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ABSTRACT
We propose a novel image prior for the non-parametric
Bayesian mixture model based unsupervised classification
of SAR images. We modified the Normalized Gamma Process prior that constitutes a more general form of the Dirichlet
Process prior in order to enclose the contribution of the adjacent pixels into the classification scheme. This yields an
image classification prior embedded in a mixture model that
allows infinite number of clusters and enables reaching to
smoothed classification maps. Based on the classification results obtained on synthetic and real TerraSAR-X images, it is
shown that the proposed model is capable of accurately classifying the pixels. It applies a simple iterative update scheme
at a single run without performing a hierarchical clustering
strategy as used in the previously proposed methods. It is also
demonstrated that the model order estimation accuracy of the
proposed method outperforms the conventional finite mixture
models.
Index Terms— infinite mixture models, normalized
gamma process mixtures, nonparametric Bayesian, image
classification, SAR images
1. INTRODUCTION
Accurate land cover classification from high resolution Synthetic Aperture Radar (SAR) images has become an important aspect in remote sensing applications. The main problem arises from the difficulty in knowing the exact number
of classes in advance. Therefore the automatic estimation
of the unknown number of classes is a challenging topic in
SAR image classification. We propose an unsupervised SAR
image classification algorithm that models the distribution of
the image intensities using a non-stationary mixture model
that encloses a flexible image classification prior regarding to
number of classes.
One of the traditional ways to determine the number of
classes is to run the algorithms, like Expectation-Maximization
(EM), several times for different model orders and resort to
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a criterion, like Bayesian Information Criterion (BIC). On
the other hand, Bayesian approach to image classification became appealing because it allows nonparametric estimation of
model order. Rather than running a fixed order mixture model
several times and searching the best solution among several
ones, non-parametric Bayesian approaches allow finding the
solution by a single run with the help of a flexible prior. It is
also known that a classification map can be improved by including the spatial information into the classification model.
Under the Bayesian approach, non-stationary Finite Mixture Models (FMMs) are convenient models to incorporate
the spatial interactions to model-based image classification.
[1] uses a Markov Random Fields (MRFs) prior for mixture
proportions to achieve a non-stationary mixture model. [2]
exploits the Pólya urn model for image classification. A
non-stationary latent class label model is proposed in [3] by
defining a Gaussian MRF over the parameters of the Dirichlet
Compound Multinomial (DCM) mixture density. [4] and [5]
propose a latent Gaussian random field and link the random
field to the mixture proportions by a Multinomial Logistic
(MNL) function. [6] defines a MNL regression model for
class labels. In [6], hierarchical agglomeration, Classification
EM (CEM) and Integrated Completed Likelihood criterion
are combined to obtain an unsupervised classification algorithm for SAR images.
It is shown that assuming a fixed number of mixture components limits the flexibility of FMMs. Rather than FMMs,
Dirichlet Process Mixture (DPM) models allow us to work
with infinite number of mixture components in the model with
the help of Non-Parametric Bayesian algorithms. It appears
to us that [7] is the first attempt to use DPM model for image classification. [7] combines MRFs and DP for classification. [8] proposes to apply a MRF based post-processing to
the image classified by DPM model to obtain a smooth classification map. [9] describes a spatially dependent Pitman-Yor
process over the superpixels which are previously segmented
small image patches. In this study, we incorporate the MNL
prior introduced in [10] and [6] for SAR images into a Normalized Gamma Process Mixture model (NGPM) that constitutes a more general version of the DPM model. Our motivation by using a NGPM model rather than a DPM is to obtain
a smoothly segmented classification map by enclosing con-
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tribution of the adjacent pixels into the classification scheme.
This yields a normalized image prior embedded in a mixture
model that enables us reaching to a smoothed classification
map for the SAR images with a single run and without applying any post-processing.
The proposed SAR image classification method employs
an inference scheme inspired from the Block Gibbs sampling
algorithm proposed in [11] for a fast posterior inference of a
truncated stick-breaking process. Unlike [11], we use Iterated
Conditional Mode (ICM) updates instead of Gibbs sampling.
In this way, we update the variables by their posterior modes
rather than random samples that yields lower computational
load.
Organization of the paper is as follows. Section 2 and 3
respectively present the proposed model and related inference
algorithm. The simulation results are reported in Section 4.
Section 5 summarizes the conclusion and future work.
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Fig. 1. Graphical representation of the proposed NGPM
model with MNL regression. The graphic illustrates only
three adjacent pixels for simplicity.
version of the NGP mixture (NGPM) model as follows:

2. NORMALIZED GAMMA PROCESS PRIOR WITH
MULTINOMIAL LOGISTIC FUNCTION
We denote the pixel intensities by xn ∈ R+ and pixel label
vectors by zn ∈ {0, 1}K for n = 1, . . . , N . The K dimenPK
sional label vector zn has the property that k=1 zn,k = 1
which means it indicates only one of the K classes by assigning its related element to 1. Each class has a probability
density function f (xn |θn ) arising from a parametric family.
We assign a parameter set to each pixel and assume that these
parameters θn take values from a set Φ = {φ1 , . . . , φK }.
In order to include the spatial interactions into the classification model, we use the extended version of multinomial
auto-logistic model proposed in [10] and [6] for SAR image classification. First, we include a new variable γk ∼
Gamma(α/K, 1) [12] into multinomial auto-logistic prior as
γk eβvn,k
ωn,k = p(zn,k = 1|z∂n,k , β, γk ) = PK
βvn,j
j=1 γj e

(1)

P
where vn,k = 1 + m∈M(n) zm,k and β is the smoothing
parameter and M(n) is the set of pixels around the nth pixel.
The parameter α is called the concentration parameter of the
process.
When K goes to infinity, (1) yields a Normalized Gamma
Process (NGP) prior,
Gn (θn ) =

∞
X

ωn,k δ(θn − φk )

(2)

k=1

where φk is distributed according to the base distribution
G0 . The prior Gn (θn ) becomes a realization from the NGP,
Gn (θn ) ∼ N GP (α, G0 , ωn,1:K ). We can write the truncated
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xn |θn
zn |z∂n , β
θn
Gn (θn )|φ1:K , α
φk

∼
∼
∼
∼
∼

f (xn |θn )
Categorical(ωn,1 , . . . , ωn,K )
Gn (θn ),
(3)
N GPn (α, G0 , ωn,1:K )
G0 .

3. POSTERIOR INFERENCE
Our aim is the intensity based SAR image classification. For
this purpose, we model the class intensities using Log-Normal
density which is an empirical intensity model for SAR images
[13]. We choose the Log-Normal density among the other
theoretical and empirical densities due to the fact that it allows
us to define conjugate priors for its parameters. We define the
class intensity density as a Log-Normal density denoted as
f (xn |φk ) = LogN(xn |µk , τk ) where
√
τk
2
τk
√ e− 2 (log xn −µk )
LogN(xn |µk , τk ) =
(4)
xn 2π
and φk = {µk , τk }. Hence the normal and gamma conjugate
priors for µk and τk are respectively defined as
G0 (µk , τk ) = N(µk |µ0 , δ/τk ) × Gamma(τk |a, b)

(5)

where ψ = {µ0 , δ, a, b} is the set of hyper-parameters. The
graphical representation corresponding to the proposed model
is given in Fig. 1.
In order to perform a posterior inference from the model
formulated in (1)-(3) with the densities given in (4) and (5),
we first marginalize out the parameters θn . In this way, we obtain a non-parametric model. After this collapsion, we have
four key variables to infer, namely the labels zn , the parameters φk of the classes, the smoothing parameter β and the
concentration parameter γk . We use the Iterated Conditional

Table 1. Classification recall rates (%) reported for water,
urban and land areas of the real SAR image and in overall.

(a)

(b)

MLS [16]
FMM-MNL-ICM
AML-CEM [6]
NGPM-ICM

(c)

water
89.47
99.86
92.36
93.58

urban
35.62
99.21
98.29
97.40

land
84.71
40.80
80.97
76.68

average
69.93
79.96
90.54
90.22

Fig. 2. (a) Synthetic test image, and its classification results
obtained by (b) FMM-MNL-ICM and (c) NGPM-ICM.
Mode (ICM) version of the block Gibbs sampling algorithm
which is proposed for posterior sampling of a stick breaking
construction of a DPM model [11] to overcome the long mixing time inefficiency of the previously proposed Gibbs sampling algorithms [14]. In this way, we aim to obtain a faster
algorithm than the block Gibbs sampling. We update the variables along the iterations in the following order:
N
Y

γkt+1

←
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n

←

t+1
max p(xn |zn , φt1:K )p(zn |zt∂n , β t , γ1:K
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t+1
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φk

where n = 1, .., N , k = 1, .., K and t is the pseudo time
index. We update the concentration parameter α as follow:
αt = αt−1 + c(αmax − αt−1 ) where αmax is the maximum
value of α and c is a constant.
4. SIMULATION RESULTS
This section presents the test results obtained by the proposed
and the related methods. The NGPM image prior proposed
in this study is the extended version of the MNL image prior
which is introduced in [10] for FMMs. To make a fair comparison of models, the same ICM update steps are used to
learn both of the models. Therefore we call them briefly as
NGPM-ICM and FMM-MNL-ICM methods. For the initialization of the hyper-parameters of NGPM model, we use the
following scheme. We randomly select a 1000 of 7 × 7 image blocks over the image. In each image block, we find the
Maximum Likelihood (ML) estimates of the parameters. The
resulting parameter set is used to learn the hyper-parameters
by ML estimation. We fix the hyper-parameters to their ML
estimates and use them along the iterations. The maximum
number of components in the mixture models is chosen to be
10 for each test.
In order to reveal the advantage of the NGPM prior model,
we test the NGPM-ICM and FMM-MNL-ICM methods on a
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synthetic image SYN (see Fig. 2(a)) which has 6 different
segments constituted by drawing random samples from 6 different log-normal densities. The location parameters of the
log-normal densities are chosen to be close to each other to
make the problem more challenging. The shape of the segments is adopted from the Prague Texture Segmentation Datagenerator and Benchmark [15]. Fig. 2(b) and 2(c) show the
classification performance achieved by the proposed NGPMICM and the FMM-MNL-ICM methods, respectively. As
seen form these classification maps, FMM-MNL-ICM collapses to a 4-class map due to the pixels having close intensities. On the other side, NGPM-ICM is able to find the exact
number of classes (segments) in the test image with the help
of the concentration parameter α of NGPM prior model. Setting αmax to a high value i.e. αmax = 4 × 106 prevents the
collapsion of the number of classes.
Along with the synthetic test image results, we show
some real SAR image classification results in Fig. 3. We
evaluate performance achieved by the Multi-phase Level Set
(MLS) [16] which is a commonly used variational method,
Amplitude density mixtures of MNL with Classification
Expectation-Maximization (AML-CEM) [6], NGPM-ICM
and FMM-MNL-ICM methods, on the 900 × 600 pixels HH
polarized, TerraSAR-X SpotLight (8.2 m ground resolution)
4-look image which was acquired over the city of Rosenheim
in Germany (see Fig. 3(a)). The prior image models used
in both AML-CEM and FMM-MNL-ICM are the same but
AML-CEM applies an hierarchical agglomerative clustering
with the CEM algorithm rather than ICM and the class density used in AML-CEM is the Nakagami density rather than a
log-normal. As seen from Fig. 3, NGPM-ICM algorithm provides more smooth segments than that of MLS [16]. While
the NGPM-ICM method is able to find the water, urban and
land areas in the image, FMM-MNL-ICM converges to an
over-segmented solution. FMM-MNL-ICM results also an
undesirable expansion in the urban area. Table 1 lists the
numerical recall values (number of correctly classified pixels over true pixels) for water, urban and land areas. Notice
that although AML-CEM uses an advance strategy that combines hierarchical agglomeration and CEM, its performance
obtained at K = 3 is quite close to that of NGPM-ICM. However, the NGPM-ICM converges to the solution at a single
run by applying simple ICM update steps without performing
the hierarchical clustering as in AML-CEM.
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