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A framework for classification of urban areas using polarimetric
SAR images integrating color features and statistical model
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ZHANG Er-Lei, YANG Shu-Yuan, JIAO Li-Cheng
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Abstract: The color features were exploited in a novel framework for the unsupervised classification of urban areas
in this paper. Firstly, based on the recent four-component decomposition model of the polarimetric synthetic aper-
ture radar (PolSAR) data, the common color spaces, such as YUV, RGB, HSI, and CIELab were calculated.
The color feature was quantitatively selected from these color spaces by introducing the color entropy. Then togeth-
er with the texture feature and the extended scattering power entropy, the adaptive mean-shift algorithm was used to
segment the PoISAR data into clusters. Finally, the clusters were merged according to the GO distribution-based
distance measurement. The proposed framework was verified by the experiments on one AIRSAR L-band and two
Radarsat-2 C-band PolSAR data. The classification accuracy indicates that the proposed method has superior dis-
criminative ability for urban areas compared with existing works.

Key words: polarimetric synthetic aperture radar (PolSAR) , image classification, color features, extended scatter-
ing power entropy.
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(SAR) imaging techniques''’, abundant data is ob-

Introduction served and needs for interpretation. Terrain classification
plays an important role in image interpretation. As the
With the breakthroughs in synthetic aperture radar prior knowledge for classification of Polarimetric SAR
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(PolSAR) image is limited, the unsupervised classifica-
tion attracts much attention. Numerous methods for the
unsupervised classification of PolSAR data have been
proposed. In general, these methods fall into two catego-
ries. One category is based on target decomposition and
the statistical model of PolSAR data, such as the H/a-
wishart"®! classification proposed in 1999 based on the
Cloude’ s decomposition, and Wishart distribution of the
polarimetric covariance matrix proposed by Lee'* in
2004 based on the Freeman et al’ s decomposition’.
There are also some improved methods. In the work'®’ |
both the parameters from Freeman decomposition and
Cloude decomposition were utilized to classify. And in
the work'®' the scattering power entropy calculated from
Freeman decomposition was introduced to identify terrain
types. Then Wang et al. ' in 2013 applies the scattering
entropy and Copolarized ratio after the Freeman et al’ s
decomposition for a detailed classification. This method
exploits the physical scattering mechanisms and the sta-
tistical characteristics of terrain types. The different ter-
rain types could be discriminated and segmented. It ob-
tains relatively high classification accuracy 89.20% for
the crop land of Flevoland. However, there are also
flaws. It has difficulty in classifying urban areas due to
the following reasons. 1) The Wishart distribution of the
polarimetric covariance matrix is accurate for homogenous
areas, but it is not appropriate for characterizing hetero-
geneous areas which contains various terrains. This is in-
dicated by the study in the work''”). 2) The Freeman
decomposition has difficulty in discriminating complicated
or man-made targets and natural scatters owing to the as-
sumption of the reflection symmetry. This is confirmed by
the four-component decomposition models'"'"?'. 3) The
boundaries of the segmentation are not preserved well
since other features of the PolSAR image are not con-
cerned.

The other category is the methods based on image
segmentation'”) which partitions an image into homogene-
ous regions corresponding to objects or parts of objects.
Among them the clustering techniques'*""”" are widely ap-
plied. It is a process of grouping the data in terms of its
feature description based on certain similarity measure
and objective criterions. The similarity measure and the
features significantly influence the results. 1) As for the
similarity measure, the methods, such as the fuzzy clus-
tering proposed by Du et al. "' the Expectation-maxi-
mization clustering used by Kersten et al. ''™*! | and the
work!"”) | adopt the Wishart distance or revised Wishart
distance, since it is well admitted that the polarimetric
covariance matrix has a complex Wishart distribution.
These methods have good classification performance for
common terrain types but not the urban areas because the
Wishart distribution is not fit well for such heterogeneous
areas. 2) As for the features, the works! "' only utilize
the covariance matrix for clustering. Although the covari-
ance matrix is one of the most important characteristics
and it holds the total polarimetric information of the pix-
el, it is the lowest order operator for extracting polarime-
tric parameters of the distributed scatters and it could not
discriminate complicated terrains. In the clustering based
on mean-shift algorithm'"® | only the logarithm of the

SPAN image which is the total scattering power of the po-
larimetric SAR data is employed as features. In the
work'"®! | the coefficients from Freeman decomposition
are chosen as features. These features help to character-
ize the ordinary terrains but not the urban areas, and the
final classification result is limited by the similarity meas-
ure.

Therefore in this paper, we attempted to combine
the advantages of both these two methods for better clas-
sification of the urban areas, namely, using the cluste-
ring techniques based on the intrinsic and discriminative
features from PolSAR target decomposition and the so-
phisticated statistical model. Specifically, a framework
for unsupervised classification of the terrain for PolSAR
data was proposed.

1) The color features of the pseudo-color image from
the new four-component decomposition are integrated into
the unsupervised classification to enhance the details of
the image especially in urban areas. The color entropy is
introduced for quantitatively selecting the transformed
color spaces for classification.

2) The scattering power entropy is extended to the
four-component decomposition case, and is also em-
ployed as one of the multi-features, which could lead to
better discrimination of the urban areas.

3) GO distribution'®"'-based merging scheme was
developed. It is superior to that of the Wishart distribu-
tion for describing the heterogeneous terrains as that in
urban areas. The neighborhood-based parameter estima-
tion was also proposed for small clusters, which contrib-
utes to the similarity measure between clusters.

The remaining part of this paper is organized as fol-
lows. The motivations and related work are briefly intro-
duced in section 1. The proposed framework is presented
in detail in section 2. The experiments on three real Pol-
SAR data with urban terrains from different systems are
demonstrated in section 3. The conclusions are drawn in
section 4.

1 Motivations

The proposed framework which is based on the scat-
tering mechanism, statistical model and the clustering
techniques, aims at not only differentiating the common
terrains but also providing a fine classification for the ur-
ban areas. It includes two main stages: the initial cluste-
ring based on multi-features and the cluster merging ac-
cording to the similarity measure from statistical model.

For the initial clustering, firstly the color features
are concerned. As it is known that color image not only
has a better visual display, but also has richful informa-
tion of the details of the image compared with gray-scale
image. The color feature is one of the primary features
for discriminating object by human. In fact, this feature
has been exploited in the supervised classification for
PolSAR data in a recent work''”). The main color de-
scriptors were extracted from the Pauli decomposition co-
ded pseudo-color image. The better classification result
was obtained. Unlike this work, we extracted color fea-
tures from the new four-component decomposition with
extended volume (FDEV) model'"*! coded pseudo-color
image through a selection process. As mentioned above,
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the four-component decomposition improves the Freeman
decomposition. The vegetation and the oriented buildings
could be well distinguished. The color intensities repre-
sent specific scattering mechanisms. Thus, the pseudo-
color image from this decomposition is the intrinsic fea-
tures containing discriminative information for the urban
areas. Moreover, learnt from the chromatics, the compo-
nents in RGB color space are not independent from each
other and not optimal for color image processing. The
color spaces' ™’ commonly used in computer vision: HSI
( Hue-Saturation-Intensity ) , HSV ( Hue-Saturation-Val-
ue), HSL ( Hue-Saturation-Lightness ) , CIELab, CIE-
Luv, YIQ and YUV are also taken into consideration.
We introduce the color entropy to select the transformed
space that has the most abundant details which is signifi-
cant for classifying urban areas.

Then other features are also concerned for classif-
ying urban areas: texture and the scattering power entro-
py. 1) Texture: Since the co-occurrence matrices ( GL-
CM) -based texture can be used to analyze the contents of
a variety of terrain types, it is studied in this work. Mo-
reover, as it is indicated by the work' ™) | the total power
SPAN representing the scattering intensity is capable of
maintaining the fine structures of the PolSAR image. The
texture features are calculated from SPAN. 2) The scat-
tering power entropy; this feature has been verified to be
effective in identifying terrain types by the work'®”). To
better classify the urban areas, we derived the extended
scattering power entropy ( ESPE) from the improved
four-component decomposition'"""?! | which reveals the
randomness of the scattering mechanisms.

Thirdly the clustering algorithm: mean-shift algo-
rithm is applied. As we mentioned before, various clus-
tering algorithms or the revised versions have been used
in PolSAR segmentation and classification. Compared
with other clustering algorithms, the predominant advan-
tage of the mean-shift algorithm is that it does not con-
strain the distribution of the feature space and does not
require the prior knowledge of the number of clusters.
This fits well for our high-dimensional feature space of
the PolSAR data whose feature vectors come from diverse
decompositions and the mixed distribution is complicat-
ed.

For the cluster merging, the GO distribution'*"’-
based similarity measure was developed. For the terrain
classification that contains heterogeneous terrains like ur-
ban areas, the conventional Wishart distribution is not
proper. A recent work!"! shows that the covariance ma-
trix follows K-wishart, GO or KummerU distributions.
Due to the accurate description ability of the urban areas
and the low computational complexity compared with
KummerU distribution, GO distribution is considered for
the basis of the similarity measure.

2 The proposed method

The key idea of proposed method is to cluster the
PolSAR data based on the multiple features derived from
the polarimetric target decomposition, as shown by the
flowchart in Fig. 1. The preprocessing with filtering,
such as the Lee filtering, to reduce the speckle noise
contained in PolSAR data is helpful for the feature ex-

traction and the following classification.

¥

Speckle filtering

v

TD by new four-comp

Feature extraction

Initial seg.by mean-shift

Y

Cluster merging on GO

Labeled data

Fig. 1  The flowchart of the proposed framework
(TD stands for target decomposition by new four-
component model; ESPE denotes the extended scat-
tering power entropy )
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2.1 Target decomposition
The FDEV model'™?’ | which is the improved four-
component decomposition, was applied to extract features
for classification in this study, because it has a discrimi-
native ability for urban areas compared with other decom-
positions. Four components P_, P , P, and P, which re-
presents the surface, volume, double-bounce and helix
scattering power, respectively, are calculated from the
covariance matrix of the PolSAR data. The total power
TP or SPAN is expressed as
SPAN=P, +P, +P_ +P, (D)
The FDEV improves the decomposition accuracy for
distinguishing the urban areas by reducing the volume
scattering power and enhancing the double-bounce scat-
tering power within man-made structures. Thus it was ap-
plied to our study.
2.2 Feature extraction
For the unsupervised classification of PolSAR data,
it is regarded as an image segmentation problem. Each
pixel in the image is a vector F described by multiple
features, expressed as
F(F°,F'F%) , (2)
where F© denotes the color features, F" is the texture fea-
tures, and F” represents other features. The extraction of
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the feature vectors is explained in the following.
2.2.1 Color feature selection
It is known that there are multiple color spaces for
the digital image expression and processing. A proper
color space is selected for the initial segmentation. Pseu-
do-color images are widely used for PolSAR data repre-
sentation. For example, the PolSAR data after target de-
composition, such as Pauli, Freeman, is mapped to the
Red, Green, and Blue color channels in the RGB color
space for display. Here, the three components P_, P,
and from FDEV are mapped to the three color channels,
respectively, shown as
RGB(Py,P,,P,) =fres (Py, P, P) . (3)
In addition, it is noticed that the above mentioned
color spaces can be divided into three groups due to their
similarity; HSI ( HSV, HSL), CIELab ( CIELuv), and
YUV(YIQ). The representative space in each group is
used for the color space conversions, shown as
YUY (PP, ,P,) =frepyoy (Py, PP (4)
HSI(Py, P, P,) =fyep s (P, PP, (5)
CIELab(P,,P, ,P,) =frep cpra (Pa P, P,) . (6)
The colorfulness of a pseudo-color image both de-
pends on the data and the color space. We defined an
objective criteria: color entropy Enp_, to assess the col-
orfulness of the a pseudo-color image in certain space.
Enp,, indicates the average colorfulness, and Enp is the
information entropy of a single channel of the pseudo-col-
or image. They are given by

EnpSpﬂ =

Enp,,.; =~ Y p;logp, , (8)

=

where M =3,1=1,2,3. j=0,1,---,255. P, denotes the

probability distribution of the j,, gray level in the single-

channel spa_i. If there is only one gray-level, then the
255

entropy of this channel is Enp pa_i = - %‘1 x log,1 =0.

So Enp,,, measures the richness of a color image. For im-
age in different color spaces, the values in the three
channels are normalized and scaled to [0, 255]. The
candidate color spaces are RGB, YUV, HSI, and as
well as CIELab. spa is expressed as
spa= {RGB(P,,P ,P),YUY(P,,P, P, ),6HSI
(P,,P,,P.), CIELab(P,,P ,P.)} . (9)
Then the color space that has the maximum of color
entropy from the calculated entropies Enp,, datasets is
selected as the final color features for the classification.
It is given by
F¢ =Max(Enp_,,) . (10)

In this selected color space, the colorfulness is the
richest. The details, such as the boundary or the edges
of the terrains might be well distinguished.

2.2.2 Texture feature

Texture shows the information about the spatial ar-
rangement of the intensities in an image or selected re-
gion of an image. As the SPAN represents the scattering
intensity, it is capable of maintaining the fine structures
of the PolSAR image. In this work the GLCM is compu-
ted from the SPAN image within a sliding window due to

the spatial dependence frequencies. It represents the
spatial relationship of gray levels in it. For a SPAN im-
age which is quantified into [ gray levels, the GLCM is a
matrix with size [ x[. It is the conditional joint probabili-
ties of all pairwise combinations of the gray levels within
interpixel distance du and orientation ¢ in a local spatial
window w.

Four texture features which are frequently used in
PolSAR processing are calculated from GLCM in this
study. They are the energy, contrast, correlation, and
local homogeneity (or inverse difference moment) which
are denoted by ENG, CON, COR and LHM, respective-
ly. Then the texture features are expressed as

F' = (ENG,CON,COR,LHM) . (11)
2.2.3 Other features

The scattering power entropy was proposed in'*
which is based on the Freeman et al. ’ s decomposition,
and including the double-bounce, surface, and volume
scattering power. We extended it into four-component-
decomposition based scattering entropy. The extended
scattering power entropy (ESPE) H, is defined as

4

Hy == Y plogp, 0<H, <1 , (12)
i=1

_ Pa _ Py
A N T T
_ Ds _ P
B v+, Pa DD+ D
, (13)

where P,, P_, P, and P, have been defined previously
and denote the double-bounce, surface, volume, and he-
lix scattering power, respectively. The ESPE represents
randomness of the terrains in the scattering mechanism
and can be used for classification. This feature is ex-
pressed as the feature vector

F° =H, . (14)
2.3 Initial segmentation by adaptive mean-shift al-
gorithm

The mean-shift algorithm is a nonparametric estima-
tor of density gradient and extensively used in feature an-
alyses, smoothing, segmentation, target tracking for im-
age and video processing. Here we adopted it to the ini-
tial segmentation of the PolSAR pseudo-color image. For
the PolSAR image, we adopted the adaptive mean-shift,
namely the variable bandwidth mean-shift algorithm for
PolSAR data segmentation. The feature vectors in the
searching space is F,(F{ F! F))i=1,2,-.n

The procedure is as follows.

1) Estimate the local variable bandwidth h, (F;) ,h,
(F,) and h,(F;) for the color feature, texture feature,
and other features, respectively, using the “sample point
estimator” method.

2) Randomly select an initial pixel from the unproc-
essed pixel set, its feature vector is F.

3) Compute the vector m(F) , which is given by

n F,
2 HOLINS

n

1
2 hi<Fl->h%v<ﬂ>ho<mg(

C _ge T _ T 0 _ 0

ZC(F? )l iTwF)' )l iwi'
C_pe T_ T

};cuff )l f(fF> )l ho(F,) ’)

, (15)

FO-F
where h.(F,) ,h,(F;) ,ho(F;) denote the local variable
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bandwidth for the color feature, texture feature, and oth-
er features, respectively.

4) If Hmh(F) —F| < &, where ¢ is a very small
constant to stop the iteration, then this iteration stops.
Otherwise, go on.

5) Set the value of current feature vector F as F =
m, (F), and go to (1).

With the initial segmentation, a number of clusters
which have similar features are obtained.

2.4 Cluster merging

The main idea for cluster merging is that clusters
having similar parameters of the GO distribution can be
gathered in one group. Unlike the Wishart distribution,
the GO distribution has more parameters. Therefore, the
parameters are estimated and then the merging criterion
is developed in the following.

2.4.1 Parameter estimation based on neighborhood
extension

Firstly, the texture parameter A of a certain cluster
need to be estimated. It is shown in Algorithm 1, and
explained as follows.

For large clusters (the number of the pixel N =
Th) , the Method of matrix log-cumulants ( MoMLC ) "/
is adopted to estimate the parameter. Compared with the
general moments-based estimation method as that used
in'"" | it simplifies the parameter estimation and im-
proves the accuracy. This method is based on the Mellin
transform which uses Mellin convolution to estimate the
PDF of a product of random variables and is a natural an-
alytical tool to deal with the distribution of products and
quotients of independent random variables.

For small clusters (the number of the pixel N <
Th), the neighborhood-based estimation is developed.
The eight-neighbors of the each pixel in the cluster are
also involved into the estimation of the texture parameter
in order to extend the number of samples. This is reason-
able when the pixels in the image are correlated in a lo-
cal spatial scope.

2.4.2 Merging criterion

Similar to the merging criterion using Wishart dis-
tance, the GO-based distance criterion can be derived.
The dispersion within clusters and the distance between
clusters are calculated for merging.

From the initial segmentation map, the center V,,
namely the average coherency matrices of each cluster, is

computed from pixels in each cluster as
Nl

b 1
V==Y T, . (16
i N,‘ I; k ( )

where i denotes the class i, and V, is the class center of

class I, k=1,2,---

in class 1.

class j.

The negative logarithmic distance measure d,,; cal-

culated from PDF of GO is given by

dy, = —LdlnL - (L =d)In| T| -1InT'(Ld + 1)
—Aln(A =1) + (Id + \D)In[LTr(V'T) + A - 1]
+ InI';(L) + Llnl VI +1InI'(A) . 7))

N,;, N, denotes the number of pixels
T, denotes the coherency matrix of pixels in

Algorithm 1 Texture parameter estimation using neigh-

borhood extension

Input : Cluster Q with the number of pixels N, and la-
bel ¢,
Threshold parameter Th
Initialize :
Eight-direction vector D = [-1,1;0,1;1,1;1,0;
1,-1; 0,-1;-1,-1;-1,
0;-1,1],
Extended cluster Q* =Q,
if N=Th
A = MoMLC ParaEstimation ( cluster Q) ;
else
for each pixel p(«x,y) in cluster Q’
for k from 1 to 8
if GetLabel ( p(x,y) +D(k,:)) #q
SetLabel (p(x,y) +D(k,:)) =¢q
X = MoMLC ParaEstimation( cluster Q) ;
end
end

Output: estimated texture parameter A

where Tr is the trace of a matrix. V;' denotes the inverse

of matrix V,. By removing the class-unrelated items, it is

further simplified as

d(T,V,A) = Llnl VI +1Inl'(A) = InI'(Ld + 1)
—Aln(A =1) + (Ld + M) In[LTr(V'T)
+A-1] . (18)

The dispersion within class i, which means the av-
erage distance from all the pixels in class i to the esti-
mated class center (V, ,)\ ) is defined as

—de, A . (19)

The distance between two classes i and j, which de-
notes the averaging sum of the distance from all the pixels
in class i to the class center (V;,A;) and the distance

from all the pixels in class j to the class center (V,,A;),
is defined as

i'__[_zd(Tk! ] Zd(Tk, L,/\-)]

(20)
The merging index Ind; is given by
S+
Ind; = 3 = (21)

i
The two classes i and j are merged if the merging in-
dex Ind; is the largest among the indexes from all the

classes.
3 Experiments and discussions

Three real PolSAR datasets which are from different
systems were used to verify the proposed method. They
are the NASA/JPL. AIRSAR L-band PolSAR data of San
Francisco area from airborne system, the Canadian Space
Agency RADARSAT-2 C-band of San Francisco area

from spaceborne system, and also the PolSAR data of cit-
y XiAn in China from RADARSAT-2.
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In order to show the differences between Wishart
distance and GO distance measure, two results are dem-
onstrated. They are the results using : 1) color feature
and Wishart distance measure; 2) color feature and GO
distance measure. They are briefly denoted as C-
Wishart, and C-GO, respectively. Then the proposed
framework is represented by C-T-ESPE-GO in which the
T stands for texture feature, and ESPE is the extended
scattering power entropy.

Moreover, the proposed method was compared with
two other types of related methods: The SPAN-based
mean-shift algorithm'"®’ which is based on the clustering
technique, and the Wang et al’s'”’ | which is based on
the scattering power entropy (SPE) from Freeman decom-
position and the Wishart statistical model. They are
termed as SPAN-MS and SPE-Wishart, respectively. In
addition, all these data is preprocessed by Lee filter with
5 x5 window to reduce the speckle noise.

3.1 Results on dataset 1: AIRSAR of San Francisco

The San Francisco area from AIRSAR L-band,
which is 4-look fully polarimetric SAR data with a dimen-
sion of 900 x 700 pixels was used. The pseudo color im-
age is shown in Fig.2(a). The RGB color channels are
the three components P,, P,, P_which are from the new
four-component decomposition.

As reported by other studies on this dataset, there
are several categories of terrain, such as forestland, sea
water, and urban areas. For more detailed classification
8 main classes can be identified. The sea water may have
three subclasses according to its density; the near-sea ar-
ea, the medium-dense sea, and the far sea area. They
have different colors due to the differences from the de-
composition as shown in Fig.2(a). The urban areas in-
clude four subclasses as the built-ups, streets, other
large-sized man-made objects (e. g. golf course), and
the mixture of vegetation (e.g. in parks).

The parameters for this experiment are explained.
For the color feature selection, the color entropies for the
RGB space and other converted spaces were computed
and compared. The maximum one; CIELab (P, P

do
P,) whose value is 2. 70 is chosen as F. For the texture
feature, the gray level [ =32, the distance du =1, a
sliding window of size 7 x 7 with 4 orientations was used
to compute the texture vector for each component of ¥ "
This setting can capture the texture content of the SPAN.
Then in order to reduce other noise, the average value for
the 4 orientations was calculated as the descriptor for F"
that is 4 dimensions of feature vector F' is extracted for
each pixel within the local spatial window. There is no
parameter involved for the feature F°. For the segmenta-
tion using adaptive mean-shift, the initial value for A,
(F,), hy(F;) and h,(F;) need to be assigned to start
the iterative bandwidth estimation process. Generally, a
large bandwidth brings coarse segmentation and a small
bandwidth causes plenty of clusters. Since each color
channel is constrained within [0, 2557, the h.(F,) is
set around 40 which brings more than a hundred clus-
ters. The h, (F;) and h, (F,) are assigned within
[0.001, 0.01] after the normalization. For the cluster
merging, the threshold Th for the neighborhood extension
is set as 7 x7. According to the MoMLC method, gener-

ally within this threshold, the estimation accuracy for the
PolSAR image degrades. Thus it requires a local expand-
ed estimation to enhance the accuracy. All the classifica-
tions are set 8 classes from the concerned methods here.
For the method of SPAN-MS" | the bandwidth of mean-
shift algorithm is set around 10 to obtain 8 classes. For
the SPE-Wishart’, the iteration is set as 50, and the four
threshold parameter are x, =0.5, x, =0.9, x; =-3, and
x, =3.

The classification results with different features and
two other methods are shown in Fig. 2(b) ~ (f) respec-
tively, and Fig. 2(d) is the classification results using
the proposed framework. They indicate the effectiveness
of the proposed framework on the L-band AIRSAR Pol-
SAR data. In Fig.2(b) and Fig.2(c), since the color
features are used, the details of the sea water are distin-
guished. However, the C-Wishart does not have a satis-
factory class merging. The middle sea water is merged
into the urban class. The near-sea region is merged into
the sea water which is in contrast with C-GO. In Fig. 2
(f) C-T-ESPE-GO, the sea water is classified into 4 or 5
classes, and the urban areas are classified into 3 subclas-
ses at least by all these methods due to the application of
the color features and GO-based merging scheme. Moreo-
ver, the golf course (in the middle) and the reservoir
(near the bottom) can be correctly classified compared
with (b) and (c¢), which is due to the combination of
multiple features. In Fig.2(e) although the golf course
and reservoir are not kept in fragment, the urban areas
are almost completely mis-classified as the class of vege-
tation, which may be caused by the application of the
single SPAN-based feature. In Fig. 2 (f) although the
near-sea region is clearly identified, the variation in the
sea water is not distinguished, which is likely owing to
the Wishart-based merging criterion that only works for
relatively homogeneous region.

3.2 Results on dataset 2. Radarsat-2 of San Fran-
cisco

The setting of the parameters is the same as that of
dataset 1 since the number of colors and the size of the
image is similar. The CIELab (P_, P,, P,) also has the
highest color entropy 2. 68. Thus the color features are
extracted from this color space.

The results with different feature combinations are
shown in Fig. 3(b) ~ (d), respectively. Fig.3(d) is
the classification results using the proposed framework.
They demonstrate that the proposed framework works well
even for the ‘rotated’ image in spaceborn PolSAR sys-
tem. Fig.3(a) show that the colors in this image is quite
abundant. In Fig. 3(b) and Fig. 3(c¢), based on the
same initial segmentation by adaptive mean-shift algo-
rithm using color features, the GO-based merging criteri-
on keeps the diversity of the heterogeneous area. This is
indicated by the results of the large part of the urban are-
a. Meanwhile the results preserve the uniformity of the
homogeneous region, which is represented by the sea wa-
ter on the left. Fig.3(d) indicates the effectiveness the
combination of the color, texture, and ESPE features.
The sea water (in blue) is classified into a more homog-
enous class than that in (e). In Fig.3(d) the urban ar-
eas is merged into relatively homogeneous category,
which is in contrast to (e) and (f). This may be resul-
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ted from the coarse texture features.
3.3 Results on dataset 3: Radarsat-2 of XiAn

The PolSAR data of city XiAn is also adopted for
classification. The original image is in dimension of
3 572 x5 767 with coverage of 25 km x 25 km. The pix-
el size is 8 m in the slant range direction and 8 m in the
azimuth direction. A selected region of western XiAn
with 512 x 512 pixels was used. The setting of the pa-
rameters is similar to that of the dataset 2. The color en-

tropies were computed. The CIELab (P,, P,, P,) has

the highest color entropy 2. 72. Thus the color features
are extracted from CIELab space.

Fig.2 Classification results with different features and meth-
ods for the L-band AIRSAR of San Francisco area. (a) RGB
pseudo-colored image from FDEV model, (b) C-GO, (c)
C-Wishart, (d) C-T-ESPE-GO, (e) SPAN-MS!™  (f)
SPE-Wishart'*’

&2  7E L B AIRSAR % %; San Francisco #1[X & |- A
[ RFAEFN I R 53 2545 (a) F FDEV 511 RGB fh#
K. (b) C-GO, (c) C-Wishart, (d) C-T-ESPE-GO, (e)
SPAN-MS'"*! | (f) SPE-Wishart'"’

The RGB image is shown in Fig. 4 (a). The urban
areas (with high-dense built-ups) mainly sit on the up
left part of the image. Several streets and roads nearby
are identified. In the middle of the image, there is the
River Weihe which is one primary branch of Yellow River
from the west to the east of China, and the Weihe Bridge
which spans the River Weihe. They appear dark due to
the weak reflection. A three-line railway also spans the
river. There is a sub-branch of the River Weihe in the
right part of the image. The vegetation, both the low-
dense wetland and the high-dense forestland (trees) , are
around the rivers.

The ground-truth map is shown in Fig. 4 (¢) and
(d). Reference data was collected from river inventory
maps, aerial photographic interpretation, Google satellite
images and the fieldwork. The 6 classes are labeled and
the legend is provided too. 7 classes are set for the final

Fig. 3 Classification results with different features and
methods for the sub region of San Francisco area from C-
band Radarsat-2. (a) RGB pseudo-colored image from
FDEV model, (b) C-GO, (¢) C-Wishart, (d) C-T-ESPE-
GO, (e) SPAN-MS'"® | (f) SPE-Wishart'"

K3 #F C ) B Radarsat-2 Z& 4¢ San Francisco #i[X [& |-
FAA R R AE A0 J5 ¥ 19 43 25 45 2 (a) ] FDEV #8111
RGB th¥%E, (b) C-GO, (c¢) C-Wishart, (d) C-T-ESPE-
GO, (e) SPAN-MS'"™ | (f) SPE-Wishart""

merging for all the concerned methods. This setting al-
lows the unclear terrain type, such as the class in light
blue shown in the classification results, which denotes
other man-made targets.

Similar to the previous experiment, Fig. 4 (e) and
(f) indicate that the GO-based merging scheme preserves
the diversity of the urban area. A combination of texture
and ESPE features leads to the detailed classification as
shown in Fig.4(g). The texture feature may have a su-
perior discriminative ability for the built-ups and other
man-made targets in the urban area. Fig. 4 (h) shows
that the SPAN-based classification has poor discrimina-
tion in River Weihe and the surroundings due to the simi-
lar intensity of SPAN. In Fig.4 (i) although the bridge is
better identified than in other figures, the three-line rail-
way is mis-classified into vegetations. The rectangle on
each figure highlights this result.

The overall classification accuracy of all the methods
are listed in Table 1. It shows that the proposed frame-
work (namely C-T-ESPE-G0O) has the highest overall ac-
curacy of 86.31% . Among the accuracy for various ter-
rains, it has the highest accuracy 90. 79% for the rail-
way/built-ups. What’ s more, it can obtain 64.56% ac-
curacy for the wetland/grass, which mainly results from
the color and texture feature. The method on SPAN-
MS'"®) has 98.76% accuracy for the river because that it
mis-classifies other types of terrains. It is noted that all
these methods could not correctly classify the streets.
One reason is that the reflection from street is weak and
mixed in the complex urban areas. The other one is
probably because that the color and texture features are
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Fig.4 Classification results with different features and meth-
ods for the western XiAn from C-band Radarsat-2. (a) RGB
pseudo-colored image from FDEV model, (b)Optical image,
(¢) Ground truth, (d) The legend for the ground truth, (e)
C-GO, (f) C-Wishart, (g) C-T-ESPE-GO, (h) SPAN-
MSH8 (i) SPE-Wishart™’

P4 1 C P B Radarsat-2 Z2 48 74 22 VU8 b X 1] L AN [H]
FHEFBE L5264 (a) ] FDEV #1411 RGB {h# 14,
(b) StrriEiE& A, (o) bmick, (d) ], (e) C-GO, (f) C-
Wishart, (g) C-T-ESPE-GO, (h) SPAN-MS' (i) SPE-
Wishart'”/

similar to that of trees thus it is classified as trees in the
proposed method.

Table 1  Overall classification accuracy (%) of westerm
XiAn area form radarsat-2C-band PolSAR data
F1 FRM SAR ##E C i B Radarsat-2 R4 = A &R X

B B ESEBE(%)

Terrain Railway/ Bridge/ Wetland/ | Overall

L i River Trees
Methods built-up highway  grass accuracy
C-G0O 28.41 48.76  37.26  86.95 78.96 68.53
C-Wishart 41.25  0.00 19.93  96.14  0.00  53.69
C-T-ESPE-GO 90.79  25.66  64.56 93.62 77.32  86.31
SPAN-MS! 18] 58.23  0.00 0.00 98.76  0.00  62.09

SPE-Wishart °! 51.24  56.94  0.00 98.03  89.80  74.28

4 Conclusion

A novel framework for the unsupervised classifica-
tion that integrates the color features was proposed based
on the scattering mechanism and the clustering tech-
niques of the PolSAR image. The color features are ex-
tracted from the four-component decomposition, which

inherits the discriminative ability on the vegetations and
the buildings in the urban areas. The color space conver-
sions and selection allows further improvement of the col-
or feature according to the introduced color entropy.
Then the texture feature which is computed from the
SPAN of the PolSAR data preserves fine structure of the
image. Additionally, the extended power scattering en-
tropy considers the randomness of the scattering mecha-
nism. All these contribute to the discrimination of various
targets in the urban areas. Moreover the GO distribution-
based merging criterion obtains refined classification re-
sults on Radarsat-2 C-band XiAn data since it characteri-
zes the urban areas. The classification accuracy also in-
dicates the superiority of the proposed framework to the
existing methods especially on the built-up regions.

There are also flaws for the proposed framework.
When the colors of the terrains are quite similar, such as
dark colors for both the streets and the wetland, it is dif-
ficult in identifying them with the method and the classi-
fication accuracy degrades. For the future work, more
features will be investigated to further distinguish the ter-
rains in similar colors.
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