IHOPOPMALIWHI TEXHONOTII, CACTEMHUN AHANI3 TA KEPYBAHHA

yZIeIeHO aBTOPCKOMY METOAY (OpMaNM3aIMy MOICTH B
reorH(pOPMAIIIOHHOM TPOCTPAHCTBE IMAPAMETPOB, CBSI-
3aHHOM ¢ ['MIC cuctemamu. [Ipeanoxen meron TpaHchop-
MAalMu MOJEIM W3 3TOr0 INPOCTPAHCTBA IIAPAMETPOB B
KJIACCHUYCCKHUN OMXPOMATUYCCKUIA rpad, Ui KOTOPOro U3-
BECTHBI PELICHUS 337a4ll ONTUMH3AIUN TOTOJIOTUYECKOM
HAOJIFOJTAEMOCTH CHCTEMbL. Pealn30BaH MpeII0KCHHBIH
METOJ] Ha MPUMEPE MATEMAaTHUECKOW MOJEU HOpMalln3a-
[IMY MUKPOKJIMMATA B IIIaXTaX.

Hayunasi HoBuM3Ha. BriepBble MNpeasiokeH METOJ
OTIpeNIeICHNsT TOMOJIOTHYECKoW Habmomaemoctu MIIPC,
OCHOBAHHBIN Ha (YOPMAITN3AIIH MOJICITH STONH CHCTEMBI B
reOMH(OPMAIMOHHOM IPOCTPAHCTBE €€ MapaMEeTPOB C
nocienyroomeii Tpanchopmanueii B KJIacCHYeCKUil Ou-
XpOMaTHYECKUi Tpad, MO3BOJSIOMIUN HE TOJIBKO OIpe-
JICJIUTh YPOBEHb HaOmomaeMocT MIIPC, HO U HAWTH OII-
TUMaJbHBIA BapUaHT YCOBEPIIECHCTBOBAHUSA MOJEIIH,

Xiaorong Xue', Wei Wang?,
Hongfu Wang', Fang Xiang'

KOTOPBII 00ECTIEYHT TONHYI0 HAOII01aeMOCTh ITOH CH-
CTEMBI.

IMpakTnyeckasi 3Ha4UMOCTb. lICrosb30BaHNe JaHHO-
r0 METoJia ONpe/eNeHNs] HaOII0AaEMOCTH MHOTOCBSI3HBIX
MPOCTPAHCTBEHHO-PACIIPE/IEIICHHBIX CUCTEM TTO3BOJIUT ObIC-
Tpo ¥ 3PHEKTUBHO MPOBOJUTH ONTHMHU3AIMIO HUX CHCTEM
cOopa u 00pabOTKM HWH(OPMAIMH, TOOABISITH U yIAJIATH
nprOOPBI KOHTPOJIS M HAOIFOICHHS, COBEPIICHCTBOBATH MO-
JIeNTb CUCTEMBI M OCYIIECTBIITH IPyTHe MepHI 110 odectiede-
HHIO TTOJTHON HAOJF0IaeMOCTH.

KitroueBble ciioBa: HabnooaeMocmy cucmembvl, 2e0uUH-
opmayuoHHble  CUCTEMbL, 2COUHPOPMAYUOHHOE NPOCHI-
PaHCcmeo napamempos, MHOLOCEA3HAA CUCmeMa, Ouxpoma-
muyeckull epag, napocovemarive

Pexomenooseano 0o nyonmikayii OOKm. mMexH. HAYK
P.H. Keemnum. [{ama naoxoooicennsi pykonucy 16.10.14.

1 —Anyang Normal University, Anyang, China
2 —Institute of Disaster Prevention, Beijing, China

AN EFFICIENT METHOD OF CLASSIFICATION
OF FULLY POLARIMETRIC SAR IMAGES

Cs10:xyH Ciroe', Beii Ban?,
Xyndy Ban', ®an Csn'

1 — AHBSHCBHKWI TIearoriyHuil yHiBepcuTeT, M. AHbsiH, KHP
2 — [HcTuTyT NONepepKeHHs CTHXIHHNX X, M. [Texin, KHP

E®EKTUBHUIA METO KJIACU®IKALI IOBHICTIO
HOJAPUMETPUYHUX PCA-30BPAKEHD

Purpose. Synthetic Aperture Radar (SAR) can be used to acquire high-resolution images of ground targets during night as
well as day or in good weather as well as inclement weather, so it plays an important role in the national economy and de-
fense. However, according to the characteristics of SAR imaging mechanisms, a geometric distortion and a form of multipli-
cative noise, known as coherent speckle, generally corrupt the resulting image. SAR image classification is the foundation of
SAR image interpretation. For the existing of speckle, traditional image classification technologies cannot work well. In this
paper, in order to further improve the effect of polarimetric SAR image classification, an efficient classification method of ful-
ly polarimetric SAR image that is based on polarimetric features, the scattering intensity information, and Fuzzy C-Means
(FCM) Algorithm is proposed.

Methodology. Combining the scattering properties of fully polarimetric SAR image with the scattering intensity infor-
mation, the total scattering power, based on H/w/4/SPAN(H, Entropy; o, Scattering angle; 4, Anisotropy degree; SPAN, the total
power of polarization), we obtained the initial classification result of polarimetric SAR image. Then with FCM Algorithm, the
result of the polarimetric SAR image classification was achieved.

Findings. The experimental results show that the proposed method is superior to the traditional methods of fully polari-
metric SAR images classification.

Originality. The proposed method not only considers the scattering properties of fully polarimetric SAR data but also
combines the statistical characteristics information. The proposed method provides good result of classification of polarimetric
SAR image and, to some extent, keeps the scattering properties.

Practical value. The experiments have proved that the proposed algorithm can keep the texture and details of SAR image
better, can give better classification result to the traditional classification methods of fully polarimetric SAR image. The pro-
posed method is useful in SAR image interpretation.

Keywords: polarimetric SAR, coherent speckle, image classification, H/o/A/SPAN, complex Wishart distance, Fuzzy C-Means

Introduction. Polarimetric Synthetic Aperture Radar object targets. Compared with the conventional SAR system,

(PolSAR) sends and receives Radar signal with different po-
larimetric mode, by which the Radar system can obtain
abundant information of scattering properties of the ground

© Xiaorong Xue, Wei Wang, Hongfu Wang, Fang Xiang, 2015

ISSN 2071-2227, HaykoBui BicHuk HI'Y, 2015, N2 5

polarimetric SAR can obtain complex polarimetric scattering
matrix according to electromagnetic scattering characteristics
of different targets which can reflect objective inherent char-
acteristic (fully polarimetric mode corresponding to fully po-
larimetric scattering matrix, double polarimetric mode corre-
sponding to double polarimetric scattering vector). Based on
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the polarimetric complex scattering matrix, the target feature
is analyzed, extracted and inversed. Therefore, the research
on polarimetric SAR has important significance and has very
broad remote sensing application prospects in both military
and economy [1-2].

At present, classification of polarimetric SAR image has
become the important content of remote sensing data pro-
cessing. Fully polarimetric SAR data contains more abundant
information, and the form of scattering matrix is mainly
adopted. The scattering matrix can more completely record
scattering echo information feature in four polarimetric
states, HH, HV, vV, VH, which reflect the polarimetric charac-
teristics of ground objects. For fully polarimetric SAR imag-
es, because the corresponding distribution of real object
sometimes cannot be gotten, and the training samples with
effective features are often difficult to select. Therefore, the
focus in the research on polarimetric SAR image classifica-
tion is un-supervised classification. The decomposition
methods, which are frequently used at present, are Krogager
decomposition, decomposition of Cameron, Cloude-Pottier
decomposition and Freeman decomposition, etc. [1]. Among
them, the Cloude-Pottier decomposition method is the most
common, with which, based on H-a plane through the entro-
py H and scattering angle a, the fully polarimetric SAR data
is divided into eight categories [2]. Combined with H/e/4 and
maximum likelihood estimation based on complex Wishart
distribution, Pottier proposed the Wishart-H/a/4 unsuper-
vised classification method [2], which is currently the most
widely used in fully polarimetric SAR data classification at
present. However, this method cannot remain polarimetric
characteristics of ground objects well, and the classification
accuracy can still be improved. In solving the problem about
classification of polarimetric SAR image, Stefan Uhlmann,
and others, extract powerful color features from pseudocolor
images corresponding to Polarimetric synthetic aperture ra-
dar (PolSAR) data to provide additional data for a superior
terrain classification. They introduce and perform in-depth
investigation of the application of color features over the
Pauli color-coded images besides SAR and texture features.
The classification results show that the additional color fea-
tures introduce a new level of discrimination and provide
noteworthy improvement in classification performance
(compared with the traditionally employed PolSAR and tex-
ture features) within the application of land use and land
cover classification [3]. Lang Fengkai proposed a method of
polarimetric SAR data classification with Freeman entropy
and anisotropy analysis. Firstly, the parameters, //;and A are
used to extract shadow and water, and other pixels are divided
into 3 categories according to their scattering mechanism.
Each category is divided elaborately again with /;and 4, Fi-
nally, with clustering and iterative classification based on the
distribution of Wishart, the final classification results are ob-
tained [4]. Pierre Formont, and others, presents a general ap-
proach for high-resolution polarimetric SAR data classifica-
tion in heterogeneous clutter, based on a statistical test of
equality of covariance matrices. The Spherically In-variant
Random Vector (SIRV) model is used to describe the clutter.
Several distance measures, including classical ones used in
standard classification methods, can be derived from the gen-
eral test. The approach provides a threshold over which pixels
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are rejected from the image, meaning they are not sufficiently
“close” from any existing class. A distance measure using this
general approach is derived and tested on a high-resolution
polarimetric dataset acquired by the ONERA RAM-SES system.
Results show that the new approach rejects all pixels from
heterogeneous parts of the scene and classifies its Gaussian
parts [5]. Xiaoshuang Ma and others propose an innovative
objected-oriented technique that combines pixel-based clas-
sification and a segmentation approach for the classification
of polarimetric synthetic aperture radar (PoISAR) images. In
the process of the pixel-based classification, a soft voting
strategy is utilized to fuse multiple classifiers, which can, to
some extent, overcome the drawback of majority voting. The
experimental results are presented for two quad-polarimetric
SAR images. The proposed classification scheme improves
the classification accuracies after assembling the multiple
classifiers and provides the classification maps with more
homogeneous regions by integrating the spatial information
when compared with pixel-based classification [6]. In syn-
thetic aperture radar (SAR) images, speckle conceals spatial
dependencies, and segmentation algorithms suitable for opti-
cal images may become ineffective. Ciro D’Elia and others
tackled the problem through the joint use of information-
theoretic (IT) SAR features, of a segmentation algorithm
based on tree structured Markov random fields (TS-MRFs),
and of object-oriented classification achieved through learn-
ing vector quantization (LVQ) [7]. Peter Yu and others pro-
posed a region-based unsupervised segmentation and classi-
fication algorithm for polarimetric synthetic aperture radar
(SAR) imagery that in-corporates region growing and a Mar-
kov random field edge strength model. This algorithm is an
extension of the successful Iterative Region Growing with
Semantics (IRGS) segmentation and classification algorithm,
which was designed for amplitude only SAR imagery, to po-
larimetric data. The incorporation of an edge penalty in the
spatial context model improves segmentation performance
by preserving segment boundaries that traditional spatial
models will smooth over. Evaluation of PolarIRGS with
Flevoland fully polarimetric data shows that it improves up-
on two other recently published techniques in terms of classi-
fication accuracy. To classify PoISAR image well, Maryam
Salehi and others used three main steps to address this task:
1) feature extraction in the form of three categories, namely
original data features, decomposition features, and SAR dis-
criminators; 2) feature selection in the framework of the sin-
gle and multi-objective optimization; and 3) image classifica-
tion using the best subset of features. Based on that, a new
method is proposed to perform an efficient land cover classi-
fication of the San Francisco Bay urban area based on the
multi-objective optimization approach. The experimental re-
sults on Radarsat-2 fine-quad data show that the proposed
method outperforms the single objective approaches tested
against it, while saving computational complexity. In addi-
tion, the proposed method has a better performance than the
SVM (Support Vector Machine) with full set of features and
the Wishart classifier, which is based on the covariance ma-
trix [8]. Shuiping Gou and others proposed a novel polari-
metric synthetic aperture radar (POLSAR) image classifica-
tion approach by exploiting coherency matrix eigenvalues
for polarimetric information representation and understand-
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ing. The approach consists of two parts. Initially, the statisti-
cal distributions of eigenvalue for homogeneous areas are
analyzed by taking eigenvalues as the features of polarimet-
ric information. The Bayesian classification method is ap-
plied to verify the feasibility of distinguishing different ho-
mogeneous areas. An eigenvalues-based local operator is
defined to overcome the insufficient of the similar pixels by
introducing a similar measure and eigenvalues-based texture
information. The method is tested on three POL-SAR da-
tasets, in which the average classification accuracy of eight
categories for the Flevoland data from our method reaches
nearly 90% [9]. Chu He and others proposed a nonlinear
compressed sensing-based LDA Topic (NCSLT) model for the
classification of polarimetric synthetic aperture radar (Pol-
SAR) images. The CS theory shows that when a signal is
sparsely rendered on some basis, it can be recovered exactly
by a relatively small set of random measurements of the orig-
inal signal. In this paper, such notion is applied to a more
general case to analyze nonlinear PolSAR data. Therefore,
the NCSLT model is presented with the following two objec-
tives: 1) to capture the nonlinear structure of PoISAR data on
a manifold surface using the CS theory and 2) to provide a
generative explanation for the relationship between the im-
age pixels and high level complex scenes for image classifi-
cation by establishing a Texture-CS-Topic model [10].

Although there have been some good results of the polar-
imetric SAR image classification based on only polarization
characteristics, the function of that kind of classification
methods is still very limited [1-10]. In some cases, the polar-
ization characteristics of some non-similar targets may be
very similar, and polarization characteristics of some similar
tar-gets may be very different. Therefore, just with the polar-
ization characteristics, the polarimetric SAR image classifica-
tion accuracy is very limited. In this paper, in order to further
improve the effect of polarimetric SAR data classification, we
takes into account not only the scattering properties of fully
polarimetric SAR data, but also combines the intensity in-
formation, a new unsupervised classification algorithm of
fully polarimetric SAR image based on initialization of
H/o/A/SPAN and FCM algorithm is proposed.

H/a/A method. Target data in fully polarimetric SAR
measurement can be represented as Sinclair scattering
matrix (S) matrix, the matrix is

S_|:Shh Shv:| X (1)
S, S

In fully polarimetric SAR imaging system, the four com-
plex data can be obtained. General spaceborne polarimetric
SAR is single station form, which means that in receiving and
transmitting radar signal, the same antenna is used. Under the
condition of satisfying the reciprocity, §, =S, . According

to the knowledge of the group theory, Pauli is chosen to vec-
torize the basic scattering matrix to get k.

T va Shh =S 2Sh ] (2)

w

1
k:E[S

Considering that the vast majority of terrain targets will
be randomly distributed targets, they has multiple scattering
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centers, and the total signal is gotten by coherent superposi-
tion, so spatial statistical average processing is often used to
smooth the coherence of electromagnetic wave. Polarimetric
coherent matrix is often represented as

T:<k-k”>:%ik[-k,.”- 3)

Where, N is the number of looks, ki is the regard scatter-
ing vector of look i, and superscript H expresses conjugate
transpose. According to the knowledge of matrix theory, co-
herence matrix 7'is 3x3 positive semidefinite Hermite matrix,
and it can be decomposed into the sum of three separate co-
herent matrixes. 7 has nonnegative real eigenvalues and or-
thogonal eigenvectors, and it can be expressed as the follow-
ing form:

T=U U’1—3/1T—3/1~H @
= Z 7;:‘i7§ U Uy

Where, /; is the real eigenvalue, u; is the normalized vec-
tor corresponding to the eigenvalue i. 7; expresses independ-
ent coherence matrix whose rank is 1, respectively expresses
a scattering mechanism, and its corresponding eigenvalue
expresses the strength of scattering mechanism. The size of
the three eigenvalues and their difference nature are directly
related to the earth's surface electromagnetic wave scattering
process. For example, Chen Tigang and others give the gen-
eral form of the eigenvalues under the assumption on hori-
zontal symmetrical orientation of scattering target, and point
out that the first eigenvalue represents the total polarimetric
intensity of V'V and HH, not including the coherence between
them. The second eigenvalue represents the coherent
strength of V'V and HH. The third eigenvalue gives the depo-
larimetric effect aroused by the medium. The general form of
the y; is given by Cloude.

In 1997, Cloude and others gave the entropy H and scat-
tering Angle a of target on the basis of characteristics de-
composition of the polarimetric coherent matrix 7'[1]. H and
a can be respectively defined as the follows

3
HZZ*PI'IO&P,-; )
i=1
3 6)
a= ZEai.
i=1
Where P= 3’1“ and Y P =1.
ﬂ, i=1

According to information theory, the scattering entropy
(0<H<1) expresses randomness of scattering medium from
isotropic scattering (H=0) to a completely random scattering
(H=1). If H value is very low, which is that the difference of
three eigenvalues is bigger. For that, it can be thought that
depolarimetric characteristics of target is weak, the dominant
scattering matrix part of target is the eigenvector correspond-
ing to the maximum eigenvalue, and other eigenvectors is
ignored. If H=0, it is indicated the target is pure scattering
one, and the rank of coherent matrix is 1. If the value of H is
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very high, which is that the size of three eigenvalues is very
close. For that, it can be thought that depolarimetric charac-
teristics of target is very strong, which means the target scat-
tering presents high randomness, which is in that target scat-
tering is mainly composed of body scattering of target. What
is able to identify scattering component information is o, and
a has the characteristics of rotation invariance along radar
wave beam direction and associates with physical mecha-
nism in the process of scattering, corresponding to the
change of scattering from the surface scattering (0=0°), to
body scattering (0=45°) , and to the dihedral angle scattering
(0= 90°). So the H-o plane is often used for unsupervised
classification, or the initial classification is done based on H-
plane, etc. Cloude and Pottier used A and a to form a two
dimensional feature space. Cloude and others gave the cate-
gory boundary of the plane of the H-a on the basis of a large
number of experiments. With the H-a plane, fully polarimet-
ric SAR data can be divided into eight categories.

There is a case in which scattering mechanism can’t dis-
tinguish the two parameters, polarimetric entropy H and scat-
tering angle o , which is that influence of 1, can't be ignored
according to the size difference of 1, and 4;. In that condition,
the relative relationship of 4, and 4; should be considered,
therefore, Pottier proposed a new parameter in 1998. The de-
gree of anisotropy, as the supplement of H-a plane, the defi-
nition of the anisotropic degree is the following

qbh (7)
bty

Anisotropy degree A expresses anisotropy degree of
target scattering. When polarimetric entropy H is larger
(H> 0.7), 4 can characterize the influence degree of the two
scattering mechanism that do not dominate to the scatter-
ing result. The second larger value 4 indicates that only the
second scattering mechanism has significant effect on scat-
tering results. The smaller value 4 indicates that the influ-
ence of the third kind of scattering mechanism should be
also considered. H, a, and 4 form the three dimensional
feature space. Through the three dimensional feature
space, the classification of the fully polarimetric SAR data
also increases to 16 classes.

Because H, a, 4, the three parameters characterize scatter-
ing of pixel in the size of the relative strength and scattering
mechanism type. They did not provide the strength in-
formation of the scattering mechanism among the pixels. In
general, the strength of the scattering mechanism among the
pixels is very effective for keeping image detail structure and
image resolution, and the detailed structure and resolution of
the image will directly affect the performance of the classifi-
er. Considering that the total polarimetric power SPAN is ef-
fective parameter of characterizing scattering mechanism in-
tensity information among the pixels, SPAN is introduced
into initialization in this paper, and its expression formula is
as the following.

2 2

SPAN =Tr(SS" ) =|s,, [ + S P4k, 4, (8)

Sy

+

+

S\'V

vh
What SPAN describes is the size of the scattering intensi-

ty corresponding to the pixels; it contains the more detailed
structure of the image. In general, pixels whose scattering in-
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tensity are bigger may correspond to the secondary scatter-
ing, and pixels whose scattering intensity are smaller may
correspond to the first scattering. Therefore, SPAN can be
used to further distinguish three different scattering mecha-
nisms: (1) the larger SPAN value corresponds to the strong
scattering, such as construction, forest; (2) the medium SPAN
value corresponds to the mixed scattering mechanism, such
as crop area; (3) the smaller SPAN value corresponds to the
strong scattering, such as water, flat surface.

The complex Wishart distance based on ML. Sinclair
scattering matrix is decomposed through Pauli base, and the
scattering vector 4 complying with multiple complex Gauss-
ian distribution can be gotten. Considering the correlation
matrix corresponding to / is 7. According to the literature [1—
2], by multi-look processing of 7, polarimetric correlation
matrix 7 of complex Wishart distribution can be gotten. Con-
sidering that Vm is the clustering center of a class, according
to the rule of maximum likelihood (ML), the distance be-
tween a pixel and a cluster center can be gotten

d(<T>, Vm) = n[ln‘Vm‘ +tr( V! <T>)]— ln[P(m)l ©)

Where, P (m) is the prior probability of the category m. In
the absence of prior knowledge, it is considered that the prior
probability P (m) of m categories are equal, so the formula (9)
can be simplified as

d(T),Vm) = V| + e (V;(T)). (10)

Therefore, when the polarimetric coherent matrix 7 of a
pixel satisfies

d(T).v,)<d(T),V,)> i=L.-M m#j. (11)

The pixel is classified as category m. For fully polarimet-
ric SAR data, the formula (10) is a more rational method of
calculating the distance between a pixel and a clustering cen-
ter. Compared with the traditional Euclidean distance, the ad-
vantage of this approach is that it is based on the scattering
mechanism, and the polarimetric information of the data is
better used.

Fuzzy C-means Clustering Technique (FCM). The
concept of Fuzzy Clustering Algorithm is proposed by Be-
deck firstly, and the algorithm is an important branch of un-
supervised pattern recognition. Fuzzy Clustering Algorithms
have a wide range of applications in image segmentation,
compression, recognition because of their numerous ad-
vantages.

Among Fuzzy clustering algorithms, the theory of Fuzzy
C-means algorithm is the most mature, and it is one of the
representative clustering algorithms. The basic idea of FCM
is that through an iterative optimization to represent the ob-
jective function of similarity among the image pixels and the
centers of FCM, when the maximum value of the objective
function is obtained, the optimal clustering result is gained.

Definition of membership matrix. A two-dimensional
matrix U is used to represent the membership matrix. In a set,
if the data point of the element j, xj belongs to group i, then
the element in the membership matrix, ujj is given value 1,
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otherwise, the element value is 0. When the class determines
its center point of the clustering, given that the center point of
the clustering is ci, then the degree of the element member-
ship can be expressed with the following formula

2 2
<l -l

1, k#i,ifol.—cI.

U; = 0 (12)

It can be seen from the above formula that if a cluster

center is the nearest cluster center for the element xj, then the

element xj belongs to group i, but every given element in the

set can only belong to one group, so the membership matrix
U has the following property

Su, =1Vj=loon . (13)
i=1

Definition of fuzzy C-means clustering objective func-
tion. In Fuzzy C-Means clustering algorithm, the n vectors
(7 =1,2, ..., n) is divided into ¢ fuzzy groups, and the values of
the cluster centers of the fuzzy groups are calculated, which
makes the objective function of the non-similarity index min-
imum. By representing dissimilarity index between a vector
and corresponding cluster center with Euclidean distance, its
objective function can be defined as follows:

J=XS =R e’ (14)

In the above formula, J; is the objective function in the
fuzzy group i, so its value depends on the geometric charac-
teristics of G; and the location of each cluster center.

Because the sum of the membership matrix of the data
set is 1, an objective function of the fuzzy C-means clustering
algorithm can be expressed as

J(U,C) :ZJ, = iZ(y,,)"'Hx, ¢ (15)

Among them, ¢; is cluster center, |, _. H represents the
¢

Euclidean distance between the cluster centers i and the data
point j, m is the weight index, and its range is [1, ]. If m=1,
the fuzzy C-means clustering becomes hard C-means cluster-
ing. In practical applications, usually it is more appropriate
that the value of m is given 2.

Cluster centers and membership matrix. In order to
make the objective function J (U, €) least in (15), Lagrange
multiplier method can be used to find the extremer, the con-
straint condition isj = 1...n,

j(U,cl,m,cc,l,,m,l”)=J(U,cl,---,c(,)+Z:’:llj(iuﬁ—1). (16)
Jj=1

The necessary conditions for the minimum of J (U, ¢) are
the following

y J
¢ =21 Sy =— 1 . 17
;(dy /dkj)Z/(m—l)
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The basic steps of FCM algorithm. Fuzzy C-Means
clustering algorithm is the process of continuously adapting
and modifying cluster centers and membership matrix by it-
eration, it is a dynamic unsupervised clustering. Its main
clustering steps are the following:

(1) Initialize the value of the center of every cluster, set the
category number of clustering, ¢, and the iteration stop
threshold of the algorithm, &, and reset the iteration counter z.

(2) Update the membership matrix.

(3) Update the cluster center value.

S
C’(T) _ j:ln C . (18)
m

Z U
j=1

4 If
circulation membership matrix and the cluster center value
by loop, otherwise return to step (1) and continue to run it-
eration of the loop.

After the end of the repeated iteration of the loop of the
above four steps, one of the best membership matrix and the
corresponding cluster center value C of the matrix can be
gotten, then determine the optimal cluster divided according
to the maximum degree of membership, and the final cluster-
ing result is gotten.

By learning fuzzy C-means clustering algorithm, it is
known that the algorithm starts from any cluster initial value,
and then through the iterative convergence, the local mini-
mum of the objective function is gotten. By summing up, the
Fuzzy C-Means clustering algorithm is excellent in a variety
of clustering algorithms; it has relatively high efficiency, and
has been applied in many areas. However, this algorithm still
has several deficiencies, which are in that the number of cat-
egories of the clustering algorithm is artificially determined
but not be determined automatically, which leads that a good
application in a relatively high degree of automatic SAR im-
age processing system cannot be gotten.

The unsupervised classification method of PolSAR da-
ta based on H/a/A/SPAN and FCM. The steps of the unsu-
pervised classification method of PolSAR data based on
H/a/A/SPAN and FCM are as the follows:

(1) By preprocessing the PolSAR data (speckle filtering
on PoISAR data), polarimetric coherent matrix T is gotten.

(2) Feature decomposition is done on 7, the eigenvalues
and eigenvectors are gotten based on the formula (4). Thro-
ugh formulas (5) to (8), H, o, 4, and SPAN are calculated.

(3) With the classification method based on H/o/A/ SPAN,
the initial classification of the whole polarimetric SAR data is
done: (a) according to the value of the SPAN, the SAR data is
divided into three classes with three equal number of sam-
ples, these three categories correspond to high amplitude
value, medium amplitude value and low amplitude value; (b)
With the H/a, data in each of the three categories are further
divided into 8 classes; (c) with 4, data in each of the 24 clas-
ses existing is further divided into two classes. On this basis,
the clustering centers of the all classes are calculated.

(4) According to the result of step 3, the parameters cor-
responding to the FCM clustering are initialized.

(5) According to the known information in step 4, thro-
ugh iterative, category centers and the class type that each

J,(T)-J,(T+D)|<e, stop iteration and output the
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pixel belongs to in FCM are updated. Each time, the data of
two classes whose centers are the nearest among all the clus-
tering centers, is combined, and the combined clustering cen-
ter of the two classes is calculated. For that, the whole class
number and class centers are also changed, and the parame-
ters corresponding to the FCM clustering are also updated.

(6) According to the above steps, if the corresponding
error value of global classification meets the requirements,
or the times of iterations reach the specified number, the
current classification result of the fully polarimetric SAR da-
ta is output, and the operation exits. Otherwise, the opera-
tion should return step 5 and continues to execute.

The experiment results and analysis. In order to
verify the effectiveness of the proposed method in this
paper, we use the 2008 San Francisco Bay area Radar-
Sat-2 l-band data to do classification experiment, the
data size is 6670 pixels * 2820 pixels. Firstly, with the
improved Lee filter algorithm, 3x3 filter processing on
fully PoISAR data is done to reduce speckle. The exper-
imental data is decomposed with Pauli base. The scat-
tering total power image (SPAN) of the original Pol-
SAR data is shown in the fig. 1, a. The results of
different classification methods are shown in the
fig. 1, b (H/o classification result), fig. 2, a (H/A classi-
fication result), fig.2, b (H/a/ Span classification re-
sult), and fig. 3, a (Wishart-H/o/4 classification result).

With the classification method based on H/o/A/SPAN,
the initial classification of the fully polarimetric SAR data
is done. Thus, the classification result of 48 classes is got-
ten, and FCM algorithm is used to do iterative classifica-
tion. The result of classification using the proposed meth-
od is shown in the fig. 3, b. Compared with the results of
other methods, some typical targets in PolSAR image
shown in fig. 3, b, such as mountain area, sea and city
building are classified better.

b

Fig. 1. The result images: a — the Scattering total power
image (SPAN) of polarization SAR, b — H/o. classifi-
cation result
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a b
Fig. 2. The result images: a — H/a classification result,
b — H/a/Span classification result

Fig. 3. The result images: a — Wishart-H/o/A classification
result, b — the classification result received with the
proposed method

It can be seen from the fig. 3, b, that the classification re-
sult based on H/a/4/SPAN generally reflects the basic features
of ground objects. Compared with the actual objects, the
main target categories are recognized. The clustering centers
calculated by H/w/A/SPAN classification result are already
close to the actual target values. Therefore, when the FCM
algorithm is used to classify SAR image, the initial clustering
centers obtained can be as a reference, based on which itera-
tions are done. For that, better PoISAR image classification
result can be obtained.
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Conclusion. A new unsupervised classification method
of fully polarimetric SAR data based on polarimetric features
and FCM is proposed in this paper. With the result obtained
by H/a/A/SPAN classification method to initialize the cluster-
ing parameters in FCM, the iterative classification of PoISAR
data is carried on. In the process of operation, complex
Wish-art distance based on maximum likelihood criterion is
introduced to improve the performance of classifiers. The
Experiments show that the proposed algorithm can keep the
texture and details of SAR image better, and its classification
result is superior to the traditional classification methods of
fully polarimetric SAR classification.
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Merta. Pagionokarop cunte3oBanoi aneptypu (PCA)
MOKe OyTH BHKOPHUCTaHHU IS OTPUMAaHHS 3HIMKIB BH-
COKOTO PO3JIJICHHSI Ha3eMHUX 00'€KTiB (IIijieil) He3amex-
HO BiJ 9acy /100M Ta MOTOAHUX YMOB, IO € BAXXJIMBUM
JUTS ToTpeO HamioHaIbHOI eKOHOMIKH # 00oponu. IIpore,
3TITHO 3 XapaKTepUCTHKaM MeXaHi3My moOymoBu PCA-
300pakeHb, TEOMETPUYHI CIIOTBOPEHHS Ta, CBOTO POY,
MYJIBTUILTIKATUBHUN LIyM, BIJIOMHUI SIK KOT€pPEHTHE OIl-
THUYHE BUIPOMIHIOBAHHS, YaCTO CIIOTBOPIOIOTH OTPUMaHe
300pakenns. Knacudikariis PCA-300pakeHb € OCHOBOIO
ix iHTepmnperanii. [3-3a BIUNIMBY CrEKI-IIyMy TpaaWIiHHI
TeXHOJIOTIi Kiacudikaii 300pakeHb NPaNOOTh HEl0-
CTaTHBO J10Ope. Y cTaTTi OMMCaHO 3alpONOHOBAHMN Ha-
MU epeKTUBHUN MeTon Kiacupikamii TOIIPUMETPIUIHUX
PCA-300pakeHb, mo IPYHTYETHCS Ha MOJSAPUMETPUIHUX
BJIACTUBOCTSX, TAaHUX PO iIHTEHCUBHICTH PO3CISTHOTO BU-
MPOMIHIOBaHHA Ta METOXy HeEUiTKoi Kiactepu3amii C-
CepeJHIX.

Metoauka. [ToeqHaBIM PO3CIFOI0Yi BIACTHBOCTI TTOB-
HicTIO TOJsIpUMeTpuyHOro PCA-300pakeHHs i JaHi Tpo
IHTEHCHBHICTb PO3CISIHOIO BUIIPOMIHIOBAaHHSI, MU OTPHUMAaJIH
pesyibTar nonepenHboi  Kiacugikanii PCA-300paykeHHSI.
Ocrarounnii pe3ynprar Kiacudikaiii MoJsIpUMETpUIHOrO
PCA-300paskeHHs1 OyB OTpHMaHHMH 3a JIOOMOTOI0 AJITOpH-
TMY HEUiTKOI Kiactepm3artii C-cepeHix.

PesyabraTn. ExcriepuMeHTanbHO JOBEAEHO, 1O 3alpo-
TIOHOBAaHMI METOJ TICPEBEPIIy€E TPAIUIIIHHI METOIHN KIIaCH-
¢ikarrii moBHicTIO nosipuMeTpriHIX PCA-300pakeHs.

HaykoBa HOBH3HA. Y 3alpOIIOHOBAHOMY METOZII BPaxo-
BYIOTHCSI HE JIUIIIC BIACTHBOCTI MOBHICTIO OJIIPUMETPHIHIX
PCA-maHux, aje ¥ iHdopmaliist po CTaTUCTAYHI XapaKTepH-
CTUKU. MeTo/1 103BOISIE OTPUMATH TapHi Pe3yJIbTaTH KJlacu-
(ixawii nossipumerpraHuX PCA-300paxeHsb 31 30epekeHHsIM
PO3CIIOI0UMX BIIACTUBOCTEH (y EsIKii Mipi).

IMpakTnuna 3HaunmicTb. ExcriepumenTanbHi gocii-
JUKSHHSI TIOKa3aJy, 1110 3arpoIIOHOBAHUI anroput™ 30epi-
rae TeKCTypy # metani PCA-300pakeHHS Kparie, HiK Tpa-
TUIIAHI METOIM Ta Ja€ Kpalluil pe3yibraT Kiacupikarii
MOBHICTIO TIOIsIpUMeTpuIHnX PCA-300paskeHb. Meton
MO’Ke BUKOPHCTOBYBATHCS [UIsl BUPILICHHS 3aBJaHb iHTeE-
prpertartii PCA-300paxeHb.

KoarouoBi cioBa: nomspumempuune PCA-306padicenns,
KocepeHmme OnmuuHe SUNPOMIHIOBAHHS, Kiacugikayia 30-
opadicens, H/a/A/SPAN, po3nodin Biwapma, memoo nevimkoi
Knacmepuzayii C-cepeoHix

Hens. Pannonokatop CHHTE3MPOBAHHON — amepTypsl

(PCA) MOXeT OBITh HMCIIONB30BAH TS TIONYYCHUS CHUMKOB
BBICOKOTO pa3peIeHIsT HA3eMHBIX 00BEKTOB (IIeyIei) He3aBH-
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CHMO OT BPEMEHH CYTOK M ITOTOJHBIX YCIIOBHIL, UTO SBJIAETCS
BaKHBIM JUISI Hy /] HAlIMOHAJILHON SKOHOMHUKU U OOOPOHBI.
OnHAaKo, COIIACHO XapaKTEPHCTHKAaM MEXaHW3Ma IOCTpoe-
HUsl PCA-M300paKeHWH, TEOMETPUYECKHE WCKAKECHUS W,
CBOEI'0 POJia, MYJIbTUIUIMKATUBHBIN 11IyM, U3BECTHBIN KaK KO-
TEPEHTHOE OMNTUYECKOEe H3Iy4YEeHHE, 3a4acTylo, HCKAKaroT
nonyueHHoe — m3o0paxenue.  Kmaccudukaimss — PCA-
n300pakeHUH SBIISIETCST OCHOBOM MX MHTeprperaiyy. M3-3a
BJUSIHUS CHEKII-IITyMa TPAAULMOHHBIE TEXHOJIOTHU KJIACCH-
(ukarmy n300paKeHNH paboTarOT HEJIOCTATOYHO Xopotio. B
CTaThe OIHCAH MPEIIOKEHHBIH HaMH 3(D(PEKTUBHBINA METOJ
KITacCU(PMKAIMN  TTONApUMETpUUeCKIX PCA-H300pakeHUH,
OCHOBBIBAIOLLMICS Ha NOJIIPUMETPUUYECKUX CBOMCTBAX, JAaH-
HBIX 00 MHTEHCHBHOCTH PACCESIHHOTO M3IIy4EHUsI U METoJa
HEUYETKOM KitacTepuzauuy C-CpeaHuX.

Metoauka. CoBMECTHB PacCceHBarOIIUe CBOMCTBA MOJI-
HOCTBIO MOJIIPUMETPHYCCKOTO PCA-H300payKeHNs U JTaHHBIC
00 MHTEHCHMBHOCTH PACCESTHHOTO M3ITYYCHHMS, MbI ITOJTYYHIIN
pe3yJIbTaT TpeBapuTeNbHON Kitaccudukarmu PCA-n300pa-
skeHust. OKOHYATeNNbHBIM pe3ynbTaT KIaCCH(UKAIKN TIOIs-
pumerpuyeckoro PCA-U300pakeHHsT ObLT MOydeH C MOMO-
LIBIO AIITOPUTMA HEUETKOM KIIacTepr3anuy C-CpeaHIX.

Pe3ynbTarbl. DKCHEPUMEHTAIRHO JOKA3aHO, YTO
MIPEIJIOKEHHBII METOJ[ MIPEBOCXOANUT TPAJUIHOHHBIE Me-

Hongyan Kang

TOZBI KIACCH(UKALMK TOJHOCTBIO TOSIPUMETPUUECKUX
PCA-m306pakenHuii.

Hayunasi HoBu3Ha. B npeanoxeHHOM METole y4H-
TBIBAIOTCSL HE TOJNBKO CBOMCTBA MOIHOCTBIO MOJISIPUMET-
puyecknx PCA-TaHHBIX, HO ¥ MH(QOPMAIHKS O CTATHCTH-
YECKUX XapaKTEPUCTUKAX. MeTos MO3BOJAECT IOIYYUTh
XOPOILME Pe3yJbTaThl KiIacCU(PUKAIMU TOIIPUMETPHYE-
ckux PCA-n300pakeHHH ¢ COXpaHEHHEM PacCEHBAIOIINX
CBOMCTB (B HEKOTOPOH CTEICHN).

IIpakTnyeckass 3HAYMMOCTB. OKCIIEPUMEHTAIILHBIC
HCCIEN0BAHMS MOKA3alM, YTO MNPEUIOKEHHBIH aIrOpUTM
COXpaHSIET TEKCTYpy W jaetamu PCA-M300pakeHus! Jydle,
YeM TpPaJULMOHHBIE METOMBL, U JAET JIy4IIHd pPEe3YJbTaT
KJIacCU(UKAIMN TIOTHOCTRIO MOTAPUMETPHUYECKUX PCA-
n300pakeHnid. MeTo MOYKEeT HMCIONB30BaThCS [UIS pere-
HUs 33714 UHTEprpeTaiyu PCA-n300pakeHHH.

KiroueBble cioBa: nowipumempuueckoe PCA-uzo6pa-
JHcerile, KoeepeHnHoe OnmudecKoe usiydenue, KiacCughura-
yus uzobpasicenutl, H/a/A/SPAN, pacnpeodenenue Buwapma,
Memoo Heuemkoll knacmepusayuu C-cpeOnux

Pexomenoosano 0o nyonikayii Ookm. mexH. HAyK
B.B. I'namywenkom.  [lama  HAOXOOMCEHHs — PYKORUCY
15.10.14.

Heze University, Heze, Shandong, China

ANALYSIS AND REALIZATION OF RFID GROUPING-PROOF PROTOCOL
BASED ON ELLIPTIC-CURVES CRYPTOGRAPHY

Xynsnb Kan

VuiBepcurer Xemze, M. Xerze, nposinmis Hlansayn, KHP

AHAJII3 I PEAJIIBALLSI IPOTOKOJIY OBMIHY CUTHAJIIB
PAJIIOYACTOTHOI IIEHTU®IKALIII HA OCHOBI
EJINTUYHOI KPUIITOI' PA®II

Purpose. With the wide application of RFID (Radio Frequency Identification) systems, scholars have become highly con-
cerned about the design of efficient and secure grouping-proof protocols. Responding to the problems of privacy protection,
security and efficiency of existing grouping-proof protocols, a new ECC (Elliptic Curves Cryptography) based RFID grouping-
proof protocol is proposed after the analysis of existing grouping proof protocols.

Methodology. Some ECC-based grouping-proof protocols cannot resist impersonation attack and other common attacks,
since there is no reader and verifier authentication or the reader and the verifier can be untrusted, one can also query the tags
actively to collect the attack tuple and trick genuine reader and verifier. So we propose a scheme can realize the authorized ac-

cess and mutual authentication of tags, readers, and verifier.

Findings. This paper attempts to expound on the initialization phase, the authorization phase, the group proof generation
phase, and the group proof verification phase of the new grouping-proof protocol, and also make analyses in terms of privacy
preservation, untraceability, reader anonymity, tag anonymity, authorization and authentication, etc.

Originality. In comparison to currently available ECC-based grouping-proof protocols, this protocol can realize the au-
thorized access and mutual authentication of tags, readers, and backend servers.

Practical value. Analysis results show that this new project meets the security and privacy requirements of RFID system
grouping-proof protocols, demonstrating better scalability and higher efficiency than similar protocols.

Keywords: grouping-proof protocol, authorization authentication, mutual authentication, Elliptic Curves Cryp-

tography, RFID

Introduction. In recent years, it was found that RFID
systems had to prove that certain items must COEXIST in
some applications. There are many application scenarios of
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this type: A doctor prescribes medicines in the same pre-
scription to reduce dosage risks for his patients; in the phar-
maceutical industry, drug manufacturers ensure that drugs
and prescriptions are sold together; at airports, boarding pass,
passport and baggage are generated as a group to ensure se-
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