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Abstract—This paper proposes an unsupervised classification
method for multilook polarimetric synthetic aperture radar (Pol-
SAR) data. The proposed method simultaneously deals with the
heterogeneity and incorporates the local correlation in PolSAR
images. Specifically, within the probabilistic framework of the
Dirichlet process mixture model (DPMM), an observed PolSAR
data point is described by the multiplication of a Wishart-
distributed component and a class-dependent random variable
(i.e., the textual variable). This modeling scheme leads to the
proposed textured DPMM (tDPMM), which possesses more flex-
ibility in characterizing PolSAR data in heterogeneous areas and
from high-resolution images due to the introduction of the class-
dependent texture variable. The proposed tDPMM is learned by
solving an optimization problem to achieve its Bayesian inference.
With the knowledge of this optimization-based learning, the
local correlation is incorporated through the pairwise constraint,
which integrates an appropriate penalty term into the objective
function so as to encourage the neighboring pixels to fall
into the same category and to alleviate the “salt-and-pepper”
classification appearance. We develop the learning algorithm with
all the closed-form updates. The performance of the proposed
method is evaluated with both low-resolution and high-resolution
PolSAR images, which involve homogeneous, heterogeneous, and
extremely heterogeneous areas. The experimental results reveal
that the class-dependent texture variable is beneficial to PolSAR
image classification and the pairwise constraint can effectively
incorporate the local correlation in PolSAR images.

Index Terms—Polarimetric synthetic aperture radar (PolSAR);
unsupervised classification; Dirichlet process; variational infer-
ence; remote sensing.
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CLASSIFICATION plays a significant role in analyzing
medical images [1], biological images [2], and remote

sensing images [3], [4]. In remote sensing, polarimetric syn-
thetic aperture radar (PolSAR) possesses an advantage in
acquiring images: it is less limited by weather conditions
or solar illumination due to the active imaging mechanism
of PolSAR. Furthermore, with radar waves being emitted
and backscattered in different combinations of horizontal and
vertical polarization, PolSAR fully captures the scattering
properties of targets, which can provide insights into the
physical scattering mechanism for a better understanding of
terrain types and improve the discriminative ability in the clas-
sification of PolSAR images. Unsupervised classification of
PolSAR images has been widely used in various applications
ranging from man-made target extraction [5], ship detection
[6] to glacier monitoring [7] and damage assessment [8].

The H/α-Wishart method [9] is a widely used unsupervised
classification method for PolSAR images. It first classifies
all pixels into eight classes based on the Cloude-Pottier
decomposition [10], and then the Wishart classifier [11] is
implemented on the resulting classification map to achieve a
refined result. To further improve the discriminative ability,
additional parameters have been introduced to identify more
details in PolSAR images, such as SPAN (i.e., the total power),
the anisotropy information, the scattering power entropy, and
the copolarized ratio [12]–[14]. In all these methods, the
Wishart classifier is also used to take into account the statistical
characteristic of PolSAR data, for which a covariance matrix
for PolSAR data follows the complex Wishart distribution
[15]–[17]. This statistical characteristic has resulted in several
distance measures [18], [19], which are successfully applied
in fuzzy clustering methods for the unsupervised classification
of PolSAR images [20], [21]. Classification methods based on
statistical modeling have also been proposed [18], [22]. These
methods first fit a weighted sum of several complex Wishart
distributions (i.e., complex Wishart mixture model, which is
abbreviated to WMM) to all the data in a PolSAR image.
Then, by associating each component in the WMM with a
unique category, they achieve the class posterior probability
of a PolSAR data point belonging to a category according
to Bayes’ theorem, which facilitates the determination of
pixel labels for unsupervised classification. However, these
complex-Wishart-distribution-based methods cannot always
provide reliable classification results for PolSAR data from
high-resolution images and in heterogeneous areas, for which
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the adopted complex Wishart distribution is not valid any more
due to the violation of the fully developed speckle condition
[16].

One of the important conditions for fully developed speckle
is that a large number of scatterers should be included in a
resolution cell of homogeneous areas [16], which guarantees
the validity of the Central Limit Theorem (CLT). Thus, a
scattering vector follows the multivariate zero-mean circular
Gaussian distribution, and a covariance matrix for PolSAR
data is characterized by the complex Wishart distribution.
However, with the resolution increase of the PolSAR image, a
resolution cell (or pixel) corresponds to a smaller ground area.
Thus, for the high-resolution PolSAR images, there are only a
limited number of scatterers in a resolution cell, and the effec-
tive scatterer number could significantly vary from one pixel to
another, leading to the heterogeneity. In this case, the condition
for fully developed speckle is not fulfilled, which implies that
the circular Gaussian distribution and the complex Wishart
distribution cannot accurately characterize PolSAR data. This
requires non-Gaussian/non-Wishart clutter models for the clas-
sification of PolSAR images with high scene heterogeneity
[23]–[25]. Non-Gaussian/non-Wishart clutter models for Pol-
SAR data are generally developed with the product model.
In the product model, PolSAR data are represented by the
product of a complex-Wishart-distributed speckle component
and a scalar texture variable [26], [27]. When a distribution
has been selected for the scalar texture variable, the joint
distribution for the product model can be obtained, from which
a compound distribution of observed PolSAR data is further
derived by integrating the scalar texture variable out [28]–[33].
The application of compound distributions has demonstrated
promising results in PolSAR image classification [34], [35].
Nevertheless, numerical methods are generally required to
deal with the complicated functions in the derived compound
distributions, which inhibits their potential applications.

In PolSAR image classification, the pixel-wise methods
generally provide results with a severe “salt-and-pepper” ap-
pearance, which presents a major challenge to the interpreta-
tion of PolSAR images. Incorporating the correlation among
neighboring pixels contributes to the mitigation of the “salt-
and-pepper” effect. To this end, an intuitive solution is to treat
regions as the elements of classification. This idea is generally
implemented by two main steps, including 1) oversegmen-
tation of a PolSAR image into a large number of regions
(patches) or superpixels, and 2) classification of the resulting
regions or superpixels [36], [37]. In the region-based methods
of this kind, the contextual information is incorporated in the
classification step by assigning all the pixels in a region to the
same category. The classification performance of the region-
based methods are heavily dependent on the segmentation
quality of the first step. An inappropriate segmentation could
lead to the detail loss in the classification map as well as the
significant reduction of the classification accuracy.

To incorporate the spatial interdependencies in the pixel-
wise methods, a Markov random field (MRF) is commonly
used [38]–[41]. The energy function derived from the MRF
has been introduced in a level set method, which effectively
encourages the neighboring pixels to have the same labels as

the centered pixel [42]. Moreover, an MRF can be exploited
in a post-processing step to perform contextual smoothing
[43]. In a recent approach for supervised classification, con-
volutional neural network (CNN) [44] combines an MRF to
enforce the label smoothing [45]. In these methods, the MRF
generally requires the explicit modeling of observed data and
the imposition of a local prior on labels to model the spatial
relations. Then, the class posterior distribution given observa-
tions can be inferred so as to determine the pixel labels. By
contrast, a conditional random field (CRF) directly considers
the class posterior distribution in a discriminative framework,
which includes at least the unary potential and the pairwise
potential [46], [47]. In literature, the spatial interdependencies
are established through the pairwise potential [48], [49]. Wang
et al. propose an adaptive hybrid CRF model, which defines
the pairwise potential based on both the labels of two adjacent
superpixels and the similarity of their features [50]. CRF has
also been successfully applied in describing the complicated
relations among superpixels at multiple scales [51]. The high-
order potential beyond the unary and pairwise potentials in
the CRF is exploited to model the spatial location cues,
which takes into account the nonlocal relations and helps to
distinguish confused land-cover types [52].

Similarly to MRF and CRF, the idea of establishing pairwise
relationships is also developed in a general manner [53]–
[56]. A pairwise term has been defined to encourage label
smoothness [57]. In feature extraction for PolSAR image
classification, a pairwise constraint imposes the similarity on a
data sample and its nearest neighbors [58]. The pairwise con-
straint can be flexibly introduced into an existing framework
to consider the contextual information, leading to an integrated
method for PolSAR image classification. This resulting inte-
grated method from the introduction of the pairwise constraint
inherently avoids the dependencies between two successive
steps, and it is possible to provide good solutions as well as
accurate classification results.

In this paper, we propose a textured Dirichlet process
mixture model with the pairwise constraint (tDPMM-PC)
for unsupervised classification of PolSAR images. To better
characterize the heterogeneity in PolSAR data (especially from
high-resolution images), we establish the generation procedure
of an observed PolSAR data point according to the multipli-
cation representation in the product model. Specifically for
the generation procedure, the class-dependent texture variable
and the speckle component are first generated according to
the inverse Gamma distribution and the complex Wishart
distribution, and then an observed PolSAR data point is
obtained as the product of these two sampled variables. We
further integrate this generation procedure into the framework
of the Dirichlet process mixture model (DPMM) [59]–[61] for
unsupervised classification, leading to the proposed textured
DPMM (tDPMM). In the existing methods, the heterogeneity
is characterized in such a vague way that the PolSAR data
with high scene heterogeneity are described by a compound
distribution derived from the product model. By contrast,
the proposed tDPMM explicitly considers the heterogeneity
through the integrated texture variable. According to the
generation procedure of the tDPMM, its Bayesian model is
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formulated, which not only provides the flexibility in modeling
PolSAR data, but also eliminates the need to deal with the
complicated function involved in the compound distributions.
To alleviate the “salt-and-pepper” classification effect, the
local correlation is incorporated into the tDPMM through
the pairwise constraint, for which a center pixel is paired
with all its neighboring pixels. A similarity measure between
paired pixels is presented, which facilitates the derivation of
the closed-form updates in the learning algorithm and leads
to an integrated method. When the penalty term based on
the similarity measure is introduced to the objective func-
tion (i.e., the lower bound in variational inference [62]), a
variational learning algorithm for the proposed tDPMM-PC is
conveniently achieved with all the closed-form updates, and
the local correlation is incorporated in the inference stage.
In particular, according to the resulting update equations,
the class-dependent texture variable exhibits the property of
adaptively scaling the observed PolSAR data to their own
category centers (rather than to a comment category center),
which implies the robustness of the proposed method to some
extent.

This paper is structured as follows. Section II introduces
the preliminaries, including the statistical characteristics of
PolSAR data and the framework of the Dirichlet process mix-
ture model. In Section III, we deal with the heterogeneity in
PolSAR data by proposing a textured Dirichlet process mixture
model (tDPMM). Its learning algorithm is developed based on
variational inference. Section IV is devoted to incorporating
the local correlation into the proposed tDPMM through the
pairwise constraint. With variational inference, we derive the
closed-form updates for the corresponding variational learning
algorithm. Section V demonstrates the experimental results
and discussion. Finally, the conclusions of the paper are drawn
in Section VI.

II. PRELIMINARIES ON POLSAR DATA MODELING AND
DIRICHLET PROCESS MIXTURE MODEL

A. PolSAR Data and Statistical Properties

PolSAR acquires data by emitting and receiving radar waves
in different combinations of horizontal polarization (h) and
vertical polarization (v). A PolSAR data vector is represented
by a complex scattering vector (SV) as [16]

S = [Shh, Shv, Svh, Svv]
T , (1)

where the superscript T is the transpose operator. This vector
includes amplitude and phase information to represent a target.
For a reciprocal medium, the scattering vector reduces to S =
[Shh,

√
2Shv, Svv]

T under the assumption of Shv = Svh.
In PolSAR images, a granular noise pattern is always

demonstrated due to the speckle, leading to the difficulty in
image interpretation. To reduce this negative effect, multilook
PolSAR data are commonly exploited in interpretation tasks.
The multilook PolSAR data (e.g., the multilook covariance
matrix) are obtained by averaging the covariance matrices of
neighboring pixels [15]–[17], i.e.,

C =
1

L

L∑
i=1

SiS
H
i , (2)

where Si is the scattering vector in (1), and L is the number
of looks. The covariance matrix of a neighboring pixel is
evaluated according to SiS

H
i , where the superscript H is

the Hermitian transpose. This multilook sampling reduces the
granular noise pattern in PolSAR images and preserves the
polarimetric properties.

In homogeneous areas, this multilook covariance matrix
can be characterized by the complex Wishart distribution
W(C;L,Ω−1) [16], [17]

W(C;L,Ω−1) =
LLd

Γd(L)

|C|L−d

|Ω−1|L
exp

{
− L · tr(ΩC)

}
, (3)

where d is the number of elements in Si, Γd(L) =

π
d(d−1)

2

∏d−1
i=0 Γ(L− i), and Γ(x) =

∫ +∞
0

zx−1 exp{−z}dz is
the Gamma function. Ω−1 is the expectation of the covariance
matrix C. | · | and tr(·) evaluate the determinant and the
trace, respectively. In statistical-modeling-based methods for
the interpretation of PolSAR images, the complex Wishart
distribution is the basis for constructing flexible models.

B. Product Model

In high-resolution PolSAR images and heterogeneous areas,
the effective scatterer number could vary spatially from one
pixel to another one, which leads to the heterogeneity and
makes the complex Wishart distribution not valid. In this case,
the product model is helpful in developing heterogeneous clut-
ter models for PolSAR data. The product model for PolSAR
data decomposes an observed covariance matrix as the product
of two independent random variables [27], [30], i.e.,

C = t ·Y, (4)

where t is the texture variable, and Y is the speckle com-
ponent. The positive and scalar texture variable represents
the spatial fluctuation of effective scatterer number from one
resolution cell to another [27]. The other random variable
(i.e., the speckle component Y) follows the complex Wishart
distribution.

With the help of the complex-Wishart-distributed speckle
component Y in (4), we obtain a conditional probability
density function (PDF) of the covariance matrix C given the
texture variable t as [16]

p(C|t,Ω) =
LLd

Γd(L)

|C|L−d

|Ω|−L · tLd
exp

{
−L · tr(ΩC)

t

}
. (5)

In this distribution, L is the equivalent number of looks,
which can be determined according to the PolSAR data from
homogeneous areas. Thus, L can be conveniently treated as a
known parameter. Furthermore, given the PDF of the texture
variable p(t), the compound distribution of the multilook
covariance matrix C is derived by [26], [27]

p(C; Ω) =

∫
p(C|t,Ω) · p(t)dt. (6)

With this procedure, many flexible models have been yielded
to statistically characterize PolSAR data. Nevertheless, the
marginalization operation [see (6)] in the product model gen-
erally leads to the presence of complicated functions, which
inhibits the potential application of the derived models.
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C. Dirichlet Process Mixture Model

A realistic PolSAR image always involves various types of
regions, which exhibit different scattering characteristics. A
unimodal distribution (e.g., a compound distribution derived
from the product model) cannot accurately capture all statisti-
cal characteristics in a PolSAR image. This limitation can be
overcome by the framework of the Dirichlet process mixture
model (DPMM), which offers the opportunity to accurately
model a PolSAR image with a mixture of distributions and is
commonly used in unsupervised classification [60], [61].

The DPMM is formulated as a hierarchical Bayesian model,
which is given by [60], [61], [63]

G|α,G0 ∼ DP (α,G0), (7)
θn|G ∼ G, (8)
xn|θn ∼ p(xn|θn). (9)

This formulation illustrates the generation procedure of an
observation.

1) Firstly, (7) reveals that the respective probability for
each category (component) included in G is generated
according to a nonparametric prior, i.e., the Dirichlet
process (DP) DP (α,G0) with the positive concentration
parameter α and the base distribution G0 [59], [64].
When α is a quite small value, only a few categories
take high probability, which implies that the observation
xn is only possible to be generated from one of the
few categories with high probability. When α is a large
value, it is almost equally possible for all the categories
to generate observation xn.

2) Subsequently, according to the probability of categories
(i.e., G in (7) and (8)), the category to generate observa-
tion xn is determined, which is indicated by θn in (8).

3) Finally, given the knowledge of which category gener-
ates xn, the observation xn is sampled from the data
distribution p(xn|θn) in (9), which is associated with the
generating category (component).

By repeatedly performing this generation procedure, we can
obtain a data set with any given number of observations. For
instance, this data set could include the PolSAR data in an
image.

The key in the DPMM formulation is to explicitly represent
the discrete distribution G from the DP [see (7)]. To this
end, the stick-breaking representation [64], [65] is generally
adopted, i.e.,

ωi(v) = vi

i−1∏
j=1

(1− vj), (10)

vi ∼ Beta(vi; 1, α), (11)

G =
∞∑
i=1

ωi(v)δ(θ∗i ), (12)

where δ(·) is a Dirac delta function. (10)-(12) can be inter-
preted as a procedure of breaking a unit length “stick”. Starting
with a unit length “stick”, the mixing proportion (the category
probability) for i-th component ωi(v) is obtained by breaking
off a portion of the remaining “stick”. In (10),

∏i−1
j=1(1− vj)

is the remaining “stick”, and vi is the portion for the i-th
breaking-off. This breaking portion is determined from the
Beta distribution Beta(vi; 1, α) = α(1 − vi)(α−1) in (11). It
can be observed from (12) that the mixing proportions are
included in the discrete distribution G.

The stick-breaking construction guarantees ωi(v) > 0
and

∑∞
i=1 ωi(v) = 1. The parameter α in (12) (i.e., the

concentration parameter in the DP) controls the breaking-off
portion of the remaining “stick”. When α is quite small, less
portion of the “stick” is left for the next breaking-off, leading
to a small number of significant components in the DPMM.
Thanks to the introduction of the DP, the DPMM can treat
the component number (i.e., the cluster number) as a random
variable, and the component number can be determined ac-
cording to observations [61]. In addition, this stick-breaking
representation allows to learn the DPMM with optimization-
based inference methods, such as variational inference [62].

III. TEXTURED DPMM FOR POLSAR DATA AND ITS
VARIATIONAL INFERENCE

In this section, a textured DPMM (tDPMM) is proposed,
which takes into account the heterogeneity in PolSAR data.
The Bayesian inference model for the proposed tDPMM is
formulated by explicitly introducing the texture variable and
by appropriately assigning the observation distribution and the
prior distributions.

A. Textured DPMM for PolSAR Data

In the proposed textured DPMM (tDPMM), the class-
dependent texture variable is introduced in the DPMM frame-
work to characterize the heterogeneity, and each of observed
PolSAR data is described based on the multiplication of the
texture variable and the Wishart-distributed component. The
Bayesian formation of the proposed tDPMM is given by

vi ∼ Beta(vi; 1, α), (13)

ωi(v) = vi

i−1∏
j=1

(1− vj), (14)

zn|ω(v) ∼Mul(zn;ω(v)), (15)
tn|zn ∼ p(tn|zn), (16)

Ωzn
∼ p(Ωzn

; θzn
), (17)

Cn|zn, tn ∼ p(Cn|zn, tn,Ωzn
). (18)

The generative process of the proposed tDPMM is simi-
lar to that of the DPMM. Firstly, the mixing proportions
ω(v) = {ω1(v), ..., ω∞(v)} for the components are deter-
mined according to (13) and (14). Subsequently, based on the
mixing proportions, the binary vector zn = [zn1, ..., zn∞],
where only one element equals 1 and the other elements
are 0, is sampled according to the multinomial distribution
Mul(zn;ω(v)) =

∏
i ωi(v)zni in (15) so as to indicate

the component (category) of generating a PolSAR data point
Cn. Given the generating component indicated by zn, the
texture variable tn and the distribution parameter Ωzn

for this
component can be obtained as shown in (16) and (17). In the
final stage, an observed PolSAR data point Cn is generated
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by following the conditional data distribution given the texture
variable tn, the component parameter Ωzn , and the indicator
variable zn.

To apply the proposed tDPMM in unsupervised classifica-
tion of PolSAR data, the PDF of the texture variable in (16)
and the conditional distribution of PolSAR data in (18) are
required. Furthermore, a conjugate prior distribution for the
variable in the data distribution needs to be determined [see
(17)]. We will successively give the selection of these three
PDFs. In literature, it has been shown that the inverse Gamma
distribution is effective in describing the texture in PolSAR
images [29], [66]. Therefore, the inverse Gamma distribution
is selected as the PDF of the texture variable, i.e.,

p(tn; an, bn) =
bann

Γ(an)
t−an−1n exp

{
−bn
tn

}
(19)

where an and bn are the shape parameter and the scale
parameter, respectively.

The conditional PDF of the observed PolSAR data is derived
based on the multiplicative representation in the product
model as shown in (4). Specifically, with the knowledge of
the complex-Wishart-distributed speckle component and by
performing the transformation from Yn to Cn, the conditional
PDF of the observed PolSAR data Cn given the texture
variable tn is obtained as p(Cn|tn,Ω) in (5). For Ω in (5),
its conjugate prior is the complex Wishart distribution [67].
If a conjugate prior is assigned in Bayesian inference, the
functional form of the corresponding posterior distribution is
the same as the prior distribution [62]. With this knowledge
about the conjugate prior, the derivation of the posterior
distribution could be significantly simplified.

Once the proposed tDPMM has been learned, the unsu-
pervised classification of PolSAR data can be achieved by
assigning each data point to a label according to the largest
element in the expectation of the category-indicator vector
[68], [69], i.e.,

ln = arg max
i

E[zni], (20)

where ln is the label for data point n, and E[·] performs the
expectation.

B. Variational Inference for the Textured DPMM

The learning algorithm for the proposed tDPMM is de-
veloped based on variational inference. We will first present
the basic idea of variational inference and then focus on the
derivation of the update equations in the variational learning
algorithm for the proposed tDPMM.

In variational inference, the general idea is to maximize the
variational lower bound L(q(Λ)) with respect to the posterior
distribution so as to obtain the solution [62], i.e.,

q∗ = arg max
q(Λ)

L(q(Λ)), (21)

where L(q(Λ)) ,
∫
q(Λ) ln p(C,Λ)

q(Λ) dΛ. C and Λ are re-
spectively the set of observations and the set of all random
variables. Specifically for the tDPMM, C = {C1, ..., CN}
is the set of all the observations in a PolSAR image and
Λ includes all the variables Z = {zn}, v, t = {tn},

and Ω = {Ωzn
}. Λ does not involve ω(v), since ωi(v) is

evaluated based on v according to (14).
In practice, the true posterior distribution p(Λ|C) is gen-

erally not tractable. An idea to obtain tractable solution is
to approximate the posterior distribution by breaking the
dependencies among the random variables. To this end, the
fully factorized approximation based on the mean field theory
is generally exploited, which factorizes the posterior distri-
bution into disjoint groups q(Λ) =

∏
i q(Λi) and opens the

possibility of achieving tractable solutions [70]. With this
approximation, the solution to the maximization problem in
(21) can be derived in element-wise form as [62]

q∗(Λi) =
exp

{
Ej 6=i[ln p(C,Λ)]

}∫
exp

{
Ej 6=i[ln p(C,Λ)]

}
dΛi

, (22)

where Ej 6=i[ln p(C,Λ)] =
∫

ln p(C,Λ)
∏
j 6=i(q(Λj)dΛj)

performs the integration over every Λj except for j = i and
only keeps the desired Λi. The integration in the denominator
is a normalization term that guarantees the solution in (22) to
be probabilistic. It is worth noting that when a conjugate prior
is assigned for each Λi, the posterior distribution q∗(Λi) can
be conveniently achieved by matching the form of the prior
distribution with the corresponding posterior distribution [62].

Based on the variational inference aforementioned, we
develop the variational learning algorithm for the proposed
tDPMM. The log-likelihood function for the proposed tDPMM
is represented by

ln p(C,Λ)

= ln p(C|Z, t,Ω) + ln p(t|Z) + ln p(Z|ω(v))

+ ln p(v;α0) + ln p(Ω; {θi0}),
(23)

where Λ = {Z,v, t,Ω}, and the prior distribution p(Ω; {θi0})
is introduced for the fully Bayesian formulation of the infer-
ence model. To achieve tractable solutions with variational in-
ference, the true posterior distribution p(Λ|C) is approximated
as

p(Λ|C) ≈ q(Λ) = q(Ω)q(v)q(t|Z)q(Z). (24)

For this approximation, we consider a structural factorization
between the texture variable t and the indicator variable Z,
rather than breaking all the dependencies.

As elaborated in Section III.A, the distributions involved in
(23) are detailed as follows:

p(C|Z, t,Ω) =
∏
n

∏
i

{
p(Cn|tn,Ωi)

}zni

, (25)

p(t|Z) =
∏
n

∏
i

{
p(tn; ani0, bni0)

}zni

, (26)

p(Z|ω(v)) =
∏
n

∏
i

vi
i−1∏
j=1

(1− vj)


zni

, (27)

p(v;α0) =
∏
i

α0(1− vi)α0−1, (28)

p(Ω; {ηi0,W−1i0 }) =
∏
i

W(Ωi; ηi0,W
−1
i0 ), (29)

where p(Cn|tn,Ωi) can be found from (5) and
p(tn; ani0, bni0) from (19). The PDF for the indicator
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variable Z = {zn} in (27) is obtained by substituting (14)
into (15). By substituting these distributions into (23), the
log-likelihood function is found to be

ln p(C,Λ)

=
∑
n

∑
i

zni

{
ln

LLd

Γd(L)
+ (L− d) ln |Cn|+ L ln |Ωi|

− Ld ln tn −
L

tn
· tr(ΩiCn)

}
+
∑
i

(α0 − 1) ln(1− vi)

+
∑
n

∑
i

zni

{
ln

bani0
ni0

Γ(ani0)
− (ani0 + 1) · ln tn −

bni0
tn

}

+
∑
n

∑
i

zni

{
ln vi +

i−1∑
j=1

ln(1− vj)
}

+
∑
i

{
(ηi0 − d) ln |Ωi| − ηi0 · tr(Wi0Ωi)

}
+ const,

(30)
where “const” is the summation of all the independent terms
of Λ.

Based on (30) and following the variational inference, we
obtain the posterior distributions, i.e., q(Z), q(v), q(Ω), and
q(t|Z) in (24). The posterior distribution of the variable Z =
{zn} is given in logarithm as

ln q∗(Z) =
∑
n

∑
i

zni ln rni, (31)

where E[zni] = rni and rni = ρni/
∑
j ρnj . ρni is evaluated

by taking the exponential of

ln ρni = ln
LLd

Γd(L)
+ ln

bani0
ni0

Γ(ani0)
+ LE[ln |Ωi|]

+ (L− d) ln |Cn| − (ani0 + Ld+ 1) ·Ezni [ln tn]

− (bni0 + L · tr(E[Ωi]Cn)) ·Ezni
[

1

tn
] + E[lnωi(v)],

(32)

where E[lnωi(v)] = E[ln vi] +
∑i−1
j=1 E[ln(1− vj)] and E[·]

performs the expectation over the posterior distribution. Ezni [·]
is the conditional expectation given zni = 1. The posterior
distribution in (31) provides the possibility information of the
a PolSAR data point Cn belonging to the i-th component
(category) in view of both E[zni] = rni and the expression of
rni, which facilitates the classification of a PolSAR image.

The posterior distributions for each vi and each Ωi are
respectively the Beta distribution and the complex Wishart
distribution in view of the introduced conjugate priors. Their
posterior distributions in logarithm are presented as

ln q∗(v)

=
∑
i

{
(βi − 1) ln vi + (αi − 1) ln(1− vi)

}
+ const

=
∑
i

{
(α0 +

∞∑
j=i+1

∑
n

E[znj ]− 1) · ln(1− vi)

+
∑
n

E[zni] · ln vi
}

+ const,

(33)

and

ln q∗(Ω)

=
∑
i

{
(ηi − d) · ln |Ωi| − ηi · tr(WiΩi)

}
+ const

=
∑
i

{
(ηi0 + L

∑
n

E[zni]− d) · ln |Ωi|

− tr([ηi0Wi0 + L
∑
n

E[zni]Ezni
[

1

tn
] · Cn] · Ωi)

}
+ const.

(34)

Similarly, the solution to the texture variable t is given by

ln q∗(t|Z)

=
∑
n

∑
i

zni

{
− (ani + 1) · ln tn −

bni
tn

}
+ const

=
∑
n

∑
i

zni

{
− (ani0 + Ld+ 1) · ln tn

− [bni0 + L · tr(E[Ωi]Cn)] · 1

tn

}
+ const,

(35)

where the term in the curly brackets takes the form of the
inverse Gamma distribution.

The derived posterior distributions and their corresponding
prior distributions have the same functional form (e.g., (34)
and (29) are the complex Wishart distributions), which implies
that the conjugate priors have been assigned in view of the
definition [62]. Thus, the update equations for the parameters
in the posterior distributions can be conveniently achieved as

βi = 1 +
∑
n

E[zni], (36a)

αi = α0 +

∞∑
j=i+1

∑
n

E[znj ], (36b)

ηi = ηi0 + L
∑
n

E[zni], (36c)

Wi =
1

ηi

{
ηi0Wi0 + L

∑
n

E[zni]Ezni
[

1

tn
]Cn

}
, (36d)

ani = ani0 + Ld, (36e)
bni = bni0 + L · tr(E[Ωi] · Cn). (36f)

The expected values involved in learning the tDPMM are
calculated by

E[zni] = rni, Ezni [
1

tn
] =

ani
bni

, E[Ωi] = W−1i ,

Ezni
[ln tn] = ln bni − ψ(ani),

E[ln vi] = ψ(βi)− ψ(αi + βi),

E[ln(1− vi)] = ψ(αi)− ψ(αi + βi),

E[ln |Ωi|] = ln |W−1i | − d ln ηi +
d−1∑
j=0

ψ(ηi − j),

(37)

where ψ(x) = d ln Γ(x)/dx is the digamma function. By
alternatively evaluating (31), (32), and (36a)-(36f) until the
stop criterion is reached, the proposed tDPMM can be learned
and the classification can be performed according to (20).
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The inverse-Gamma-distributed texture variable tn plays
a significant role in the proposed tDPMM. Since this tex-
ture variable depends on categories and on PolSAR data as
shown in its conditional posterior of (35), it is possible to
scale multiple PolSAR data towards their own components
(categories) rather than a common component. In addition,
in view that the learning algorithm iteratively updates the
indicator variables Z and component parameters, the category-
dependent texture variable has to be updated in each iteration
so as to achieve the appropriate scaling value. Specifically,
the expectation Ezni

[1/tn] in (37) is evaluated based on
ani in (36e) and bni in (36f). When both ani0 and bni0 in
(36e) and (36f) are far smaller than the other terms, then
Ezni [1/tn]→ d/tr(E[Ωi]·Cn), where d is the number of rows
in the squared matrix of a PolSAR data point Cn. Thus, in
view of the relation Cn/tn = Yn, Ezni

[1/tn] can be viewed as
a scale factor determined according to the divergence measure
d/tr(E[Ωi] · Cn). When the observed PolSAR data point Cn
is “far” away from the i-th cluster center E[Ωi], the value of
Ezni [1/tn] is small. Consequently, all the observed PolSAR
data can be adaptively scaled towards their own components
by their unique texture variables so that the complex Wishart
distribution for each component can be better exploited to
describe the texture-dependent observations [see (18)]. This
also illustrates the robustness of the proposed tDPMM to some
extent.

Another observation is the marginal posterior distribution of
the texture variable tn, i.e.,

q(tn) =
∑
zn

q(tn, zn) =
∑
i

q(tn|zni)q(zni), (38)

where q(zni) > 0 and
∑
i q(zni) = 1. This marginal distri-

bution demonstrates that the structural factorization between t
and Z [see (24)] leads to a mixture model for describing the
texture variable. This reveals the flexibility of the proposed
tDPMM in the statistical modeling task.

IV. TEXTURED DPMM WITH PAIRWISE CONSTRAINT AND
ITS VARIATIONAL INFERENCE

In classification results of PolSAR images, pixel-wise meth-
ods generally lead to the “salt-and-pepper” appearance, which
brings difficulty in visual interpretation. To alleviate the “salt-
and-pepper” effect and achieve better results, the proposed
tDPMM further incorporates local correlation through the pair-
wise constraint. We develop the corresponding learning algo-
rithm for this tDPMM with the pairwise constraint (tDPMM-
PC) based on the variational inference.

A. Pairwise Constraint for the tDPMM

Local correlation can be described by pairwise relations be-
tween a pixel and its neighbors, which reflects prior knowledge
about whether two pixels belong to the same class or not.
Thus, the idea of pairwise constraint [53]–[55] is applicable
in incorporating local correlation. Pairwise constraint has been
successfully used in various applications and has demonstrated
improved performances [56], [71]–[73]. Compared with the
use of the MRF in taking local correlation into account,

the imposition of pairwise constraint is not restricted to the
discrete labels. Moreover, exploiting an appropriate measure in
pairwise constraint could lead to an integrated method, which
facilitates the development of learning algorithm and provide
good solutions.

In a local area of an image, when a center pixel is paired
with its neighboring pixels, they are assumed to represent
similar objects such that a local correlation is established. To
quantify the relation between two paired pixels, a similarity
measure is presented based on a probability vector pn =
[pn1, ..., pni, ...], where each element represents the probability
of pixel n belonging to cluster i, i.e.,

pni =
ωi(v) · p(Cn|tn,Ωi)∑
i ωi(v) · p(Cn|tn,Ωi)

, (39)

where ωi(v) = vi
∏i−1
j=1(1 − vi) and p(Cn|tn,Ωi) takes the

form of (5). The probability vector pn includes the information
for the classification. Thus, a symmetric similarity measure for
two paired pixels n and m is given by

fnm =
1

2

∫
q(Λ)

{∑
i

(zni ln
pni
pmi

+ zmi ln
pmi
pni

)

}
dΛ.

(40)
When the probability representations for the paired pixels n
and m are exactly the same (i.e., pn = pm), fnm = 0.
This symmetric similarity measure is an approximation to
1
2

∫
q(Λ)

{∑
i(pni ln pni

pmi
+ pmi ln pmi

pni
)

}
dΛ in view of the

fact that both pni and E[zni] represent the probability of pixel
n belonging to cluster i. More importantly, with the symmetric
similarity measure in (40), the local correlation is incorporated
in the inference stage, and the closed-form updates can be
conveniently derived for the variational learning algorithm.

B. Variational Inference

By introducing a penalty term based on (40), the varia-
tional inference for the tDPMM with the pairwise constraint
(tDPMM-PC) is performed by solving the following problem

max
q(Λ)

∫
q(Λ) ln

p(C,Λ)

q(Λ)
dΛ−

∑
n

∑
m∈Nn

γnmfnm, (41)

where the first term includes the information to individually
determine the label of each PolSAR data point. The second
term describes the relation between the centered pixel and its
neighbors, and it encourages all the pixels in a local area to fall
into the same category. Nn includes pixel n and its neighbors
(i.e., the paired pixels). γnm = 1/N(Nn) for m ∈ Nn, where
N(Nn) evaluates the number of pixels in Nn.

The term
∫
q(Λ) ln p(C,Λ)dΛ can be obtained based on

(30), which is in the form of a summation. This summa-
tion form is the same as the penalty term [see (40) and
the second term in (41)]. Thus, the penalty term can be
absorbed by the numerator of the variational lower bound in
(41). Let

∫
q(Λ) lnJ (C,Λ)dΛ =

∫
q(Λ) ln p(C,Λ)dΛ −∑

n

∑
m∈Nn

γnmfnm. Then, we can learn the proposed
tDPMM-PC according to

max
q(Λ)

∫
q(Λ) ln

J (C,Λ)

q(Λ)
dΛ. (42)
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The objective function in this optimization problem keeps
the same form as that of the variational inference [see (21)],
which implies that the principle of variational inference is still
applicable in this problem.

Following the variational inference and with the same
structural factorization as (24), the update equations are con-
veniently obtained for learning the tDPMM-PC as

βi = 1 +
∑
n

E[zni], (43a)

αi = α0 +
∞∑

j=i+1

∑
n

E[znj ], (43b)

ηi = ηi0 + L
∑
n

E[zni], (43c)

Wi =
1

ηi

{
ηi0Wi0 + L

∑
n

∑
m∈Nn

E[zni]γnmCmEzmi
[

1

tm
]

}
,

(43d)
ani = ani0 + gniLd, (43e)
bni = bni0 + gniL · tr(E[Ωi] · Cn) (43f)

rni =
ρni∑
j ρnj

, (43g)

where gni and the logarithm of ρni take the form of

gni = γnn +
∑

m∈Nn,m6=n

γnmE[zmi] (44)

and

ln ρni

= ln
LLd

Γd(L)
+

bani0
ni0

Γ(ani0)
+ LE[ln |Ωi|] + E[lnωi(v)]

+ (L− d)
∑
m∈Nn

γnm ln |Cm|

− Ld ·
{ ∑
m∈Nn

γnmEzmi
[ln tm]

}
− L · tr

(
E[Ωi] ·

{ ∑
m∈Nn

γnmCmEzmi
[

1

tm
]
})

− (ani0 + 1)Ezni [ln tn]− bni0Ezni [
1

tn
].

(45)

Here, E[lnωi(v)] = E[ln vi] +
∑i−1
j=1 E[ln(1− vj)] and tr(·)

is the trace operator. The corresponding posterior distributions
are given by

q∗(v) =
∏
i

Γ(βi + αi)

Γ(βi)Γ(αi)
vβi−1
i (1− vi)αi−1, (46)

q∗(Ω) =
∏
i

W(Ωi; ηi,W
−1
i ), (47)

q∗(t|Z) =
∏
n

∏
i

{
bani
ni

Γ(ani)
t−ani−1
n exp{−bni

tn
}
}zni

, (48)

q∗(Z) =
∏
n

∏
i

rzni
ni . (49)

By observing (43d)-(43f), these update equations for learn-
ing the textured Dirichlet process mixture model with the
pairwise constraint (tDPMM-PC) are quite different from

Algorithm 1 Variational Learning Algorithm for the Proposed
tDPMM-PC.

1: M ← truncation level.
2: {α0, ηi0,Wi0, ani0, bni0} ← initial values of the hyperpa-

rameters in the prior distributions.
3: E[Z]← initial expectation of the indicator variable.
4:
{
Ezni [

1
tn

],Ezni
[ln tn]

}
← initial expected values related

to the introduced texture variable t.
5: k ← 0
6: while Stop criterion is not satisfied, do
7: Evaluate β(k+1)

i and α(k+1)
i by (43a) and (43b)

8: Evaluate η(k+1)
i by (43c)

9: Evaluate W (k+1)
i by (43d)

10: Evaluate a(k+1)
ni and b(k+1)

ni by (43e) and (43f)
11: Update E[zni]

(k+1) according to (43g) and (45)
12: k ← k + 1
13: Θ(k) ← {β(k)

i , α
(k)
i , η

(k)
i ,W

(k)
i , a

(k)
ni , b

(k)
ni }

14: end while
15: Output Θ∗ ← Θ(k)

16: Return E[zni]
(k)

those for tDPMM [see (36d)-(36f)], revealing that the local
correlation is incorporated through the pairwise constraint.

The complete learning algorithm for tDPMM-PC is illus-
trated in Algorithm 1, where the truncated stick-breaking rep-
resentation [61] is exploited. The truncated stick-breaking rep-
resentation is a standard technique to make the optimization-
based variational inference feasible in spite of the infinite
number of components [74]. In this truncated stick-breaking
representation, the truncation level M is fixed, leading to
p(vM = 1) = 1. p(vM = 1) = 1 implies that the M -
th breaking takes all the remaining “stick”, and we have
the mixing coefficients ωj(v) = 0 for j > M . Thus, only
the parameters in a finite number of components (i.e., the
component with index j, j ≤M ) need to be estimated, rather
than directly dealing with an infinite number of components.

C. Complexity Analysis

In the proposed algorithm [see Algorithm 1], all the equa-
tions (i.e., (43a)-(43g), (44), (45), and (37)) are updated in
every iteration. Evaluations for ln ρni in (45), Wi in (43d),
and bni in (43f) cost much more time in view of both the
many terms and the manipulation on the neighboring pixels.
We focus on the analysis of these three updates since they are
the main sources for the complexity of the algorithm.

To update ln ρni in (45), evaluations are performed on
the matrix inversion in E[Ωi], the determinant in E[ln |Ωi|],
and the trace. More importantly, it involves the manipulation
on the neighboring pixels, which contributes much to the
complexity of updating ln ρni. Thus, updating ln ρni for all
n and i requires the complexity of the order O(`NMSd2)
when M � N . Here, M is the truncation level, N is
the number of observed PolSAR data, d2 is the number
of entries for each PolSAR data point, ` is the number of
iterations, and S = N(Nn) is the number of pixels in a local
area Nn centered at pixel n. For Wi, the computation for
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(a) (b)

(c) (d) (e)
Fig. 1. The Pauli RGB images over the test sites. (a) This is an excerpt
of the L-band PolSAR image with the size of 792 × 827 acquired by
NASA/JPL AIRSAR over the savanna area in the north of Kakadu NT,
Australia. Its nominal range and azimuth pixel spacing (range×azimuth in
meter) is approximately 6m× 12m. (b) An L-band PolSAR image with the
size of 479× 529 was acquired by NASA/JPL AIRSAR over San Francisco.
Its resolution is approximately 10m×10m. (c) A 475×213 PolSAR image
was acquired by EMISAR over Foulum, Denmark. This data set is collected
in L band, with the nominal range and azimuth pixel spacing (range×azimuth
in meter) of 1.49m × 0.75m. (d) An L-band PolSAR image with the size
of 787×421 was acquired by DLR ESAR over Oberpfaffenhofen, Germany.
Its resolution is approximately 1.5m × 1.5m. (e) This is a 383 × 281
excerpt of the L-band PolSAR image over the agriculture area in Flevoland
measured by NASA/JPL AIRSAR. Its nominal range and azimuth pixel
spacing (range×azimuth in meter) is approximately 6m× 12m.

the multiplication between a scalar and a d × d complex-
valued matrix Cm performs 2d2 multiplications in total on
the real part and the imagery part. By further considering the
manipulation for all the neighboring pixels, the complexity of
updating all Wi is of the order O(`NMSd2) as well. For all
bni in (43f), the neighboring pixels are manipulated according
to (44) and the trace is evaluated for each observation, leading
to the complexity of the order O(`NM(S + d2)). Based on
the respective analysis for the complexity of the three updates,
the total complexity for the learning algorithm is of the order
O(`NM(Sd2 + S + d2))

V. EXPERIMENTAL RESULTS AND DISCUSSION

To verify the effectiveness of the proposed method (i.e.,
the variational tDPMM-PC method in Section IV), the experi-
ments are performed based on five PolSAR images as shown in
Fig. 1. These data sets are acquired by different sensors (e.g.,
AIRSAR, EMISAR, and DLR ESAR), which facilitate the
validation of the proposed method for low-resolution and high-
resolution PolSAR images. Moreover, these data sets include
various objects and areas of interest including ocean, buildings,
woodland, urban areas, and agricultural areas. With these data
sets, we can extensively test the proposed method (i.e., the

variational tDPMM-PC method in Section IV) for PolSAR
data in homogeneous areas (e.g., ocean), heterogeneous areas
(e.g., forest and woodland), and extremely heterogeneous areas
(e.g., urban areas).

In Fig. 1, the data sets are respectively referred to as
“Kakadu”, “San Francisco”, “Foulum”, “Oberp” short for
“Oberpfaffenhofen”, and “Flevoland” according to their place
names. These PolSAR images are preprocessed by the refined
Lee filter [75]. To explore the separate effects of the introduced
texture variable and the pairwise constraint in the proposed
method, we present the results for three unsupervised methods,
i.e., the variational Dirichlet process mixture of Wishart (i.e.,
the variational DPMM in Appendix), the variational tDPMM
[see Section III], and the proposed method (i.e., the variational
tDPMM-PC method in Section IV). With data sets “Kakadu”
and “San Francisco”, we evaluate the performance of the pro-
posed method for low-resolution PolSAR images. Similarly,
the high-resolution PolSAR images (i.e., data sets “Foulum”
and “Oberp”) are used to test the proposed method. Finally,
based on data set “Flevoland”, we present the application of
the proposed method in the crop classification.

In all the experiments, we use the 5× 5 neighborhood. The
truncation level is set to the number of categories by default.
Otherwise, we will clearly indicate the truncation level. The
prior parameters in the proposed method are mostly fixed as
α0 = 0.1, ηi0 = 5, ani0 = 10, and bni0 = 9 for all i and n.
The selection of Wi0 depends on data sets.

In addition to the proposed method, the compared methods
include another four unsupervised methods and one super-
vised method. The supervised method is based on the CNN,
which directly adopts the complex-valued data as inputs.
This complex-valued CNN (CV-CNN) method is suitable for
PolSAR data, and it has shown good performance in Pol-
SAR image classification [76]. The unsupervised methods are
the H/α-Wishart-MRF method, the Chernoff-Wishart-MRF
method, the variational DPMM-MRF method, and the varia-
tional tDPMM-MRF method. In H/α-Wishart-MRF method
and the Chernoff-Wishart-MRF method, a Markov random
field (MRF) prior is introduced into the H/α-Wishart method
[9] and the Chernoff-Wishart method [19]. The variational
DPMM-MRF method is obtained by combining the variational
DPMM [see Appendix] with the MRF as that in [69]. Sim-
ilarly, we also obtain the variational tDPMM-MRF method
so that we can verify the effectiveness of the introduced
texture variable by comparing with the variational DPMM-
MRF and the effectiveness of the pairwise constraint in the
proposed tDPMM-PC by comparing with the MRF. For a fair
comparison with the proposed method, all these compared
methods have incorporated the contextual information. For
quantitative analysis, it is required for these unsupervised
classification methods to appropriately associate the generated
labels with ground truth labels. To this end, we exhaustively
try all the mappings from the generated labels to the ground
truth labels and select the mapping with the highest overall
accuracy (OA) so as to give the color maps. These methods are
quantitatively compared according to the producer’s accuracy,
OA, and the kappa coefficient (κ). In every table of the
accuracy assessment, the column for the CV-CNN method
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Fig. 2. The ground truth for data set “Oberp” and the classification maps
for ablation studies. (a) The ground truth. (b) The legend. (c) The variational
DPMM. (d) The procedure of “Scaling+DPMM”. (e) Our tDPMM. (f) The
procedure of “Scaling+DPMM+MF”. (g) The procedure of “tDPMM+MF”.
(h) The proposed method.

TABLE I
ACCURACY ASSESSMENT FOR THE EFFECTS OF THE TEXTURE VARIABLE

AND THE PAIRWISE CONSTRAINT.

provides the metric values corresponding to the highest OA
among 20 independent tests. For the other compared methods,
we present the average values over 20 independent tests.

A. Effectiveness of the Introduced Texture Variable and the
Pairwise Constraint in tDPMM-PC

In the proposed method (i.e., the variational tDPMM-PC),
the texture variable and the pairwise constraint are incorpo-
rated. Their separate effects are investigated by performing
classification based on the high-resolution PolSAR image
“Oberp”. In Fig. 2, we present the experimental results for the
variational DPMM [see Appendix], our variational tDPMM
[see Section III], and the proposed method [see Section IV].
The integrated method (i.e., the proposed tDPMM-PC) is
also evaluated against the multi-step procedures of “Scal-
ing+DPMM”, “Scaling+DPMM+MF”, and “tDPMM+MF”. In
the procedure of “Scaling+DPMM”, the PolSAR data are first
scaled according to sCn = Cn/tn, where tn = tr(Ω−1 ·

Cn)/d, Ω is the average of all observations in a PolSAR
image, and d is the number of rows in the square matrix
Cn. Subsequently, these scaled PolSAR data are classified
by the variational DPMM method. The procedure of “Scal-
ing+DPMM+MF” includes the scaling of data, the pixel-wise
classification of the scaled data by the variational DPMM, and
the post-processing by using the mode filter (MF) on the clas-
sification map. In the procedure of “tDPMM+MF”, the pixel-
wise classification by the variational tDPMM is performed
and the MF is subsequently used as a post-processing step to
remove noisy pixels in the classification map. The truncation
level is set to the number of categories in the ground truth.
The label for each pixel is determined according to (20). In
this experiment, Wi0 = 1 × 10−2 · I for all i. Here, I is the
identity matrix, where every entry in the diagonal is 1 and the
other entries are 0.

According to Fig. 2(a) and (c), although the details in the
black solid circle are recognized by the variational DPMM, it
obviously misclassifies the building as the woodland in view of
the result in the middle red circle. By incorporating the texture
variable into the variational DPMM, the variational tDPMM
is achieved. It is observed from Fig. 2(e) that the variational
tDPMM correctly identifies the building (the yellow pixels)
in the middle red circle. Moreover, the edges in the black
dotted circle are well preserved by the variational tDPMM,
and the better results for visual interpretation are observed in
the woodland [see the red solid circle of Fig. 2(e)]. Compared
with the multi-step procedure of “Scaling+DPMM” as shown
in Fig. 2(d), the variational tDPMM clearly identifies the main
structures. These improved results reveal that the incorporated
texture variable in the variational tDPMM is beneficial to the
analysis of PolSAR data both from high-resolution images and
in heterogeneous areas.

By further exploiting the mode filter to reduce the noisy pix-
els in the classification maps, the “Scaling+DPMM+MF” and
the “tDPMM+MF” significantly improve the overall accuracy
(OA) values according to Table I. Nevertheless, their classifi-
cation results still exhibit the “salt-and-pepper” appearance to
some extent, and they suffer from the loss of details and the
misclassification in the black solid circles of Fig. 2(f) and Fig.
2(g). By contrast, the proposed method significantly alleviates
the “salt-and-pepper” effect and provides a classification map
with less noisy points as shown in Fig. 2(h), implying the
effectiveness of incorporating the local correlation through the
pairwise constraint.

B. Low-Resolution PolSAR Images
According to the ground truth in Fig. 3(a), the PolSAR

image “Kakadu” provides water body and natural areas, such
as the mangroves, the woodland, and the grassland. The
PolSAR image “San Francisco” includes a large part of urban
area as shown in Fig. 4(a). With these two PolSAR images, we
verify the effectiveness of the proposed method in identifying
the natural areas as well as the urban area. The truncation
level is set to the number of categories, which can be obtained
from their ground-truth maps. In the experiment with data set
“Kakadu”, Wi0 = 1 × 103 · I for all i; in “San Francisco”,
Wi0 = 8× 101 · I for all i.
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Fig. 3. Ground-truth map for data set “Kakadu” and classification maps
obtained by the compared methods. (a) The ground truth. (b) The legend.
(c) The H/α-Wishart-MRF method. (d) The Chernoff-Wishart-MRF method.
(e) The variational DPMM-MRF method. (f) The variational tDPMM-MRF
method. (g) The CV-CNN method. (h) The proposed method.

TABLE II
ACCURACY ASSESSMENT BASED ON DATA SET “KAKADU”.

As shown in Fig. 3(d) and (e), the Chernoff-Wishart-MRF
method and the variational DPMM-MRF method fail to dis-
criminate the woodland from the grassland, leading to the mis-
classification and the loss of the details in the red circle. The
other methods provide similar results to each other. However,
according to Fig. 3(f), the variational tDPMM-MRF method
tends to confuse the mangroves with the woodland pixels.
Although the H/α-Wishart-MRF method and the CV-CNN
method provide the structure information in the grassland and
the woodland, they ignore the details in the mangrove area of
the black dotted circle. The proposed method clearly identifies
the water in the mangrove area and achieves the competitive
classification performance with the CV-CNN method. The
high accuracy values and the large κ in the last column of
Table II confirm the effectiveness of the proposed method in
identifying the natural areas.

In building areas and urban areas, houses, roads, cars,
and trees could be mixed, leading to complicated scattering
characteristics. As shown in the red circles of Fig. 4(c)-
(e), there are many noisy points, and this urban area is not
well identified by the three methods, i.e., the H/α-Wishart-
MRF method, the Chernoff-Wishart-MRF method, and the
variational DPMM-MRF method. All these three methods
involve the complex Wishart distribution for either clustering
or modeling PolSAR data. Thus, it is found that the complex
Wishart distribution itself is not always adequate to accurately
capture the heterogeneity in the urban area. According to Fig.
4(f) and (h), the variational tDPMM-MRF and the proposed
method provide smooth results in the urban area [see the red

Fig. 4. Ground-truth map for data set “San Francisco” and classification maps
obtained by the compared methods. (a) The ground truth. (b) The legend.
(c) The H/α-Wishart-MRF method. (d) The Chernoff-Wishart-MRF method.
(e) The variational DPMM-MRF method. (f) The variational tDPMM-MRF
method. (g) The CV-CNN method. (h) The proposed method.

TABLE III
ACCURACY ASSESSMENT BASED ON DATA SET “SAN FRANCISCO”.

circle] and better preserve the details in the black circles,
which implies the effectiveness of the introduced texture
variable in facilitating the analysis of the PolSAR data from
the extremely heterogeneous areas. Moreover, the variational
tDPMM-MRF and the proposed method achieve as good
performance as the CV-CNN method according to Table III.

C. High-Resolution PolSAR Images

Data set “Foulum” is with the nominal range and azimuth
pixel spacing (range×azimuth in meter) of 1.49m× 0.749m.
The resolution of data set “Oberp” is approximately 1.5m ×
1.5m. With these two data sets, we can evaluate the perfor-
mance of the proposed method for high-resolution PolSAR
images. For data set “Foulum”, the proposed method adopts
the parameter Wi0 = 1 × 10−1 · I for all i; for “Oberp”,
Wi0 = 1× 10−2 · I for all i.

For data set “Foulum”, all the methods identify the main
structures as shown in Fig. 5(c)-(h). However, they exhibit
different patterns in the classification of the building areas
(e.g., the area in the red dotted box). Specifically, the H/α-
Wishart-MRF method, the Chernoff-Wishart-MRF method,
the variational DPMM-MRF and the variational tDPMM-
MRF method identify the building area as a combination of
different categories in view of the staggered appearance of
the orange and the yellow pixels in the red boxes, although
all these methods have incorporated the local correlation. This
staggered appearance leads to their low values in the accuracy
of the building category according to Table IV. The CV-CNN
method correctly recognizes the building area with less noisy
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Fig. 5. Ground-truth map for data set “Foulum” and classification maps
obtained by the compared methods. (a) The ground truth. (b) The legend.
(c) The H/α-Wishart-MRF method. (d) The Chernoff-Wishart-MRF method.
(e) The variational DPMM-MRF method. (f) The variational tDPMM-MRF
method. (g) The CV-CNN method. (h) The proposed method.

TABLE IV
ACCURACY ASSESSMENT BASED ON DATA SET “FOULUM”.

points, and it achieves the highest classification accuracy for
the building category among the compared methods. However,
it fails to distinguish the bare field from the small stem crops,
which implies that the CV-CNN method requires more training
samples for the bare field to achieve better discrimination. In
Fig. 5(h), the proposed method tends to identify the building
areas as the whole blocks and provides the convenience for the
interpretation of the PolSAR data in the heterogeneous areas.

In data set “Oberp”, the H/α-Wishart-MRF method, the
Chernoff-Wishart-MRF method, and the variational DPMM-
MRF method bring about the complicated structures in the
woodland according to the results in the red circles of the
Fig. 6(c)-(e). Although they preserve the main structures
of the woodland, the results are not convenient for visual
interpretation. By contrast, in Fig. 6(f) and (h), the variational
tDPMM-MRF and the proposed method demonstrate less

Fig. 6. Ground-truth map for data set “Oberp” and classification maps
obtained by the compared methods. (a) The ground truth. (b) The legend.
(c) The H/α-Wishart-MRF method. (d) The Chernoff-Wishart-MRF method.
(e) The variational DPMM-MRF method. (f) The variational tDPMM-MRF
method. (g) The CV-CNN method. (h) The proposed method.

TABLE V
ACCURACY ASSESSMENT BASED ON DATA SET “OBERP”.

noisy points in the heterogeneous area (i.e., the woodland in
the red circle) and can still preserve the main structures (e.g.,
the two regions with orange pixels in the red circle), revealing
that both the introduced texture variable and the incorporation
of local correlation are beneficial to the visual interpretation of
the heterogeneous area. In particular, the variational tDPMM-
MRF better preserves the structure in the black dotted circle
of Fig. 6(f). In this experiment, the CV-CNN method also
provides the accurate classification of the buildings in view of
both its classification map in Fig. 6(g) and its high accuracy of
the building category in Table V. Nevertheless, the proposed
method identifies the structures in the black solid circle as
shown in Fig. 6(h), providing a more appropriate classification
map.

D. Classification of Agriculture Area

The crop classification is performed based on data set
“Flevoland”. Its ground truth [36] and legend are presented
in Fig. 7(a) and (b). According to the ground truth, 8 types
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Fig. 7. Ground-truth map for data set “Flevoland” and classification maps
obtained by the compared methods. (a) The ground truth. (b) The legend.
(c) The H/α-Wishart-MRF method. (d) The Chernoff-Wishart-MRF method.
(e) The variational DPMM-MRF method. (f) The variational tDPMM-MRF
method. (g) The CV-CNN method. (h) The proposed method.

TABLE VI
ACCURACY ASSESSMENT BASED ON DATA SET “FLEVOLAND”.

of crops are provided for quantitative evaluation. In this
experiment, Wi0 = 3×10−1 ·I is set for the proposed method.

In agriculture areas, the same type of crops can be always
found in a local region. Thus, it is generally valid to assume
the existence of the local correlation for the classification of
agriculture areas. Smoothing results can be found from Fig.
7(c)-(h), implying the effectiveness of both the MRF and the
pairwise constraint. In Fig. 7(d) and (e), the Chernoff-Wishart-
MRF method and the variational DPMM-MRF method do
not provide the coinciding results with the ground truth in
view of the structures in the red circles. By contrast, the
proposed method identifies the whole block of Barley and
correctly separates the region in the lower black circle into
two parts as shown in Fig. 7(h). By a comparison between
Fig. 7(f) and (h), the variational tDPMM-MRF exhibits the
competitive performance with the proposed method, which
is also confirmed by the high producer’s accuracy in Table
VI. Nevertheless, the proposed method achieves both the
higher OA and the higher κ, implying the good classification
performance of the proposed method in the agriculture area.

VI. CONCLUSION

A textured Dirichlet process mixture model with the pair-
wise constraint (tDPMM-PC) has been proposed for un-
supervised classification of PolSAR images. The proposed
model integrated the texture variable into the DPMM to
provide more flexibility in characterizing the PolSAR data
in the heterogeneous and the extremely heterogeneous areas.
Furthermore, the similarity measure has been presented to
quantitatively describe the relation between paired pixels.
Thus, local correlation can be conveniently taken into account
through the pairwise constraint, producing appropriate results
for visual interpretation. The variational learning algorithm for
the proposed model (i.e., tDPMM-PC) was developed with all
the closed-form updates. The effectiveness of the proposed
method has been verified with the low-resolution PolSAR
images and the high-resolution PolSAR images, which provide
the homogeneous areas, the heterogeneous areas, and the
extremely heterogeneous areas.

In the proposed method, the local correlation (i.e., the
contextual information in the neighborhood) has been in-
corporated to provide better results for visual interpretation.
However, the edge information was not well preserved. We
will further consider the edge information for PolSAR image
classification so as to clearly and accurately preserve bound-
aries. In addition, more experiments are needed to investigate
the different effects of the pairwise constraint and the MRF
for low-resolution and high-resolution PolSAR images.

APPENDIX
VARIATIONAL DPMM

In the Dirichlet process mixture of the complex Wishart
distributions, data are generated according to the complex
Wishart distribution. Following the principle of the variational
inference, the update equations for this Dirichlet process
mixture model (DPMM) are derived as

βi = 1 +
∑
n

E[zni], (50a)

αi = α0 +

∞∑
j=i+1

∑
n

E[znj ], (50b)

ηi = ηi0 + L
∑
n

E[zni], (50c)

Wi =
1

ηi

{
ηi0Wi0 + L

∑
n

E[zni]Cn

}
, (50d)

E[zni] =
ρni∑
i ρni

. (50e)

The logarithm of ρni is given by

ln ρni = E[lnωi(v)] + ln
LLd

Γd(L)
+ LE[ln |Ωi|]

+ (L− d) ln |Cn| − L · tr
(

E[Ωi] · Cn
)
,

(51)

where E[lnωi(v)] = E[ln vi] +
∑i−1
j=1 E[ln(1 − vj)], and

tr(·) is the trace operator. The involved expectation values
can be evaluated based on (37). Thus, the DPMM can be
learned by alternatively implementing (50a)-(50e), until the
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stop criterion is reached. Furthermore, according to (20), the
labels for PolSAR data can be determined.
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