to this problem for the case in
which the polarimetric covariance matrices contain four zero elements
is considered in section 6.3b. The maximization procedure involves
solving an eigenvalue problem where the eigenvector corresponding to
the maximum contrast ratio is the optimal polarimetric matched filter.
It is then shown how to realize the polarimetric matched filter in terms
of an equivalent transmitting and receiving polarization pair. In section
6.3c, for the special case where the transmitting polarization is fixed,
the receiving polarization which maximizes the contrast ratio is also
obtained. Discussion of the results obtained using optimal polarimetric
matched filtering is the scope of section 6.3d. Polarimetric filtering is
applied to SAR images obtained from the Jet Propulsion Laboratory.
It is shown, both numerically and through the use of radar imagery,
that maximum image contrast can be realized when data are processed
with the optimal polarimetric matched filter.

a. Polarimetric Maiched Filter and Contrast Ratio

Assume that two classes of statistically distributed scattering
types exist. Each class is represented by a covariance matrix of the

form ?,- = FE [f -X_f] _where j = a,b represents class A and class B

scatterers, respectivel;. Here E[-] denotes the expected value and su-
perscript {, the complex conjugate transpose operation. For the case
of electromagnetic waves which are backscattered from a reciprocal
media, HV = V H. Therefore, the polarimetric feature vector, X, is
expressed in a horizontal-vertical polarization basis as (1) [Kong et al.,
1988].
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The objective is to find the best linear weighting vector or polari-
metric matched filter for processing an observed polarimetric feature
vector; that is, the linear combination

Y=WX (17)
where w
, hh
W= | Wh (18)
W‘U‘U

which provides the maximum contrast ratio, r, between the two re-
spective classes (class A and class B). The maximum contrast ratio is

defined as

r = MAX {MAXW(rab) ,MAXW(r,,.,)} (19)
where
._1= JR—
ray = Lo W (20a)
W Cy W
_.t= —
=t W (20b)
W'C. W

Note that from a physical point of view, the elements of the vector
W in (17) are linear weighting coefficients which adjust the ampli-
tude and phase of the polarimetric radar measurements. In (20a), the
term r,, denotes the contrast ratio of class A with respect to class
B scatterers. The contrast ratio of class B with respect to class A
scattering elements is expressed in (20b) as ry,. The symbol MAX{-}
signifies the maximum value of the argument, i.e., either rg; or rpg in
this case, whereas MAXy7 (rq3) indicates that a linear weighting vector
W has been obtained which maximizes r,, independently of ry,, and
MAXy7 (r5e) implies that a different linear weighting vector has been
found which maximizes 7y, independently of rq;. Also, the numerator
and denominator in (20a) and (20b) are obtained from (17) by taking
the expected value of the return power from each class.

To demonstrate that the polarimetric matched filter, W, directly
corresponds to specific transmitting and receiving polarizations, we
express (17) in terms of a monostatic reciprocal scattering matrix as
HH HV] [Ht]

(21)

v-1m vl |5y o] %
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in which the values H; and V; , H, and V, represent the horizontal and
vertical vector components of the transmitting and receiving polariza-
tion state, respectively. Also, without loss of generality, it is assumed
that

|Hel* + |Vl* = 1 (22a)
B+ [V =1 (22b)
Equating (17) and (21) yields
H\V, + V;H, = W}, (23b)
ViV, = W, (23¢)

Thus, given a general linear weighting vector, W, its corresponding
polarization state components, H;, V;, H,, and V,, can be completely
specified through (23). This will be shown in section 6.3b.

Note that (21) indicates the transmitting and receiving polariza-
tion vectors are reciprocal, i.e., the terms H; and V; can be interchanged
with H, and V, without altering the measurement, Y. Therefore, in
the case of reciprocal backscattering, the same contrast ratio will be
obtained if the transmitting and receiving polarization vectors are ex-
changed.

b. Optimal Polarimetric Matched Filter Required to Obtain Maz-
imum Contrast Between Two Scattering Classes

b.1 Solution of optimal polarimetric matched filter

In order to compute the optimal polarimetric matched filter, (20a)
and (20b) must be maximized. The linear weighting vector which corre-
sponds to the maximum contrast ratio, shown in (19), will be denoted
as the optimal polarimetric matched filter. The maximization proce-
dure makes use of the Lagrange multiplier technique. Details of this
procedure were outlined by Cadzow [1980], although the steps will be
repeated here for completeness. For example, in order to maximize r,,
in (20a),

MAX {‘W" Ca W} (24)
is determined under an arbitrary constraint

WiC, W=1 (25)
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This reformulation is possible, without loss of generality, since the lin-
ear weighting vector can be multiplied by any arbitrary complex con-
stant without affecting the contrast ratio. The solution to this con-
strained maximization problem is obtained by making use of the La-
grange multiplier concept, which reflects the constraint shown in (25).
Its solution will be a stationary point of the auxiliary functional

fW)=W'C.F+A[1-W7'C, w| (26)

in which A is a scalar valued Lagrange multiplier. Specifically, the sta-
tionary points of this auxiliary functional are found first by represent-
ing the generally complex vector W in terms of its real and imaginary
components, as W g + i W. Then, taking the gradient of the auxiliary
functional with respect to W and W, setting the resulting equations
equal to zero, i.e.,

6f(W) _

wa = (272)

W) _ (27b)
oW

yields the necessary condition for a maxima or minima to occur. Car-
rying out (27a) and (27b) leads to the eigenvalue equation

C.W =AC,W (28)

Note that the eigenvalue (Lagrange multiplier) A, in (28), is the con-
trast ratio 7, given by (20a), whereas 1/ signifies the contrast ratio
ba Shown in (20b). Since the objective is to determine the maximum
contrast ratio between classes, the values of the maximum and the re-
ciprocal of the minimum eigenvalue must be compared and the larger
of the two selected. The eigenvector which corresponds to this maxima
is the optimal polarimetric matched filter that should be employed to
process the radar polarimetry. Note that it is not required to maximize
both (20a) and (20b). By extremizing (20a) then selecting the largest
of either the maximum eigenvalue or the reciprocal of the minimum
eigenvalue, both (20a) and (20b) have been simultaneously maximized.

In the event that the eigenvalues of (28) are degenerate, there will
exist no preferred polarization basis for which the expected power re-
turn of two objects can be separated. Assuming then, that the contrast
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ratios are not degenerate, the optimal polarimetric matched filter, w,
is interpreted to be the equivalent transmitting and receiving polariza-
tion state which a radar can utilize in order to detect the maximum
contrast, or separation in average intensity, between classes.

The contrast optimization approach used for the case of a monos-
tatic radar also can be applied to a polarimetric bistatic radar. Taking
into account the fact that for bistatic scattering HV # VH when
defining X and W in (1) and (17), leads to 4x4 polarimetric covari-
ance matrices which characterize the scattering classes. Then applying
exactly the same method of solution yields the transmitting and re-
ceiving polarization state that maximizes contrast between scattering
classes.

Once the optimal polarimetric matched filter is obtained, the cor-
responding transmitting and receiving polarization state can be calcu-
lated. Without loss of generality, the case when Wpy, is not equal to
zero will be shown. From (22) and (23), it is found that

2 -1/2
Wi, £ /(Wi ) — 4(WinWo)*
H, = || WtV h;I)V‘ WonWou)" |, 4 (29a)
hh
W} Wi )2 — A(WhnWeo)*®
W:Ht.[ o £ Y/ hé,‘)V' (Whs )] (29b)
. hh
T *
Hr = E . Whh (296)
* * V2 _ 4 *
v:. — L R [Whv + '\/(Whv) (Wth"”) ] (29d)
H, 2
where 1
o (30
L= |W;:h|2 (31a)
2
Wi Wi )2 — A(WhnWe)*
=14 | VRV ";I),V, (WinWov) (31b)
hh
2
W} Wi, )2 — 4(WrnWoo)*
=1+ hv:t\/( h;gv‘ ( hh ) (31(:)
hh
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The absolute intensity value, I, is given by
=5t = 2

I=|rW'X| (32)

where 7 is the amplitude normalization constant given in (30).

The observed sign change in (29), i.e., + or F, indicates the reci-
procity of the transmitting and receiving polarization state, as pre-
viously mentioned. Also, the resulting transmitting and receiving po-
larization state is independent of any multiplicative constant effecting
the matched filter. This is necessary since the general complex eigen-
vector solution to (28) can vary by a multiplicative complex constant;
however, the resulting polarization state remains unaffected since this
constant can be factored out.

Finally, a comparison between the methods for contrast enhance-
ment presented in this chapter versus that originally proposed by Joan-
nidis and Hammers [1979] is in order. In their method, the target-to-
clutter ratio was maximized to determine the optimal transmitting
and receiving antenna Stokes polarization vectors. The Ioannidis and
Hammers’method requires the use of three constraints in order to solve
the maximization problem. One is similar to (25) in that it constrains
the denominator of the target-to-clutter ratio to be equal to an arbi-
trary constant. The other two constrain the transmitting and receiving
vectors to be antenna Stokes polarization vectors. This results in com-
plex expressions which specify the optimal transmitting and receiving
polarization state. In addition, they do not obtain the matched filter
which corresponds to the optimal transmitting and receiving polar-
ization state. When using Cadzow’s method, only one constraint (25)
is needed to solve for the optimal polarimetric matched filter. In this
case, the maximization procedure only requires solving the eigenvalue
problem shown in (28). It should be pointed out that both methods
yield identical results when polarimetric target and clutter classes are
prespecified. '

The major difference between these two techniques is that Joanni-
dis and Hammers’ method dealt with the specific problem of maximiz-
ing the target-to-clutter ratio by determining the optimal transmit-
ting and receiving antenna Stokes polarization vectors, whereas the
matched filtering approach used in this chapter can be applied to a
more general class of problems. That is, Cadzow’s procedure extends
to multichannel, multifrequency sensor data. Polarimetric contrast en-
hancement is considered here as a special case.
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b.2 Solution for the case of a covariance matriz with four zero
elements

Thus far, the most general form of the polarimetric covariance
matrix has been assumed, which is

1 Bi/G  Pi/T
Ci=0i|BvEG & &iyaT; (33)
PiVTi  &G\/ETE v5

where j = a,b represents the class A and class B parameters, respec-
tively, and

0= Ohh (34a)
e=0op/o (34b)
Y = Op /0 (34c¢)

, - EIHH-VV']

T = lolexp(idy) (344)
B = E[Hf—\/f"] = 18] exp(ids) (34e)
¢= ZEV- YV o expise) (34f)

o./ey

Here, the values opp, opy, and o, denote the normalized backscatter
cross section per unit area of the HH, HV, and V'V returns [Kong et
al., 1988).

It has been rigorously shown using the random medium model
[Borgeaud et al., 1987], that when each of the two scattering classes
can be modeled as a uniform terrain cover, no average correlation ex-
ists between HH and HV returns, or between VV and HV returns.
Therefore, the variables 8 and £, in (14), are both equal to zero; and
the polarimetric covariance matrices contain four zero elements. This
implies that the terrain exhibits azimuthal symmetry from a statisti-
cal point of view. It should be pointed out that this effect has been
experimentally observed at various sites by MIT Lincoln Laboratory
in their polarimetric measurements at 35 GHz [Borgeaud et al., 1987]
(see Table 6.5). In this case, the polarimetric covariance matrix can be
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expressed as

L0 p7;
Ci=aj| 0 ¢ 0 (35)
VT 0

A closed form solution to the general eigenvalue problem in (28),
based on the covariance matrix in (35), is presented in the following.

First, the eigenvalues for the matrix Cb C are determined. They can
be expressed as

€a0,
Al = ;l-,?b (363)
L
A2z = 2
2057 (1 - lpblz)
[Ya + 7 — 2/ 767a |pal |pb] cos (65, — Bp;) ]
' 2
x| | [re+m—2vATaloal los] cos (4. - ¢n)]
+
— 4723 (1= 1) (1= Ipal?)
(36b)
Their corresponding eigenvectors are given as
. 0
Al hand W1 = 1 (378.)
0
. 1
Az,s - W2,3 = 0 (37b)
T2

where

[Ya =Y — 12 v/T67a |Pal |pb] sin (6, — ¢py)

[76 + Ya = 2/767a |Pal || cos (6, — ¢m)] ’

i —47am (1 - Iml’) (1 ~ Ipalz) |
Taa= 2 (16y/TaPa — Yar/ToPs) 3%

+
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As in the case of the generalized solution, the eigenvector corre-
sponding to the maximum of either the largest or the reciprocal of the
smallest eigenvalue in (36) will produce maximum contrast between the
two classes. Therefore, this eigenvector will be the optimal polarimet-
ric matched filter which should be utilized to process the polarimetric
feature vector.

¢. The Optimal Receiving Polarization State for a Fized Trans-
mitling Polarization '

If presented with a situation where the radar transmitting po-
larization state is fixed, an optimal receiving polarization state can
be determined which maximizes the contrast between the two classes.
This problem arises in the case of radar systems which are not fully po-
larimetric, i.e., they transmit using only a single polarization, say hor-
izontal, but receive the principle and cross-polarization components of
the scattered response, say the horizontal and vertical returns. Apply-
ing the following technique will indicate how to coherently combine the
horizontal and vertical returns such that the contrast between classes
is maximized.

Assume that the values H; and V; are known and that the require-
ment shown in (22a) is satisfied. Thus, from (23), W may be written

as
— (HtHr)‘ -Ht* 0 : H’ -
W= @y way | = | o8| (] =cR
(‘/g":-). 0 ‘Q‘ r
Substituting (39) for W in (20a) gives
t =
R Za .R .
Pap = = 40
* ﬁ Zy R (40)
where
Z.=(1C. ¢ (41a)
» ?5 = Ct —E‘b ¢ (41b)

Since ?a and 7;, are hermitian symmetric, positive semidefinite ma-
trices, (40) can be extremized as in the previous section to obtain the
generalized eigenvalue problem

Z.E=\AZs R (42)
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\’/

Figure 6.13 Generalized elliptic polarization state.

Once R is obtainéd, it should be normalized so that (22b) holds. Ap-
plication of the transform given in (39) will yield W.

d. Results and Discussion

In order to present the optimal polarimetric matched filtering re-
sults in a compact format, orientation (1) and ellipticity (x) angles
(Fig. 6.13) are utilized to express the transmitting and receiving po-
larization states. Here, the definitions from Kong [1986] are adopted.
Therefore, horizontal (H) and vertical (V) polarization states will have
zero degree ellipticity angles, with orientation angles of 0° and 90°.
Right (R) and left (L) polarization states are orientation indepen-
dent with ellipticity angles of 45° and —45°, respectively. In addition,
0° < 9 < 180° and —45° < x < 45°.

A general polarization vector,

P=[2]- (RIS “

written in terms of horizontal (k) and vertical (#) vector components,
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can be transformed into a normalized Stokes vector as follows

So |Pul” + | P 1

S Py|* - |P, cos 2 cos 2

S; = 2|}I;;,Il [P,,Ilc:;ls¢ = (IRf* +|R.[) cos 2§ sin2:f (44)
Sa 2 | Pp| | Py sin ¢ sin 2

where ¢ = ¢, — ¢n. Using this equation, the angles ¢ and x are ob-
tained.

Two data bases were utilized to study the contrast problem, uti-
lizing the techniques outlined in the previous sections. Table 6.4 gives
polarimetric covariance statistics extracted from the San Francisco Bay
area, L-band (1.225 GHz) SAR data, collected by the Jet Propulsion
Laboratory’s airborne polarimeter [Zebker et al., 1987]. These covari-
ance statistics were obtained from the urban and park areas shown
in Fig. 6.1 and were utilized to generate the results shown in Tables
6.7, 6.8, and 6.10. Similarly, the experimental polarimetric covariance
data, shown in Table 6.5, were supplied by the MIT Lincoln Labora-
tory [Borgeaud et al., 1987; Kong et al., 1988]. This data, collected at
35 GHz, were used to generate the results presented in Table 6.9. The
MIT Lincoln Laboratory radar imaged a vegetation field consisting of
grass or trees at a range of approximately 2 kilometers. Studies using
this database indicate that essentially no correlation exists between
the HH and HV, and between the HV and V'V polarimetric returns,
i.e., the terrain clutter exhibits azimuthal symmetry.

o(dB)| e v el 1 ¢ [ 1Bl 198 | 1€l | ¢
Urban | -41.7 |0.043 [0.882 [0.281 | -179 |0.640 |-169 |0.356 |18.2
Park | -49.5|0.166 |1.427 |0.145 |-21.8 |0.082 |-131 |0.062 |96.2

Table 6.4 Covariance matrix elements for park and urban (city) regions.
Phase angles are given in degrees.

o(dB) e ¥ lo| ?p
Trees ~13.0 0.06 11 0.74 0.0
Grass —~15.0 0.16 1.2 0.56 0.0

Table 6.8 Covariance matrix elements for a uniform terrain cover con-
sisting of grass and tree regions.
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Next, a comparison is made which evaluates the performance ob-
tained by processing polarimetric radar data using the optimal polari-
metric matched filter versus other commonly used polarization states.
Linear weighting vectors which correspond to commonly used trans-
mitting and receiving polarization states are given in Table 6.6. The
weighting vectors presented in this table were generated using (23a)
through (23c), (43) and (44). These linear weighting vectors are ex-
pressed in a horizontal-vertical polarization basis.

Table 6.7 presents theoretical contrast ratios r,p and rp, obtained
when utilizing the above-mentioned transmitting and receiving polar-
ization states (Table 6.6) as well as the optimal solution. Here, class
A and B scatterers have been defined to denote the park and urban
(city) regions, which were represented by their corresponding covari-
ance matrices, C, and Cj, respectively. As previously discussed, for
reciprocal backscattering the transmitting and receiving polarization
state may be interchanged while maintaining the same contrast ratio.
This is clearly indicated by the HV and V H results and the LR and
RL results. The values r,; and ry,, which denote the maximum and
reciprocal of the minimum eigenvalues found after solving (28), are
expressed in terms of their corresponding orientation and ellipticity
angles, ¥ and x. From Table 6.7 it is seen that the maximum con-
trast ratio between the two selected classes is 9.12 dB. Note that had
only r,; been maximized, a contrast ratio of 0.97 dB would have been
realized. In some cases, though, this may be what is required. If the
problem was only to make the park processed pixel intensity as large
as possible with respect to that of the city, the transmitting and re-
ceiving polarization state corresponding to the average power ratio of
0.97 dB would be the appropriate matched filter which should be used
to process data.

Table 6.8 shows the actual polarimetric contrast enhancement
achieved when processing the radar measurements using the optimal
polarimetric matched filter and various other polarization filters. Since
the contrast ratios for ry,, given in Table 6.7, are larger than those for
Tab, the linear weighting vectors which correspond to the contrast ratios
for ry, have been used to generate the results shown in Table 6.8. Thus,
Table 6.8 contains the actual average processed pixel intensity realized
for each of the two classes (urban and park areas) for both subop-
timal polarization filters, i.e., transmitting and receiving polarization
states which do not provide maximum contrast between classes, and
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the optimal polarimetric matched filter. In comparing the data in this
table, it is seen that the quantitative measure of attainable contrast
is the contrast ratio, which is the linear ratio of (or the logarithmic
distance between) the average pixel intensity for the two respective
classes. In the case of processing data with the optimal polarimetric
matched filter, this distance is maximum. Thus after optimal process-
ing, it is possible to more readily separate the two classes than prior
to it, since the distance between the average value of pixel intensity

Transmitting Receiving Linear Weighting
Polarization Polarization Vector: W
1.0
H H 0.0
0.0
0.0
H v 1.0
m
0.0
14 H 1.0
0.0
0.0
v 1 4 0.0
1.0,
0.5
L L [ ; ]
' —-0.5
0.5
L P [o.o}
0.5
0.5
2 L {o.o]
0.5
0.5
P P [—i]
-0.5

Table 6.6 Commonly utilized transmitting and receiving polarization
states versus their corresponding linear weighting vectors (expressed in
a horizontal-vertical polarization basis).
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Transmitting | Receiving | Contrast Ratio | Contrast Ratio
Polarization | Polarization rqp (dB) T34 (dB)

H H -7.86 7.86
T V 2.00 2.00
Vv H -2.00 2.00
Vv \'4 -5.77 5.77
L L -7.62 7.62
L R -4.78 4.78
R L -4.78 4.78
R R -7.51 7.51
$ =824 | $=171.6
0.97 —0.97
X = 2.25 X = —2.43
$ =235 | ¥=129.5
-9.12 9.12
X = —2.45 ¢ =1.92

Table 6.7 Theoretical contrast ratios between classes when _E_a = Park
and Cp = Urban San Francisco Bay regions, respectively. Orientation and
ellipticity angles are given in degrees. MAXg - (re) = 0.97 dB,
MAXg (T5a) = 9.12 dB, therefore r = 9.12 dB.

Transmitting | Receiving | Urban| Park |Contrast
Polarization | Polarization | Class | Class [ Ratio
(dB) | (dB) (dB)
H H —41.7 | —49.5 7.8
H |4 —55.3 | —-57.3 2.0
v 1% —42.2 | —48.0 5.8
L L —43.5 | —51.2 7.7
L R —46.4 | -51.2 4.8
R R —43.6 | —-51.1 7.5
P =235 ¥ =129.5
—43.8 | —52.9 9.1
x=-245 | x=192

Table 6.8 Actual average pixel intensities and the contrast ratios be-
tween the park and urban San Francisco Bay regions when data were
processed using commonly employed polarization filters and the optimal
polarimetric matched filter.
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Transmitting | Receiving |Contrast Ratio | Contrast Ratio
Polarization | Polarization a3 (dB) r5a (dB)
H H 2.00 —2.00
H v —1.98 1.98
|4 H -1.98 1.98
|4 |4 1.62 —1.62
L L -1.00 1.00
L R 2.28 —2.28
R L 2.28 —2.28
R R -1.00 1.00
¥v=0 ¥ =90
—1.98 1.98
x=0 x=0
Pp~0 Yp~0
2.31 ~2.31
x=-383 | x=383

Table 6.9 Theoretical contrast ratios between classes when trees =
a and grass = b for class A and B scatterers, respectively. Orienta-
tion and ellipticity angles are given in degrees. MAXy- (ra3) = 2.30 dB,
MAXg (75e) = 1.99 dB, therefore r = 2.30 dB.

Transmitting| Receiving | Contrast Ratio
Polarization | Polarization (dB)
$ = 142.1
H 8.21
x = 0.51
% =448
1 4 6.10
x = 0.75
¥ =275
R 7.87
x = 23.1
% = 169.6
L 7.98
x = —23.6
¥ =235 ¥ = 129.5
9.12
x = —2.45 x = 1.92

Table 6.10 Optimal receiving polarization state for a fixed transmitting

polarization state when C, = Park and C, = Urban San Francisco Bay
regions. Orientation and ellipticity angles are given in degrees.
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Figure 6.14 San Francisco Bay area images synthesized using the op-
timal polarimetric matched filter (A), HH (B), VV (C), and HV (D)
polarization filters. The corresponding contrast ratios between the city
and park region were 9.1, 7.8, 5.8, and 2.0 dB, respectively.

has increased between the two classes. Also note that the contrast
ratios, shown in Table 6.8, and those given in Table 6.7 for ry,, are
similar indicating a good match between the theoretical predictions
and the processed results.

A further demonstration of contrast enhancement can be seen vi-
sually by comparing Figs. 6.14A through 6.14D which show San Fran-
cisco Bay area images. This imagery has been synthesized utilizing
some commonly employed linear polarization states, in addition to the
transmitting and receiving polarization state required to produce max-
imum contrast between the park and urban regions. In all four of these
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images, the average processed pixel intensity of the park region was
set to the baseline value, i.e, the minimum quantization level of the
imaging system display, which was —20 dB. The maximum quantized
intensity was —10 dB. By utilizing these quantization limits, some clip-
ping of the higher and lower intensity levels has occurred. This pro-
cedure was implemented to compare more easily the contrast between
images. Figure 6.14A illustrates the result of processing the San Fran-
cisco Bay polarimetry using the optimal polarimetric matched filter.
The contrast ratio obtained between the city and park area, as previ-
ously indicated in Table 6.8, was 9.1 dB. Contrast ratios achieved using
HH (Fig. 6.14B), VV (Fig. 6.14C), and HV (Fig. 6.14D) polarization
filters were only 7.8, 5.8, and 2.0 dB, respectively. As indicated in Table
6.8, utilizing the optimal transmitting and receiving polarization state,
i.e., the optimal polarimetric matched filter, to process data yields the
maximum contrast ratio. Figure 6.14 also shows that the optimal and
HH synthesized images appear somewhat similar; this is due to the
fact that there is only a 1.2 dB difference between their contrast ratios.
However, the optimal polarimetric matched filter always yields a larger
contrast ratio between classes than when any other transmitting and
receiving polarization states are utilized. '

Contrast ratio results, obtained using the MIT Lincoln Labora-
tory data are presented in Table 6.9. As was the case in Table 6.7,
theoretical contrast ratios are given for frequently employed polariza-
tion states as well as for the optimal solution. In this table, the tree
and grass regions have been arbitrarily selected to denote class a and
b scatterers, respectively. The optimal solution again is represented by
its corresponding orientation and ellipticity angles v and x, in which
case the values presented for 7,5 and ry,, shown in Table 6.9, signify
the maximum and reciprocal of the minimum eigenvalues found when
employing the equations shown in (36a) and (36b).

In Table 6.10, the optimal receiving polarization states required to
produce the maximum contrast ratio between classes for various fixed
transmitting polarization states are presented. These results show that
by employing the optimal receiving polarization state, all contrast ra-
tios have increased relative to those shown in Table 6.7 or 6.8. Thus,
for a given transmitting polarization state, synthesizing imagery using
the optimal receiving polarization state always yields a larger contrast
ratio than when any other polarization state is used. However, the
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maximum contrast ratio is achieved only when the optimal transmit-
ting and receiving polarization state is employed.
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