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A Study on Classification of Polarimetric SAR
Image by Target Decomposition and
Support Vector Machines
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Abstract This paper presents a new method for unsupervised classification of terrain types using polarimetric synthetic
aperture radar data. This unsupervised classification combines the target decomposition theory and the support vector
machines. The initial cluster centers are firstly determined by target decomposition advanced by Cloude and Pottier. Then the
pixels near to the cluster centers are selected to train the support vector machines using Wishart distribution. The classified
results are then used to define training sets for the next iteration if necessary. Finally, by the optimal separating hyperplanes
and the kernel method this method obtains extraordinary classification results and neednot much iteration. And the effects of
feature vectors consisted of several polarimetric parameters are discussed in detail.
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type. For unsupervised classification polarimetric SAR

1 Introduction data, Cloude and Pottier proposed an algorithm based
on their target decomposition theory'''. The data are

Polarimetric SAR receives more and more classified in the H/« plane into eight zones when the
attention on account of the large amount of information entropy H measures of randomness of the scattering and
they convey. Omne of the important applications of the angle o characterizes the scattering mechanism.
polarimetric SAR is the classification of the terrain Nevertheless, only two parameters are used,
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polarimetric information is not used completely.
Support vector machines ( SVMs )'?’ have much
attention recently as promising approach to pattern
recognition. SVMs are first introduced to the
supervised polarimetric SAR classification'’’ and then
unsupervised classification *’ by S. Fukuda and H.
Hirosawa. The results are successful, but the
programme of selecting training sets is so complex, and
they cannot expose the targets’ physical scattering
characteristic. For the sake of more effectively use the
polarimetric parameters and select training sets, the
target decomposition theory and the SVMs are
combined in this paper. This combined method begins
with the target decomposition, then classifies the data
by the H/a plane and calculates each cluster center.
The pixels near to cluster center are selected for
training sets. At last we classify the polarimetric
synthetic aperture radar data by SVMs iteratively. DLR
E-SAR L-band images of Oberpfaffenhofen as showed

in Fig. 1 ~ Fig. 3 are used for comparison, Fig. 1 ~

Fig.3 is the Sy, Sy, S,y data respectively. Results
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come from various feature vectors which consist of

several polarimetric parameters and the result of H/« /

Wishart method advanced by Lee”' are compared at
the last.

2 Initial Classification

The target decomposition advanced by Cloude and
Pottier are introduced to obtain initial cluster center.
This decomposition based on the eigenvalue analysis of

the multilook coherency matrix
1 « -
= — k (k. 1
RS WAtS (1)
and k= [Syy +Sww Suw = Swe 28,17 (2)

where the superscript “ % 7 and “T” denote the

complex conjugate and the matrix transpose,
respectively.
Then the coherency matrix ( T ) can be

decomposed as
(T) = e (e )" +r,e,(e; )" +r,e,(e] )"
(3)
where A, and e, are eigenvalues and eigenvectors,
respectively. The eigenvectors can be written as
sina,cosB;e” ]
(4)
Then entropy H and the average of « are

defined as

" ) .
e, = ¢"[cosa;, sina,cosBe”

i

H = Z(—pilogwi) (5)

3
a = zpiai (6)
iz

where
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po= (7)

3
(Z)
The entropy H represe/r;tls the randomness of the
scattering and « stands for the mean

SAR data are then

scattering
mechanism. The polarimetric
projecting onto the H/a plane to be segmented into eight
regions. The eight zones are defined as: Low entropy
surface scattering; Low entropy dipole scattering; Low
entropy mutiple scattering; Medium entropy surface
Medium

scattering ;

Medium

entropy  vegetation  scattering;

entropy mutiple scattering; High entropy

vegetation scattering; High entropy multiple scattering.

where 2, is class m’ s training sets, and d({T),V,)
is the distance between a sample coherency matrix ( 7"
and the cluster center V| based on Wishart distribution
proposed by Lee et al'® as

d({T).V,) =log|Vv, [+u(V,(T)) (10)

m

4 Feature Vector

To compare the polarimetric parameters, various
combinations of these polarimetric parameters are

presented in Tab. 1.

Tab.1 Feature vectors

components of feature vectors

3 Cluster Centers and Training Sets 2 IT ;” ; o
C Ty Ty 2T 3T, 2T, 3T 5
The cluster centers of coherency matrices are D Ty, Ty 5Ty 3Ty 5Ty 3Ty 5 span
defined as E n,1,,T;,; H «
V = E L] (8) F Ty, Ty, Ts; H « span
(T) € o,

where @, is the set of pixels belonging to the mth
class. One pixel (i,j) is selected to be class m’ s
training set only if
d((T),;.v,) <d({T),;.,V,)
{d(<T>w-,Vm) <d({1),,,V,)

(p=1,2,--,Np#m)
((k,D)#=02,) (9)

where T\, , T\, , T, , T,,, T,,, T,, are the
components of matrix (7T, and

span = ‘SHH‘Z +2‘SH\’

e ls, (D)
The classification results of these feature vectors

are showed in Tab.2 ~ Tab.3 and analyzed later.

Tab.2 Mean distance without iterate

Clustel Cluste2 Cluste3 Cluste4 Cluste5 Cluste6 Cluste7 Cluste8
A 21.249 0 15.319 6 15.607 9 12. 050 8 10.915 5 11.746 9 9.630 6 6.824 3
B 20. 538 3 15.594 0 15.662 7 11.505 5 10. 949 4 11.383 1 9.196 2 6.201 7
C 20.635 5 15.071 2 15.075 9 11.799 1 10. 807 3 11.506 3 9.824 1 6.8555
D 20.222 3 15.075 0 15. 140 7 11.449 4 10. 822 8 11.245 5 9.331 1 6.234 3
E 21.106 2 15.323 2 15.609 0 11. 666 3 10. 743 4 11.625 6 9.773 1 7.165 3
F 20. 091 3 15.595 2 15. 662 6 11.143 4 10.573 8 11.342 9 9.384 1 6.7815
G 18.911 2 18.172 4 17.856 7 13.978 3 13.635 9 13.864 7 13.303 1 13. 069 0

Tab.3 Mean distance with two iterate

Clustel Cluste2 Cluste3 Cluste4 ClusteS Cluste6 Cluste7 Cluste8
A 21.338 6 13.299 0 12.540 7 11.3399 9.118 7 10.269 5 7.709 7 4.754 3
B 21.091 1 13.102 9 12.291 9 10.411 5 9.610 0 10. 027 6 7.584 2 4.480 3
C 21.123 5 12.990 1 12.627 1 10.750 8 9.059 7 10. 096 9 7.857 2 4.843 8
D 20.921 0 12.764 1 12.330 0 10.225 9 9.310 3 9.969 8 7.646 9 4.368 0
E 21.1957 13.031 8 12.309 9 10. 620 1 8. 667 6 10. 006 9 7.735 8 5.262 9
F 21.023 7 12.981 5 12.100 8 9.762 9 8.514 7 9.914 2 7.5351 5.029 7
G 24.522 3 31.248 3 18.946 5 15.338 9 11.451 2 15.025 5 11.353 4 7.723 2
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5 Classification Based on SVM

When training sets and feature vectors are
prepared, the SVM can be conducted. For binary
linear classifiers such as SVM, feature vector x is
correctly segmented into both classes by a hyperplane

f(x) =<{w,x) +b, (w e R",b e R) (12)

SVM tries to maximize the margin ( the distance
between the separating hyperplane and training
samples) to find out the optimal w and b. Given
|f(x) || {w,x) +b|= 1, for any training samples,

there is no sample in the gap from {(w,x) + b = 1 to
o 1

(w,x) +b = =1, so the margin is calculated asﬂ,
w

the maximal margin hyperplane is obtained by
minimizing || w||> under the constraints

y.({w,x,) +b) =1 (13)
where y, is the class label. Introducing Lagrange
multipliers o;(1 < i < [,a, = 0) , the problem turns
into looking for the solutions «, that maximize the
objective function

! !

L = ; a; - %Z aia‘/y,.y/(xi ,x/.> (14)

j=1

Subject to

1

Zaiyi =0

=

a, =0 (15)

i

After solving the equation, the decision

function becomes

sgn(f(x)) = sgn( Za,y,<xi,x> + b) (16)

However, since the polarimetric SAR data are not
linearly separable, the soft margin is introduced to
relax the constraints in the learning phase and Gaussian
kernel, which maps the input data into a high-
dimensional space, is applied to instead of the inner
product in Eq. 16.

Since the SVM is a kind of binary classifiers as
mentioned above, we have to cope with the multiclass
some modified schemes. In the following experiments
one class against one method is used to deal with

multiclass problem.

6 Summary of this Method

The proposed unsupervised classification method
begins with the target decomposition, then classifies
the data by the H/« plane and calculates each cluster
center. The pixels near to cluster center are selected
for training sets. At last classify the polarimetric
synthetic aperture radar data by SVM iteratively. The
procedure is presented as follows

(1) Calculate the entropy H , « and cluster the
image by H/« classifier;

(2) Compute the cluster mean V_ ;

(3) Select training sets by Eq.9;

(4) Train the SVM with the training sets;

(5) Classify the whole image by the trained SVM
classifier;

(6 ) Repeat step 2-5 until good classification
result is obtained.

Note that the class number is not fixed to eight, if

the whole imaging is complex, the zones in the H/«a

plane can be divided into more classes.

7 Experiment Results and Analysis

To illustrate the effectiveness, the presented
method is applied to classify a segment of the DLR
E-SAR L-band image of Oberpfaffenhofen as displayed
in Fig. 1 ~ Fig. 4. Fig. 4 is span image, and span
image is much clearer compared to Fig. 1 ~ Fig. 3.
Fig. 5 is the result of the H/a method, the result
cannot be satisfactory by the reason of arbitrary linear
boundaries and only two parameters are used. The
mean distances between cluster center and the points
belong to this cluster calculated by Eq. 10 are used to
show the classification performance. These mean
distances of the classification results without iteration
and with two iterations are given in Tab. 2 ~ Tab. 3,
respectively. According to the two tables, the mean
distances of each cluster using the feature vector A in

tablel are larger than that using the other feature

vectors. It is shown that when only T, , , T, , , T; ,
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Fig. 5 Classification result of H/a method

Fig. 6  Classification result of feature

vector D without iteration

are applied, the results are not as good as expected
since the polarimetric information is not utilized
completely. When H and « are appended as feature
vector E in tablel, the mean distances of each cluster
don not improve obviously as shown in Tab.2 ~ Tab. 3,
since H and o are tiny relative to T, , T, , and T ; .

The improvement is obvious when T, , , T\, and T, , ,
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Fig.7 Classification result of feature vector D with two iteration
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Fig.8 Classification result of H/« /Wishart method with two iteration
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Fig.9 Classification result of H/ a /Wishart

method with four iteration

which are comparable to T, | , T, , and T; ; , are added
as feature vector C in Tab. 1. While span added, the
results using the feature vector B , D , F are improved
greatly compare to that using feature vector A , C , E
respectively, it means that span is a very important
parameter for classification. The mean distances of

cluster 1 are large in both table, since there are more
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than one class in this cluster and the results of SVM
depend on training sets greatly owe to the excellent
learning ability, when divide more class in the H/«
plane or in iteration, these problems can be resolved.
Fig. 6 ~ Fig. 7 are the corresponding classification
results of feature vector D without iteration and with two
iteration respectively. Fig. 6 shows that even without
iteration the classification result is acceptable, and the
result with two iterations become more accurate as
shown in Fig.7. The Fig. 8 ~ Fig. 9 and the rows G in
the Tab. 2 ~ Tab. 3 are the results of H/«a /Wishart

method presented by Lee'”'.

The mean distances in
rows G in the Tab.2 ~ Tab. 3 are larger than any rows
in the two tables. Fig. 8 is the result of H/a /Wishart
method with same iteration as Fig. 7. From Fig. 7,
Fig. 8 and Tab. 2 ~ Tab. 3, the advantage of the
method presented in this paper is the evident. Fig. 9 is
the result of H/«a / Wishart method with four iterations,

although the result is acceptable, the iterative time is

rather long.

8 Conclusion

In this paper, a new method for unsupervised

classification of terrain types based on target

decomposition theory and support vector machines is

presented, which can cluster the fully polarimetric
SAR data rather good and has very good flexibility. The
effects of each feature vector consisted of several
polarimetric parameter are discussed in detail, and it is
shown that this method generates more accurate results
with less iterations, comparing to the H/a /Wishart

method.
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