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Multigranularity Multiclass-Layer Markov Random
Field Model for Semantic Segmentation

of Remote Sensing Images
Chen Zheng , Member, IEEE, Yun Zhang , Senior Member, IEEE, and Leiguang Wang

Abstract— Semantic segmentation is one of the most important
tasks in remote sensing. However, as spatial resolution increases,
distinguishing the homogeneity of each land class and the
heterogeneity between different land classes are challenging. The
Markov random field model (MRF) is a widely used method
for semantic segmentation due to its effective spatial context
description. To improve segmentation accuracy, some MRF-based
methods extract more image information by constructing the
probability graph with pixel or object granularity units, and some
other methods interpret the image from different semantic per-
spectives by building multilayer semantic classes. However, these
MRF-based methods fail to capture the relationship between
different granularity features extracted from the image and
hierarchical semantic classes that need to be interpreted. In this
article, a new MRF-based method is proposed to incorporate the
multigranularity information and the multilayer semantic classes
together for semantic segmentation of remote sensing images. The
proposed method develops a framework that builds a hybrid
probability graph on both pixel and object granularities and
defines a multiclass-layer label field with hierarchical semantic
over the hybrid probability graph. A generative alternating gran-
ularity inference is suggested to provide the result by iteratively
passing and updating information between different granularities
and hierarchical semantics. The proposed method is tested on
texture images, different remote sensing images obtained by
the SPOT5, Gaofen-2, GeoEye, and aerial sensors, and Pavia
University hyperspectral image. Experiments demonstrate that
the proposed method shows a better segmentation performance
than other state-of-the-art methods.
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I. INTRODUCTION

IMAGE segmentation is one of the most important tasks in
the field of remote sensing image processing. Its purpose

is to partition the image into homogeneous regions. Many
methods have been proposed to solve it in the past 30 years
[1]–[5]. They can be roughly divided into two groups: the basic
segmentation and the semantic segmentation. The former, also
known as superpixel methods, segments the image into many
small pieces of regions, and pixels in each region usually
have similar spectral features. The basic segmentation includes
the watershed [6], [7], mean shift (MS) [8]–[10], normal-
ized cuts [11], turbopixel [12], and simple linear iterative
clustering (SLIC) [13]. The semantic segmentation, on the
other hand, segments the image into several large regions
with clear land cover or land use meanings, which includes
the clustering methods [9], [14]–[16], level set-based methods
[17]–[19], deep learning methods [20]–[22], Bayesian net [23],
[24], and the Markov random field (MRF) model [25]–[29].
In recent years, deep learning methods have been widely
studied [20], [21], [30]–[34], such as the fully convolutional
networks (FCN) [30], U-Net [32], SegNet [33], and DeepLab
[34]. They use techniques such as convolution-pooling or
encoder–decoder to learn features of the observed image,
and achieve great success in the field of remote sensing
image semantic segmentation. But, performances of deep
learning-based methods depend on the quantity and quality of
training data. Statistical segmentation methods provide another
sensible way for semantic segmentation. As objects belonging
to the same land cover usually show the statistical regularity
of geographical distribution, statistical methods try to capture
this statistical regularity and distinguish different land classes
according to it. In particular, the MRF model is a statistical
model that has a solid theoretical basis and can effectively
capture the spatial distribution of the given image without
training data [25], [29], [35]. Our work belongs to the semantic
segmentation with the MRF model. Specially, we propose
a multigranularity and multiclass-layer MRF model that can
incorporate various granularity features and multilayer seman-
tic information and apply it to semantic segmentation of
remote sensing images.

Much progress has been made in the field of remote sensing
semantic segmentation so far, especially with the development
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of the artificial intelligence. However, semantic segmentation
is still far from being solved. One factor that prevents this
from happening is the lack of ability by existing methods
to effectively capture and distinguish the homogeneity of
each land class and the heterogeneity between different land
classes. In fact, with the increase of the spatial resolution,
different land classes often have the same spectral features
and one certain land class may show various appearances
in the remote sensing images. This leads that small pieces
of misclassifications usually exist in the results of many
pixel-based methods, even by employing the linear or non-
linear transformation to map the original image into other
feature spaces. To exploit the spatial variation, the geographic
object-based image analysis (GEOBIA) has emerged by using
superpixels, i.e., over-segmented regions, as the basic units
instead of pixels [1], [3], [36], [37]. The GEOBIA can not only
model the complicated large-scope spatial relationships but
also provide regional features with basic semantic information.
However, the GEOBIA may lose some detailed information
of the image and bring blurred boundaries in the result.
Therefore, the multiscale segmentation is studied and becomes
an effective approach for semantic segmentation of remote
sensing [35], [38]–[41].

Multiscale segmentation uses features of different scales to
break the limitation of single-scale features. It can represent
the image from various perspective and extract more infor-
mation. The classic multiscale segmentation is the quad-tree-
based method or wavelet transform-based method with the
pyramid structure [42], [43]. But these methods only build
the multiscale representation on the pixel granularity. Hence,
some hybrid multiscale segmentation methods take both the
pixel granularity and the object granularity into account [44],
[45], which can combine the benefits of both the detailed
information of pixel-based features and large-scope spatial
context of the GEOBIA.

Despite these efforts, besides extracting proper features
from the image data, additional semantic information is also
needed to guide the semantic segmentation. For remote sens-
ing image data, especially for high spatial resolution remote
sensing images, different land covers or classes may include
the same subclasses. If one wants to determine which land
classes one certain-subclass object belongs to, the semantic
information, such as contextual information, will be more
effective than the features of image data. For instance, if judg-
ing a tree belongs to urban area or forest, the information
of its surrounding objects, such as buildings or other trees,
is more important than features of this tree itself. Hence, many
works have studied in this aspect that introduced hierarchical
semantic information into segmentation. However, what is still
lacking is the effective inference operations between different
semantic classes.

A desirable semantic segmentation framework for remote
sensing image may be the one that is able to flexibly incorpo-
rate various features of different granularities and hierarchical
semantic classes, and provide the segmentation result by
integrating all the information in a probabilistic way. The MRF
model is a probability graph model with the complete theo-
retical foundation that provides an effective way to integrate

different granularity information and hierarchical semantic
classes.

Specifically, the MRF model can represent different types
of granularity information with a specific graph G = (V , E).
Each basic unit in this graph G is denoted as a vertex, and V
is the set of vertexes and E is the set of edges that represents
the spatial relationship between any two vertexes. If the MRF
model is defined on the pixel granularity, G is a regular grid
lattice to represent pixel-based basic units [26], [46], if it is
defined on the object granularity, G is a region adjacency
graph (RAG) to describe superpixel-based basic units [25].
The unary potential of the MRF model is used to extract cor-
responding features with the likelihood function. Moreover, the
MRF model can also capture hierarchical semantic classes by
using the multilayer pairwise potential [28], [44], [47], [48].

If we treat one MRF model that is defined on one certain
granularity for interpreting one certain semantic-layer informa-
tion as a basic “MRF-based module.” The existing MRF-based
methods can flexibly define any one certain “MRF-based
module” with the given granularity and semantic information.
However, there is still a lack of a model that can organize
various “MRF-based module” together to integrate different
granularity and different semantic-layer information. To over-
come this limitation, we propose a new multigranularity
multiclass-layer MRF (MGMCL-MRF) model, which provides
a multiclass-layer segmentation framework to fully explore
multigranularity features of the scene accompanying with less
prior information. Under this framework, a new probabilistic
inference is further studied to integrate different granularity
information and implement semantic inference between these
MRF-based modules.

The main contributions of the proposed MGMCL-MRF
method are summarized as below: 1) the MGMCL-MRF repre-
sents different granularity information with hybrid probability
graphs; 2) four associated MRF-based modules are devel-
oped to capture various granularity information and different
semantic-layer classes; and 3) a framework is studied to inte-
grate four modules together, and a generative alternating gran-
ularity inference is proposed to realize the final segmentation
by iteratively passing and integrating information between four
modules. The framework of the proposed method is shown in
Fig. 1. As shown in this figure, each MRF-based module of
the proposed model is developed as the basic unit to capture
the statistical information for one certain semantic layer at one
certain granularity, and the MGMCL-MRF model is proposed
to statically organize different MRF-based modules within the
designed framework, and then dynamically integrate all the
information with the new probability inference. By capturing
and distinguishing the geographical distribution of different
land cover or land use from the perspective of different
granularities and semantics, the proposed method provides a
statistical method for semantic segmentation of remote sensing
image.

The rest of this article is organized as follows. Section II
briefly reviews the related works. Section III introduces
the framework of the proposed method and its probabil-
ity inference. Section V discusses the parameter setting of
the MGMCL-MRF model and evaluates its effectiveness on
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different remote sensing images. At last, Section V concludes
this article.

II. RELATED WORK

The MRF model has been widely used for semantic seg-
mentation as it can reduce the impact of intraclass variations
by considering the spatial context with the Markov property,
especially for the broad land class segmentation such as urban
area, water, and vegetation [1]. Existing MRF-based methods
on semantic segmentation often focus on either constructing
probability graph at different granularities so that various
observed features and large-scope spatial interactions can
be captured, or building multilayer land classes to interpret
hierarchical semantic information. The related works of these
two aspects are summarized as follows.

A. MRF Model With Different Granularities

The classic MRF model is defined on the pixel granularity
with regular spatial context [25], [26]. It used the likelihood
function of unary potential to describe the probability distri-
bution of observed features for each land class, and used the
joint probability of pairwise potential to capture the spatial
context between different land classes as the priori informa-
tion. But, in the high spatial resolution remote sensing image,
the pixel-based MRF methods are difficult to define suitable
features and likelihood function with semantic meaning due
to complex and large-scope textures.

To improve the pixel-based MRF methods, the probability
graph of MRF model [25] was extended from the pixel
granularity to the object granularity, and defined the MRF
on the RAG, which can capture more complex textures and
regional features by incorporating interactions in a large spatial
neighborhood. Xia et al. [49] used the Wishart distribution
to define the likelihood function and proposed a generative
iteration to solve the object-based MRF model (OMRF).
Wang et al. [50] employed the normalized cut to get the
superpixels and defined the MRF on superpixels. Li et al. [51]
introduced the adaptive weight coefficient into the OMRF and
used it to the hyperspectral images. Ye et al. [52] used the
OMRF model to crop extraction by considering the Fisher
linear discriminant and loopy belief propagation. In [53], [54],
the edge information and region growing were introduced
into the OMRF model to improve the segmentation accuracy.
Zheng et al. [55] considered both the region size and edge
information to build a weighted RAG for the OMRF model.

Because remote sensing images usually contain various
scale and hierarchy information, multiscale technique is pro-
posed to assist the analysis of granularity information. For the
pixel granularity, the quad tree was used to realize the multi-
scale representation of the MRF model [56]. Noda et al. [42]
employed the wavelet transform to get the multiresolution
pyramid structure and proposed a multiresolution MRF model.
Liu et al. [35] built a deep parsing network to represent
multiscale information and integrated it with high-order MRF.
For the object granularity, Olding et al. [57] incorporated
different over-segmented superpixels as the region overlap
graph (ROG), and defined the OMRF model on this graph.
A multiregion resolution MRF model was also proposed for

segmentation [58]. The above methods only focus on the
multiscale representation at one granularity, but information
of each granularity has its own advantages and disadvantages.
Namely, the information of pixel granularity can describe the
detailed information and preserve the edge of segmentation
results, on the contrary, the information of object granularity
can capture the complex and macro textures in a large-scope
spatial neighborhood. Hence, the information of both pixel
and object granularities was integrated by a hybrid MRF
model for segmentation [45]. Tuia et al. [59] used an energy
minimization framework of conditional random field to realize
the fusion of pixel-based and object-based spatial information.
These MRF-based methods with different granularities effec-
tively improved the segmentation accuracy, however, they can
only provide the segmentation result with one semantic layer,
which is difficult to capture the hierarchy semantic information
in remote sensing images.

B. Hierarchical Semantic Interpretation With MRF Model

In the MRF model, the class label of each vertex is
assumed to be a random variable that takes value from the
set of land classes. Its realization is determined as one certain
land class that can maximize the posterior probability among
the set of land classes. In order to capture the hierarchical
semantic information in the high spatial resolution images,
Kumar et al. [47] studied a two-layer hierarchical class field,
where the first layer of the label field took pseudo labels
and the second layer took the desired classes. And the first
layer was used to describe the short-range interactions as
well as the second layer for the long-range interactions.
Ladicky et al. [44] proposed an associative hierarchical ran-
dom field model for semantic segmentation. This model intro-
duced the auxiliary label variable into the MRF model and
extended the label set with a free label subset for the auxiliary
label variable. It also further proposed a framework of the
pairwise potential to describe the interactions between the
label variable and auxiliary label variable. Zheng et al. [28]
also used an OMRF model with two auxiliary label layers
for semantic segmentation, where one auxiliary label layer
considered more classes than the desired classes and the other
was developed to provide some large homogeneous regions
with fewer classes. During above works, there is one main
semantic layer with desired classes, while other layers are
usually auxiliary. In [48], an two-layer semantic classes were
introduced into the OMRF model, where classes of each layer
both had clear semantic meanings and a transition probability
matrix was considered to capture the interactions between
classes of two layers.

Many efforts of hierarchical semantic segmentation have
been made based on the MRF model, however, these methods
usually defined semantic class layers on one certain proba-
bility graph, which can only use the image information of
one granularity for semantic interpretation. In the proposed
method, the MGMCL-MRF model not only considers the
hierarchical semantic classes but also defines each class layer
on probability graphs of different granularities, which can help
the proposed model to obtain the result of each class layer
from different perspectives. The inference between different
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Fig. 1. Framework of the MGMCL-MRF model.

granularity information and hierarchical semantic classes is
also studied in the MGMCL-MRF model.

III. PROPOSED METHOD

The proposed MGMCL-MRF model aims to integrate
different granularity information and hierarchical semantic
classes into one MRF-based framework. In this section,
the classic MRF model is firstly reviewed, and then the
MGMCL-MRF model is discussed in detail.

A. Segmentation of the MRF Model

Let G = (V , E) be the probability graph of the remote
sensing image Y = {ys |s ! S}, V = {vs |s ! S} and
E = {es,t |s, t ! S} are the vertex set and the edge set, respec-
tively. Here, each s denotes the site of one basic unit for
Y and S is the site set of s with n nodes. Vertex vs denotes the

basic unit of site s, which is usually a pixel for the pixel-based
MRF model or an over segmented region for the OMRF
model. Edge es,t denotes the relationship between vs and vt ,
where es,t = 1 if these two vertexes are adjacent and es,t = 0
if they are not. The label field, X = {Xs |s ! S}, is defined on
G. Each Xs is a random variable that denotes the land class
of vs and takes value from the class set L = {1, 2, . . . , K },
where K is the number of the classes. If x = {xs |s ! S}is a
realization of X , the segmentation problem can be converted
to finding an optimal realization x̂ of X , that is,

x̂ = argmax
x

P(X = x |Y )

= argmax
x

P(Y |X = x)P(X = x). (1)

In the above function, P(Y |X = x) is the likelihood function
that measures the occurrence probability of Y conditional on
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X = x , and P(X = x) is a joint probability distribution that
captures the spatial interactions between vertexes with Markov
property. This property is

P(Xs = xs |xt , t ! S/s) = P(Xs = xs |xt , t ! Ns ). (2)

Here, the neighborhood Ns = {t |t ! S and es,t = 1} of Vs is a
set of vertexes neighboring to Vs . Based on the Hammersley–
Clifford theorem [25], the distribution P(X = x) of obeys the
Gibbs distribution, that is,

P(X = x) = 1
Z

exp ("U(x)). (3)

Here, Z = !
x exp ("U(x)) is the normalizing constant and

the energy function U(x) equals to the sum of all the clique
potential functions. As the pairwise clique has the simple form
but conveys contextual information effectively, the energy
function is usually defined as the sum of pairwise potential
functions, i.e., U(x) = !

s
!

t!Ns
!(xs, xt ). By taking

negative logarithmic operation on P(X = x |Y ), (1) can be
rewritten as

x̂ = argmin
x

" ln P(Y |X = x) " ln P(X = x)

= argmin
x={xs |s!S}

"

s

"(xs, ys) +
"

s

"

t!Ns

!(xs, xt ) (4)

where "(xs, ys) and !(xs, xt ) are the unary and the pairwise
potential functions.

B. Framework of the Proposed MGMCL-MRF

In order to incorporate different granularity information
and hierarchical semantic classes with one MRF-based model,
as shown in Fig. 1, the MGMCL-MRF model is exploited in
this section for semantic segmentation. In the MGMCL-MRF
model, both the pixel granularity R(1) and the object gran-
ularity R(2) are considered and a hybrid probability graph
G = (GR(1)

, GR(2)
) is defined on these granularities. Namely,

the subgraph GR(1) = {VR(1)
, ER(1)} is defined on the

pixel granularity with pixel-based basic units and the sub-
graph GR(2) = {VR(2)

, ER(2)} is defined on the object
granularity with regional basic units. To further capture
hierarchical semantic classes, a two-class-layer label field,
X = (XL(1)

, XL(2)
), is developed for each subgraph of the

hybrid probability graph, where one sublabel field XL(1)

takes value from the class set L(1) of one semantic layer
and XL(2)

takes value from the class set L(2) of the other
semantic layer. That is to say, there are four MRF-based
modules in the MGMCL-MRF model when considering
combinations of two granularities and two semantic lay-
ers, i.e., (GR(1)

, YR(1)
, XR(1),L(1)

), (GR(1)
, YR(1)

, XR(1),L(2)
),

(GR(2)
, YR(2)

, XR(2),L(1)
), (GR(2)

, YR(2)
, XR(2),L(2)

). Here,
YR(1) = {yR

(1)

s |s ! SR
(1)} and YR(2) = {yR

(2)

s |s !
SR

(2)} are observed features of corresponding subgraphs, and
XR(i),L( j) = {XR(i),L( j)

s |XR(i),L( j)

s ! L( j ) and s ! SR
(i) }

denotes the label field that is defined on the subgraph GR(i)

with the class set L( j ),1 # i, j # 2. SR
(1)

and SR
(2)

are the
site sets of the pixel granularity and the object granularity,
respectively.

If xR
(i),L( j)

is a realization of XR(i) ,L( j)
, the segmentation

result of the MGMCL-MRF model is the optimal realization
x̂ = (x̂R

(1),L(1)
, x̂R

(1),L(2)
, x̂R

(2),L(1)
, x̂R

(2),L(2)
),1 # i, j # 2.

That is,

x̂ = argmin
x

"(xR
(1),L(1)

, xR
(1),L(2)

, xR
(2),L(1)

, xR
(2),L(2)

,

YR(1)
, YR(2)

) + !(xR
(1),L(1)

, xR
(1),L(2)

,

xR
(2),L(1)

, xR
(2),L(2)

). (5)

C. Relationships Between Four MRF-Based Modules

In the framework of the MGMCL-MRF model,
it is difficult to calculate the unary potential

"(xR
(1),L(1)

, xR
(1),L(2)

, xR
(2),L(1)

, xR
(2),L(2)

, YR(1)
, YR(2)

) and

pairwise potential !(xR
(1),L(1)

, xR
(1),L(2)

, xR
(2),L(1)

,
xR

(2),L(2)
) as there are many variables in these two functions.

In this section, relationships between four MRF-based
modules are discussed to simplify potential functions.

In four MRF-based modules, the likelihood function of each
module (GR(i)

, YR(i)
, XR(i),L( j)

), i.e. P(YR(i) |xR(i),L( j)
),

is used to measure the probability distribution of YR(i)
con-

ditional on XR(i),L( j) = xR
(i),L( j)

, 1 # i, j # 2. If the label
field x = (xR

(1),L(1)
, xR

(1),L(2)
, xR

(2),L(1)
, xR

(2),L(2)
) is given,

the MGMCL-MRF model assumes that likelihood functions
of four modules are independent, that is,

P(Y |X = x) = P(YR(1) |xR(1),L(1)
) · P(YR(1) |xR(1),L(2)

)

· P(YR(2) |xR(2),L(1)
) · P(YR(2) |xR(2),L(2)

).

(6)

Correspondingly, the unary potential in (5) equals to

"(xR
(1),L(1)

, xR
(1),L(2)

, xR
(2),L(1)

, xR
(2),L(2)

, YR(1)
, YR(2)

)

=
"

s!SR(1)

"
#
xR

(1),L(1)

s , yR
(1)

s
$

+
"

s!SR(1)

"
#
xR

(1),L(2)

s , yR
(1)

s
$

+
"

s!SR(2)

"
#
xR

(2),L(1)

s , yR
(2)

s
$

+
"

s!SR(2)

"
#
xR

(2),L(2)

s , yR
(2)

s
$
. (7)

The pairwise potential is used to capture the interac-
tions between different vertexes. Because four sublabel fields,

XR(1),L(1)
, XR(1),L(2)

, XR(2),L(1)
, XR(2),L(2)

, are involved in
the pairwise potential, three types of interactions are con-
sidered in the MGMCL-MRF model for each label variable
XR(i),L( j)

s , as shown in Fig. 2, 1 # i, j # 2. Specifically,
1) The first type of interaction is the spatial interactions

between XR(i) ,L( j)

s and label variables of its neigh-
boring vertexes XR(i) ,L( j)

t , t ! Ns in the same sub-
label field. This term is used to capture the spatial
interactions within the same module and is denoted as

!1(XR(i) ,L( j)

s , XR(i),L( j)

t ).
2) The second type of interaction is the interaction between

two label variables that are defined on the same ver-
tex and belong to different class sets, i.e., XR(i),L( j)

s
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Fig. 2. Three types of interactions for the pairwise potential. (a) Spatial
interaction within one sub MRF-based module. (b) Class interaction. (c) Gran-
ularity interaction.

and XR(i) ,L(3" j)

s . This term can reflect the relation-
ship of classes between two different semantic layers
defined on the same granularity R(i) and is denoted as

!2(XR(i),L( j)

s , XR(i) ,L(3" j)

s ).
3) The last type of interaction is the interaction between

the label variable of current granularity XR(i),L( j)

s and
its corresponding label variable(s) of the other granu-
larity XR(3"i),L( j)

smapping
that belong(s) to the same class set

L( j ), which is used to incorporate different granularity
information for interpreting the class L( j ) of one seman-
tic layer and is denoted as !3(XR(i),L( j)

s , XR(3"i) ,L( j)

smapping
).

Here, XR(3"i),L( j)

smapping
is defined as

XR(3"i),L( j)

smapping

=
%

XR(2),L( j)

t , s ! SR
(1)

, t ! SR
(2)

, s ! t, if i =1
&

XR(1),L( j)

t
''t ! SR

(1)
, s ! SR

(2)
, t ! s

(
, if i =2.

(8)

That is to say, the corresponding label variable of
a pixel-based label variable is the object-based label
variable whose object vertex contains this pixel vertex,
on the contrary, the corresponding label variables of an
object-based label variable are pixel-based label vari-
ables whose pixel vertexes belongs to this object vertex.

D. Generative Alternating Granularity Inference

According to the relationships between four MRF-based
modules, a generative alternating granularity inference is

Fig. 3. Generative alternating granularity inference of the MGMCL-MRF
model. (a) Four sub processes and their relationships for finding the optimal
realization iteratively. (b) Flowchart of each subprocess.

proposed in this section to solve the MGMCL-MRF model.
In this inference, the process of finding the optimal realiza-
tion, x̂ = (x̂R

(1),L(1)
, x̂R

(1),L(2)
, x̂R

(2),L(1)
, x̂R

(2),L(2)
), is firstly

divided into four sub processes of finding the optimal real-
ization x̂R

(i),L( j)
of each MRF-based module conditional on

label fields of the other three modules, which is

x̂R
(i),L( j) |xR(i),L(3" j)

, xR
(3"i),L( j)

, xR
(3"i),L(3" j)

= argmin
xR(i),L( j)

"(xR
(i),L( j)

, YR(i)
)

+ !(xR
(i),L( j)|xR(i),L(3" j)

,xR
(3"i),L( j)

,

xR
(3"i),L(3" j)

), 1 # i, j # 2. (9)
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By iteratively updating these suboptimal realizations
x̂R

(i),L( j)
, (1 # i, j # 2), the final optimal realization can be

obtained when this generative iteration between suboptimal
realizations converges, as shown in Fig. 3(a).

For each sub process of finding x̂R
(i),L( j)

, its potential
function is further exploited according to the interactions in
the pairwise potential, that is,

!(xR
(i),L( j)|xR(i),L(3" j)

, xR
(3"i),L( j)

, xR
(3"i),L(3" j)

)

=
"

s!SR(i)

)

*
"

t!Ns

!1
#
xR

(i),L( j)

s , xR
(i),L( j)

t
$

+ !2
#
xR

(i),L( j)

s , xR
(i),L(3" j)

s
$

+ !3
#
xR

(i),L( j)

s , xR
(3"i),L( j)

smapping

$
+

, . (10)

The spatial interaction within one sublabel field,
!1(xR

(i),L( j)

s , xR
(i),L( j)

t ), is defined as

!1
#
xR

(i),L( j)

s , xR
(i),L( j)

t
$

=
%

"|s| · #, if xR
(i),L( j)

s = xR
(i),L( j)

t

|s| · #, if xR
(i),L( j)

s $= xR
(i),L( j)

t .
(11)

Here, |s| denotes the number of pixels in s, which intro-
duces the region size information into the potential function
as a size-sensitive term. # is the potential parameter. The
class-interaction term, !2(xR

(i),L( j)

s , xR
(i),L(3" j)

s ), is defined as

!2
#
xR

(i),L( j)

s = hL
( j)

, xR
(i),L(3" j)

s = kL
(3" j)$

= |s|
''&t|t ! SR

(i)
, xR

(i),L( j)

t =hL
( j)

, xR
(i),L(3" j)

t = kL
(3" j)(''

''&t|t ! SR(i) , xR
(i),L(3" j)

t = kL(3" j)(''

hL
( j) ! L( j ), kL

(3" j) ! L(3" j ). (12)

Granularity-interaction term, !3(xR
(i),L( j)

s , xR
(3"i),L( j)

smapping
),

is defined as

!3
#
xR

(i),L( j)

s = hL
( j)

, xR
(3"i),L( j)

smapping
= lL

( j)$

=

-
........../

..........0

''&s ! SR
(1) ''xR(1),L( j)

s = hL
( j)

and xR
(2),L( j)

smapping
= lL

( j)(''
''&s ! SR(1)

''xR
(2),L( j)

smapping = lL( j)(''
if i = 1

$ ·
''&s ! SR

(1) ''xR(2),L( j)

s =hL
( j)

and xR
(1),L( j)

smapping
= lL

( j)(|
|{s ! SR(1)

''xR
(1),L( j)

smapping = lL( j)(''
if i = 2

hL
( j)

, lL
( j) ! L( j ) (13)

where $ = |xR(1),L( j)

smapping
= lL

( j) |. Compared with classic MRF

model, the class-interaction term !2(xR
(i),L( j)

s , xR
(i),L(3" j)

s )

and the granularity-interaction term !3(xR
(i),L( j)

s , xR
(3"i),L( j)

smapping
)

are considered in the potential function of the
MGMCL-MRF model. Because the class-interaction
and granularity-interaction terms both contain the label
information of other modules, they are treated as the
priori information in the processes of solving x̂R

(i),L( j)
.

Algorithm 1 Algorithm of the MGMCL-MRF Model
Input: The observed image Y , potential parameters # of four

MRF-based modules, the number of classes k1 for the class
set L(1), and k2 for the class set L(2).

Output: Segmentation results of four MRF-based modules
in the MGMCL-MRF model.
1: Initialization of the object granularity

Use MS [8] provided by EDISON (http://www.
wisdom.weizmann.ac.il/ bagon/MATLAB.html) to get
regional basic units of the object granularity R(2).

2: Initialization of label field
2.1 Utilize the pixel-level MRF method [46] to pro-
vide results x %

1 and x %
2 as the initialized label fields of

XR(1),L(1)
and XR(1),L(2)

according to k1 and k2, denoted
as x (0),R(1),L(1)

and x (0),R(1),L(2)
;

2.2 Initialize the label fields of XR(2),L(1)
and

XR(2),L(2)
as x (0),R(2),L(1) = {x (0),R(2),L(1)

s } and
x (0),R(2),L(2) = {x (0),R(2),L(2)

s }. Here, x (0),R(2),L( j)

s =
median{x (0),R(1),L( j)

t |t ! s, t ! SR
(1)

, s ! SR
(2)},

j = 1, 2.
3: Set t=1;
4: Generative alternating granularity inference

4.1 XR(i) ,L( j)
is set as x̂&(t),R(3"i),L( j)

at the beginning
of sub process for module (GR(i)

, YR(i)
, XR(i) ,L( j)

), i =
1, 2, j = 1, 2;
4.2 At the first iteration of this sub process

4.2.1 Estimate parameters µ
hL( j) and %

hL( j) according to

x̂&(t),R(3"i),L( j)

and equations (16) and (17), and calculate
the unary potential in (14),

4.2.2 Calculate the pairwise potential with three terms

according to x̂&(t),R(3"i),L( j)

, x̂&(t),R(i),L(3" j)

, potential
parameter #, and equations (10) to (13),

4.2.3 Get the temporary label field of XR(i),L( j)
according

to (9).
4.3 At the following iterations of this sub process

4.3.1 Estimate parameters µ
hL( j) and %

hL( j) according to
the temporary label field of previous iteration and equations
(16) and (17), and calculate the unary potential in (14),

4.3.2 Calculate the pairwise potential with one term
!1(xR

(i),L( j)

s , xR
(i),L( j)

t ) according to the temporary label
field of previous iteration and (11),

4.3.3 Get the temporary label field of XR(i),L( j)
according

to (9).
4.3.4 Repeat 4.3.1 to 4.3.3 until convergence, and use

this result as x̂ (t),R(i),L( j)
for XR(i),L( j)

.
4.4 If exist x̂ (t),R(i),L( j) $= x̂ (t"1),R(i),L( j)

for
any MRF-based module, set t=t+1; else, output
x̂ (t),R(i),L( j)

, i = 1, 2, j = 1, 2.

Hence, these two terms are only considered for the
corresponding pairwise potential at the first iteration of
the generative iterative process. And at the following
iterations, the pairwise potential is only consider as the
term

!
s!SR(i)

!
t!Ns

!1(xR
(i),L( j)

s , xR
(i),L( j)

t ). That is to say,
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granularity information and hierarchical semantic of other
modules are passed to the current module at the first iteration,
and then the current module integrates the passed information
and the information of this module itself at the following
iterations, as shown in Fig. 3(b). To incorporate different
granularity information effectively, as discussed in the
literature [60], an alternating granularity trick is further used
to initialize the label field of each module at each iteration,
i.e., the label field xR

(i),L( j)
of (GR(i)

, YR(i)
, XR(i) ,L( j)

) is
initialized as xR

(3"i),L( j)
, 1 # i, j # 2.

Moreover, the Gaussian distribution is employed to describe
the likelihood function of each s for the function (10), and the
corresponding term "(xR

(i),L( j)

s = hL
( j)

, yR
(i)

s ) in the unary
potential is

"
#
xR

(i),L( j)

s = hL
( j)

, yR
(i)

s
$

= 1
2

1
p · ln (2&) + ln |%

hL( j) |

+
#

yR
(i)

s " µ
hL( j)

$T ·
#
%"1

hL( j)

$
·
#

yR
(i)

s " µ
hL( j)

$2

hL
( j) ! L( j ), 1 # i, j # 2. (14)

Here, p is the dimension of yR
(i)

s , µ
hL( j) and %

hL( j) are the

mean and variance of Gaussian distribution in terms of hL
( j)

.
Hence, the suboptimal realization x̂R

(i),L( j)
can be obtained

by iteratively updating each label variable xR
(i),L( j)

s in this sub
label field XR(i),L( j)

according to (11)–(14). The flowchart of
each sub process is illustrated in Fig. 3(b) and the algorithm
of the MGMCL-MRF model is given in Algorithm 1. Please

note that the term x̂&(t),R(i),L( j)

in this algorithm is defined as

x̂&(t),R(i),L( j)

=
%

x̂ (t),R(i),L( j)
, if x̂ (t),R(i),L( j)

exist

x̂ (t"1),R(i),L( j)
, if not exist.

(15)

And the related parameter setting is also discussed in the
following section for the proposed method.

IV. EXPERIMENTAL RESULTS

The proposed MGMCL-MRF model provides a new frame-
work to define the MRF model over different granularities
and hierarchical semantic layers for semantic segmentation of
remote sensing images. To experimentally test the effective-
ness of the MGMCL-MRF, different types of tested images
from various data sets are used in the following experi-
ments. Three modules are involved in this section. First, the
tested data is given. Then, parameter setting and the gener-
ative alternating granularity inference are discussed for the
MGMCL-MRF model. At last, performances of the proposed
model on different images are illustrated, which are also
compared with other existing MRF-based methods and other
state-of-the-art methods.

A. Data

Different types of remote sensing images and texture images
from six different data sets are tested in this article. Specif-
ically, two texture images, both sized 512 ' 512, are first
employed to evaluate the proposed method against texture,

as shown in Figs. 9 and 10. These two texture images are
generated by the Prague texture segmentation data generator
[61], which both contain six textures in the image. Four
remote sensing images with RGB bands are then used in this
section to further test the proposed method against high spatial
resolution remote sensing images. The first one, as shown in
Fig. 11, is a SPOT5 image with 10-m spatial resolution, which
is collected over the Pingshuo area in China. The second
tested image is obtained by the Gaofen-2 sensor from the
Chongzhou city in China, which has 3.2-m spatial resolution
and sizes 3000 ' 3000, as demonstrated in Fig. 12. The third
tested image, sized 630 ' 581, is a part of the Washington
DC mall image from the GeoEye sensor with 1.65-m spatial
resolution, as illustrated in Fig. 13. The last remote sensing
image in Fig. 14 is a 1024 ' 1024 aerial image with 0.4-m
spatial resolution, located at the Taizhou area, China. At last,
a hyperspectral remote sensing image of Pavia University,
with 103 spectral bands, is tested in this section to further
evaluate the MGMCl-MRF model against the hyperspectral
image, as illustrated in Fig. 15.

B. Test of the MGMCL-MRF Model

1) Parameter Setting of the MGMCL-MRF Model: In the
MGMCL-MRF model, different parameters are needed to be
set. Specifically, for each module (GR(i)

, YR(i)
, XR(i),L( j)

),
their parameters of the Gaussian distribution in (12),
µ

hL( j) and %
hL( j) , are estimated by the maximum likelihood

estimation in the proposed method [62], 1 # i, j # 2, which
are

µ
hL( j) =

!
s!SR(i) ,xR

(i),L( j)
s =hL( j) |s| · yR

(i)

s
!

s!SR(i) ,xR
(i),L( j)

s =hL( j) |s| (16)

%
hL( j) =

-
........../

..........0

!
s!SR(i)

,xR
(i),L( j)

s =hL( j)

#
yR

(i)

s " µ
hL( j)

$2

''s
''xR

(i),L( j)
s = hL( j) , s ! SR(i) ''

if i = 1
!

s!SR(i)
,xR

(i),L( j)
s =hL( j)

!
t!s

#
yR

(i)
t "µ

hL( j)

$2

!
s!SR(i)

,xR
(i) ,L( j)

s =hL( j) |s|

if i = 2.

(17)

The potential parameter # is used in the spatial interac-
tion !1 of the pairwise potential, as shown in (13). This is
a common parameter in many MRF-based methods and it
is usually robust [63]. Because there are four MRF-based
modules in the proposed MGMCL-MRF model, four #s need
to be set. As #s of the pixel granularity have little effect
on the result [45], they are set as the same value for mod-
ules (GR(1)

, YR(1)
, XR(1),L(1)

) and (GR(1)
, YR(1)

, XR(1),L(2)
)

in this article. And the SPOT5 image in Fig. 11 is used to
demonstrate the process of parameter # setting. Specifically,
for each module, different # values are tested from 0.1
to 3 with step 0.1, and the performances are quantitatively
measured by the overall accuracy (OA) and kappa index
[64], as shown in Fig. 4. As we could observe, the potential
parameter # is robust for modules (GR(1)

, YR(1)
, XR(1),L(1)

),
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Fig. 4. OA and kappa values of each module with different # values from
0.1 to 3. (a) OA values with different # values from 0.1 to 3. (b) Kappa
values with different # values from 0.1 to 3.

(GR(1)
, YR(1)

, XR(1),L(2)
), and (GR(2)

, YR(2)
, XR(2),L(1)

), and
their OA and kappa values remain stable when #s of
these three modules take different values. For # of mod-
ule (GR(2)

, YR(2)
, XR(2),L(2)

), the MGMCL-MRF model can
achieve the approximate optimal results when this # takes
value in the interval (0.7,1.3). That is to say, # of module
(GR(2)

, YR(2)
, XR(2),L(2)

) is also quite robust and its stationary
interval is (0.7,1.3). The robustness of # also works for
experiments in this article. And the default value of # is
set 1 for each module of the proposed method and may be
slightly optimized near the default value for different images.

In the proposed method, MS is employed to obtain the
over-segmented regions as the basic object units. How to
set the minimum region areas (MRA) of objects, i.e., how
to determine the object-based scale parameter, is another
important issue that can affect the probability graph of the
object granularity. Hence, the robustness of the MGMCL-MRF
model against MRA is tested by taking different MRA values
from 1 to 200. As shown in Fig. 5, the MGMCL-MRF model
is also quite robust against MRA, especially when the MRA
takes value in the interval (80, 140).

The class numbers of class sets L(1) and L(2), denoted as k1
and k2, are also very crucial for the proposed method. Similar
to the literature [44], [47], the high semantic layer is the
main layer with desired class set L(2) for the MGMCL-MRF
model. That is to say, k2 is provided by the user according
to the number of broad land classes, such as farmland, urban
area, and vegetation. The classes of the low semantic layer are
used to interpret the image from different semantic perspec-
tive and assist the segmentation of the high semantic layer.

Fig. 5. OA and kappa values of each module with different MRA values
from 1 to 200.

TABLE I

QUANTITATIVE INDEXES OF THE PROPOSED METHOD
WITH DIFFERENT k1 VALUES

By considering four different k1 values (k1 = k2 + 1, k1 =
2k2 "1, k1 = 2k2, k1 = 2k2 +1), we test the effect of different
k1 values to the robust of the MGMCL-MRF model when k2
is given. As illustrated in Table I, quantitative indexes are only
slightly different for the MGMCL-MRF model with different
k1 values, which verifies the robustness of k1. Please note that
results of the proposed method in the following experiments
refer to the final segmentation of (GR(2)

, YR(2)
, XR(2),L(2)

),
and segmentation results of all modules are illustrated in the
appendix for the MGMCL-MRF model.

2) Process of the Generative Alternating Granularity Infer-
ence in the MGMCL-MRF Model: The generative alternating
granularity inference is a key step of the MGMCL-MRF
model. It is developed to integrate the information of four
different MRF-based modules that are defined on probabil-
ity graphs with various granularities and different semantic
classes. In this subsection, we will show the process of this
inference through the change in the total energy of each
module, and discuss how these modules be incorporated
together during iterations. The SOPT5 image of Fig. 11 is
further employed as an instance to experimentally demonstrate
this process, and the total energy change of each module is
demonstrated in Fig. 6.

In the generative alternating granularity inference, there are
an iteration between four modules, as shown in Fig. 3(a),
and an iteration within each module, as shown in Fig. 3(b).
For clarity sake, they are called “big iteration” and “small
iteration” in the following. As we can observe from Fig. 6,
the proposed inference conducts five big iterations and fifteen
or less small iterations in this experiment. For each module,
the total energies at the first and last small iterations during
each big iteration are also illustrated in Fig. 6(a)–(d). Here,
the total energy of the first small iteration can show the
priori information passed from other related modules, hence it
has the maximum energy value during the small iterations in
each big iteration. The curve of this total energy generally
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Fig. 6. Total energy for each module by using the proposed
inference. (a) Total energy of module (GR(1)

, YR(1)
, XR(1),L(1)

).
(b) Total energy of module (GR(1)

, YR(1)
, XR(1),L(2)

). (c) Total energy
of module (GR(2)

, YR(2)
, XR(2),L(1)

). (d) Total energy of module

(GR(2)
, YR(2)

, XR(2),L(2)
).

shows a decreasing trend during five big iterations for all
modules. It indicates that the priori information of each
module keeps being optimized and the total energy of the
MGMCL-MRF model is decreasing, especially at the first big
iteration. The total energy of the last small iteration in each big

Fig. 7. Initialized label field and results after the first and last small iterations
of module (GR(2)

, YR(2)
, XR(2),L(2)

) at each big iteration.

Fig. 8. Segmentation results of four modules. (a) Result of

(GR(1)
, YR(1)

, XR(1),L(1)
). (b) Result of (GR(1)

, YR(1)
, XR(1),L(2)

).

(c) Result of (GR(2)
, YR(2)

, XR(2),L(1)
). (d) Result of (GR(2)

, YR(2)
,

XR(2),L(2)
).

iteration is the energy of the suboptimal realization x̂R
(i),L( j)

of (GR(i)
, YR(i)

, XR(i),L( j)
) at the current big iteration, 1 #

i, j # 2. Its curve also shows a decreasing trend in general.
This indicates that each x̂R

(i),L( j)
can generally jump out the

local optimization and achieve a better realization at each big
iteration by considering information of other modules. In other
words, various granularity information and different semantic
classes are integrated in the progress of the proposed inference,
which helps each module to get a better result. To verify this
conclusion, initialized label field and results after the first and
last small iterations are further demonstrated in Fig. 7 for the
module (GR(2)

, YR(2)
, XR(2),L(2)

) at each big iteration. From
this figure, one can observe that the result of XR(2),L(2)

can
be improved by integrating the priori information of other
modules at the first small iteration of each big iteration,
especially at the first big iteration. The priori information
also leads to a better result at the last small iteration, which
confirms the effectiveness of the MGMCL-MRF model and its
generative alternating granularity inference. The final results
of four modules are demonstrated in Fig. 8, which interpret
the observed image from various granularity perspectives with
different semantic classes.
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C. Segmentation Experiments

1) Segmentation of Texture Images: Remote sensing images
usually contain rich texture information, hence texture images
are first tested in this part to evaluate the effectiveness of the
proposed MGMCL-MRF model against texture. To evaluate
the effectiveness of the proposed method, performances of six
other state-of-the-art MRF-based methods are also considered,
That is.

1) Iterated Conditional Mode (ICM) [46]: It is a clas-
sic pixel-based MRF model that sequentially maxi-
mizes the local conditional probability to get the final
segmentation.

2) Multiresolution MRF Model With the Wavelet Transform
(MRMRF) [42]: It uses the wavelet transform to repre-
sent the image as a pyramid structure by downsampling,
and defines the MRF model on the pixel-based scales of
this structure.

3) The Iterative Region Growing Using Semantics (IRGS)
[53], [54]: It is an object-based MRF model that takes
the edge information into the MRF model and proposes a
region growing approach to obtain the final segmentation
result.

4) Object-Based MRF Model With Generative Probability
Inference (OMRF) [49]: It is another object-based MRF
model that uses a generative way, i.e., maximization of
the posterior marginal, to get the segmentation result.

5) Hybrid Object-Based MRF Model (HOMRF) [48]: The
HOMRF model uses two label fields to capture the infor-
mation of different semantic layers, which are defined
on the same object-based probability graph.

6) Hybrid MRF Model With Multigranularity Information
(HMRF-MG) [45]: This MRF-based model incorporates
two granularity information in the proposed model, but
it has only one label field.

By comparing the performances of above methods, it can
show the difference between the MRF-based methods defined
on one granularity with one class layer (such as the ICM,
MRMRF, IRGS and OMRF), the MRF-based method defined
on one granularity with two class layers (such as the HOMRF),
the MRF-based method defined on two granularities with
one class layer (such as HMRF-MG), and the MRF-based
method defined on two granularities with two class layers
(the proposed MGMCL-MRF model). For the sake of fairness,
MS is employed to provide the over-segmented result for all
the above object-based methods.

Both tested images contain six textures, and different tex-
tures have similar appearances, as illustrated in Figs. 9 and 10.
This makes the segmentation challenging. In the experiment of
Fig. 9, texture image consists of six different flower textures,
where the purple flowers in the bottom, bottom right and right
side of Fig. 9 are very similar, green leaves and the white
flower are quite different for the texture in the middle of this
figure, and shadow areas exist in all the textures. These factors
leads to the poor performances of pixel-based MRF methods,
ICM and MRMRF, as they can only consider the spatial
interaction in a small neighborhood. By using over-segmented
regions as the basic units, the object-based MRF methods

Fig. 9. Segmentation results for the texture image. (a) Texture image.
(b) Ground truth. (c) Result of ICM. (d) Result of MRMRF. (e) Result of
IRGS. (f) Result of OMRF. (g) Result of HOMRF. (h) Result of HMRF-MG.
(i) Result of MGMCL-MRF.

can provide better performances that have fewer small pieces
of misclassifications, as shown in Fig. 9(e) and (f). But their
results still cannot distinguish different textures effectively.
The HOMRF improves the segmentation result by using
two label fields to capture information at different semantic
layers, especially at the recognition of three textures with
purple flowers. By considering two granularity information,
the HMRF-MG can also achieve a better result than the
classic object-based methods, IRGS and OMRF, as shown
in Fig. 9(h). Compared with the previous methods, the
MGMCL-MRF model can get more homogeneous regions
and show a remarkable performance by integrating different
granularity information and hierarchical semantic information
together, as illustrated in Fig. 9(i). Namely, by considering
multigranularity information, the MGMCL-MRF can achieve
accurate rough segmentation and preserve the detailed infor-
mation simultaneously. By using the multiclass-layer label
field, the MGMCL-MRF model can distinguish similar tex-
tures more effectively from different semantic perspectives.
With integrating advantages of both multigranularity informa-
tion and multiclass-layer semantics, the MGMCL-MRF model
improves the segmentation accuracy of MRF-based methods.
The quantitative indexes of this experiment, OA and Kappa,
are given in Table II, which also demonstrate the superior of
the MGMCL-MRF model.

Another texture image that contains six different fabric
textures is further tested in Fig. 10, and segmentation results
are given in Fig. 10(c)–(i). Similar to the experiment of Fig. 9,
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TABLE II

QUANTITATIVE INDEXES OF ICM [46], MRMRF [42], IRGS [53], [54], OMRF [49], HOMRF [48], HMRF-MG [45], AND MGMCL-MRF FOR
EXPERIMENTS OF TEXTURE IMAGES. THE HIGHEST VALUES OF EVERY METRIC ARE IN BOLD

Fig. 10. Segmentation results for another texture image. (a) Another
texture image. (b) Ground truth. (c) Result of ICM. (d) Result of MRMRF.
(e) Result of IRGS. (f) Result of OMRF. (g) Result of HOMRF. (h) Result
of HMRF-MG. (i) Result of MGMCL-MRF.

there are still many small pieces of misclassifications in the
results of ICM and MRMRF. The object-based MRF methods,
IRGS and OMRF, improve the segmentation result, but fail to
recognize the texture at the top left of Fig. 10. The HOMRF
can recognize this texture better. For the HMRF-MG, although
it has a good performance at a low spatial resolution of
the tested image [45], some minor misclassifications exist in
this method when the size of the tested image is increased
to 512 ' 512. The MGMCL-MRF model outperforms the
competitions as well, whose OA and kappa values are even
both close to 1, as given in Table II.

2) Segmentation of Remote Sensing Images: In this section,
the performance of the MGMCL-MRF model is tested on
different remote sensing images from various data sets with
different spatial resolutions. To measure the effectiveness of
the MGMCL-MRF model more comprehensively, beyond the
MRF-based methods mentioned above, two state-of-the-art
deep learning methods are also employed in the following
experiments. They are as follows.

1) A CNN-Based Method for Remote Sensing (CNN-RS)
[22]: It is a CNN-based method that develops the
architecture parameters for remote sensing image
segmentation.

2) Encoder–Decoder With Atrous Separable Convolution
for Semantic Image Segmentation (Deeplab-v3+) [34]:
It is a convolutional neural network (CNN) that uses an
encoder-decoder architecture, dilated convolutions, and
skip connections to segment images. The ResNet is used
to build the network backbone.

By comparing the performances of these two methods, it can
further illustrate the difference between the MGMCL-MRF
model, a semi-supervised method with little or no training
data, and two CNN-based methods, supervised methods with
considerable training data.

The SPOT5 image of Pingshuo is first tested in Fig. 11.
Its size is 428 ' 428 and spatial resolution is 10 m. There
are three land classes in this image, i.e., urban area, farmland,
and the vegetation. In these classes, trees in the urban area
show a different appearance from buildings but have the same
appearance as the vegetation outside the urban, and features
of some urban areas are close to the farmland. These factors
make the semantic segmentation difficult. Namely, result of
the ICM method fails to distinguish the difference between
the urban area and the farmland, as shown in Fig. 11(c).
The MRMRF method improves ICM performance, but there
are still many misclassifications, especially between urban
areas and vegetation. IRGS method and OMRF method further
reduce misclassifications by considering object units. By using
more image information, HOMRF method and HMRF-MG
method can achieve higher segmentation accuracy, especially
for the vegetation, as shown in Table III that demonstrates
the OA, kappa, and the specific-class accuracies based on the
confusion matrix. With 320 000 training pixels, the CNN-RS
roughly distinguishes three land classes, but its performance is
quite poor at boundaries between different classes, especially
for the urban area, as shown in Fig. 11(i). The Deeplab-
v3+ uses 2000 images sized 100 ' 100 as the training
data, and each land class is randomly distributed in these
training images. Its result, shown in Fig. 11(j), shows a good
performance to identify each land class roughly and recognize
the boundary between different classes, but has some salt-and-
pepper misclassifications at the result. For the MGMCL-MRF
method, it uses lower semantic classes in L(1), as illustrated in
Fig. 8 and appendix, to assist the semantic segmentation. And
different granularity information helps the segmentation of
each semantic layer to have homogeneous regions and preserve
the boundary simultaneously. Hence, the proposed method



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

ZHENG et al.: MGMCL-MRF MODEL FOR SEMANTIC SEGMENTATION 13

Fig. 11. Segmentation results for the SPOT5 image. (a) SPOT5 image.
(b) Visual interpretation result. (c) Result of ICM. (d) Result of MRMRF.
(e) Result of IRGS. (f) Result of OMRF. (g) Result of HOMRF. (h) Result
of HMRF-MG. (i) Result of CNN-RS. (j) Result of Deeplab-v3+. (k) Result
of MGMCL-MRF.

shows a better performance than other methods, as illustrated
in Fig. 11(k). The quantitative indexes shown in Table III also
verify the effectiveness of the proposed method, particularly
for the class-specific accuracies of urban area and farmland.

In order to evaluate the performance of the MGMCL-MRF
model on the high spatial resolution image with large size,
a Gaofen-2 image, sized 3000 ' 3000 with 3.2-m spatial
resolution, is employed from the Gaofen image data set (GID)
[65], as shown in Fig. 12. It consists of three land classes,
i.e., urban area, vegetation, and river. The urban area of this
image has two parts. One is the residential area near the river
that has many buildings with dark roofs, and the other is the
industrial area with many blue-roof buildings. The difference
between these two parts makes six MRF-based methods fail
to completely recognize the urban area, as illustrated in Fig.
12(c)–(h). With 90 000 training samples of each land class, the
CNN-RS can roughly divide the image into three classes, but

Fig. 12. Segmentation results for the Gaofen-2 image. (a) Gaofen-
2 image. (b) Ground truth. (c) Result of ICM. (d) Result of MRMRF.
(e) Result of IRGS. (f) Result of OMRF. (g) Result of HOMRF. (h) Result
of HMRF-MG. (i) Result of CNN-RS. (j) Result of Deeplab-v3+. (k) Result
of MGMCL-MRF.

many small pieces of misclassifications exist in the result. The
Deeplab-v3+, trained by 600 images sized 240 ' 240, effec-
tively recognizes three land classes, especially for urban area,
as shown in Fig. 12(j). By incorporating different granularity
information and multilayer land classes, the MGMCL-MRF
model yields a better segmentation result compared to other
methods, especially at the urban area. The quantitative indexes
in Table III also verify this. The urban accuracy of the
MGMCL-MRF model can achieve 95.27%, far exceeding the
accuracy of other methods. It indicates that the proposed
method can also perform well for the high spatial resolution
and large-size image.

In the experiment of Fig. 13, the spatial resolution of the
tested image is 1.65 m. As the spatial resolution increases,
more detailed information of objects can be observed from the
remote sensing image. For instance, a part of the roof is gray
for the building at the bottom-left corner, while the main color
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TABLE III

QUANTITATIVE INDEXES OF ICM [46], MRMRF [42], IRGS [53], [54], OMRF [49], HOMRF [48], HMRF-MG [45], CNN-RS [22],
DEEPLAB-V3+ [34], AND MGMCL-MRF IN EXPERIMENTS OF HIGH SPATIAL RESOLUTION REMOTE SENSING IMAGES.

THE HIGHEST VALUES OF EVERY CLASS AND EVERY METRIC ARE IN BOLD

of this building roof is cyan. This leads to the misclassifica-
tions of four MRF-based methods defined on one granularity
with one label field, as shown in Fig. 13(c)–(f). The HOMRF
and HMRF-MG methods improve the accuracy of segmen-
tation, but there are over-smoothed regions in their results,
as marked with the red circle. The CNN-RS and Deeplab
v3+ also have many block-wise or salt-and-pepper misclassi-
fications in the results, as demonstrated in Fig. 13(i) and (j).
For the proposed method, although its quantitative indexes are
slightly lower than the HOMRF and HMRF-MG based on the
ground truth, it has a better visual performance in general,
which can not only effectively recognize the buildings but also
retain the boundary, such as the circled regions.

To further test the performance of the proposed method
against the very high spatial resolution image, an aerial
image with 0.4 m-spatial resolution is tested in Fig. 14,
which contains urban area, farmland, river, and vegetation.
As objects in the urban area have diversity appearances,
it leads to many wrong-labeled regions in the results of
ICM, MRMRF, IRGS, OMRF, and CNN-RS, as illustrated in
Fig. 14(c)–(f), and (i). The HOMRF and HMRF-MG methods
can effectively segment the urban area but wrongly divide
two farmland as the vegetation since they are more similar
to vegetation than farmland, as shown in Fig. 14(g) and (h).
Similarly, the Deeplab-v3+ can recognize the urban area
effectively as well, as shown in Fig. 14(j), but wrongly
label some vegetation around the river as the farmland. The
MGMCL-MRF model respectively analyzes the urban area and
farmland with three and two lower-semantic classes from the
perspective of different granularities, as demonstrated in the
appendix. Hence, its result has better kappa and OA values
about these two land classes than other methods, as shown
in Table III. The result of the MGMCL-MRF model in
Fig. 14(k) and its quantitative indexes also outperform the
competitors.

At last, the Pavia university image, sized 610 ' 340,
is employed to test the proposed MGMCL-MRF model against
hyperspectral remote sensing image, as shown in Fig. 15.
This tested image is obtained by the reflective optics system
imaging spectrometer (ROSIS), which includes nine classes
and 103 spectral bands for segmentation. In this experiment,
following the idea of works [2], [66], [67], the support vector
machine (SVM) is used to provide the initialized labels of
seven MRF-based methods instead of classical pixel-level
MRF method. Moreover, if the original image with 103 bands
is directly used for seven tested MRF-based methods, their
covariance matrices of Gaussian distribution in the unary
potential will be singular or nearly singular, which will lead
to unfavorable results. Hence, for these MRF-based methods,
through the principal component analysis, the dimension of the
Pavia university image is reduced to six by retaining 99.54%
information of the given image. Similarly, the dimension of
the given image is reduced to three for Deeplab v3+ as this
method is mainly used to process the 3-band data. Segmenta-
tion results are shown in Fig. 15 and their quantitative indexes
are discussed in Table IV. As we can observe, compared with
other methods, the MGMCL-MRF not only shows a quite good
and consistent performance for each specific class in terms of
the quantitative index, but also has the best kappa and OA
values. This indicates that the MGMCL-MRF method also
works for the hyperspectral remote sensing image.

The complexity of the MGMCL-MRF model is O(t[(k1t11+
k2t12)|SR(1) |+(k1t21+k2t22)|SR(2) |]), where k1 and k2 are the
class numbers of class sets L(1) and L(2), |SR(1) | and |SR(2) |
are the numbers of basic units in the pixel granularity R(1)

and object granularity R(2), t is the number of big iteration,
and ti j is the number of small iteration for each sub process,
i = 1, 2, j = 1, 2. For these factors in the time complex-
ity, the time complexity of each factor is liner. Moreover,
in practice, the big iteration and each small iteration usually
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TABLE IV

QUANTITATIVE INDEXES OF ICM [46], MRMRF [42], IRGS [53], [54], OMRF [49], HOMRF [48], HMRF-MG [45], CNN-RS [22],
DEEPLAB-V3+ [34], AND MGMCL-MRF IN EXPERIMENTS OF PAVIA UNIVERSITY HYPERSPECTRAL REMOTE SENSING

IMAGES. THE HIGHEST VALUES OF EVERY CLASS AND EVERY METRIC ARE IN BOLD

Fig. 13. Segmentation results for the GeoEye image. (a) GeoEye image of
Washington DC. (b) Ground truth. (c) Result of ICM. (d) Result of MRMRF.
(e) Result of IRGS. (f) Result of OMRF. (g) Result of HOMRF. (h) Result
of HMRF-MG. (i) Result of CNN-RS. (j) Result of Deeplab-v3+. (k) Result
of MGMCL-MRF.

converge in three and five iterations respectively, as discussed
in Fig. 6.

The above experiments of remote sensing images show
that the proposed MGMCL-MRF model can consistently pro-
vide appropriate results for semantic segmentation of remote
sensing images with different spatial resolutions and different

Fig. 14. Segmentation results for the aerial image. (a) Aerial image.
(b) Visual interpretation result. (c) Result of ICM. (d) Result of MRMRF.
(e) Result of IRGS. (f) Result of OMRF. (g) Result of HOMRF. (h) Result
of HMRF-MG. (i) Result of CNN-RS. (j) Result of Deeplab-v3+. (k) Result
of MGMCL-MRF.

sizes. Specifically, multigranularity helps the proposed method
to capture both the detailed information and large-scope spatial
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Fig. 15. Segmentation results for the Pavia University hyperspectral image.
(a) Pavia University hyperspectral image. (b) Ground truth. (c) Result of ICM.
(d) Result of MRMRF. (e) Result of IRGS. (f) Result of OMRF. (g) Result
of HOMRF. (h) Result of HMRF-MG. (i) Result of CNN-RS. (j) Result of
Deeplab-v3+. (k) Result of MGMCL-MRF.

information from the observed image, multiclass-layer helps
the MGMCL-MRF model to interpret the image from different
semantic perspective, and the generative alternating granularity
inference integrates them together. Hence, the MGMCL-MRF
model shows a better performance than other MRF-based
methods. Moreover, compared with the Deeplab-v3+ and
CNN-RS, the proposed method can also provide competitive
results according to experimental results. In practice, many
deep pixel-level semantic segmentation methods have been
proposed and effectively used in many aspects of the remote
sensing community. But, different methods have their own pros
and cons. Deep neural networks are proved as the best choice
in many prediction problems with huge number of training
samples. When only few or no training samples are available,
the proposed MGMCL-MRF model provides a new sensible
probabilistic way to realize segmentation, which could enrich
the variety of semantic segmentation methods for remote
sensing images.

V. DISCUSSION

The MGMCL-MRF model provides a new framework to
combine the benefits of different MRF-based modules. In the

above section, experiments verify the superiority of the pro-
posed method. The MGMCL-MRF model shows following
advantages. First, by treating each MRF-based module as
a basic unit, the MGMCL-MRF model can present image
features from different granular perspectives and interpret
them at different land semantic layers, as illustrated in Fig. 1
and figure of the appendix. Second, a framework is developed
to link different MRF-based modules together for integrat-
ing their multigranularity information and multisemantic-layer
classes. At last, the generative alternating granularity inference
is developed to realize the combination different granular
features and the inference between different semantic-layer
classes.

The MGMCL-MRF model consists of two parts: four
MRF-based modules and the framework. For clarity of the
model description, the MGMCL-MRF model defines a set of
parameters for these two parts. During such process, most are
used for each MRF-based module, which contains parameters
of the unary potential defined in (14) and potential parameter
# of spatial interaction within each module that is defined
in (11). These parameters and their settings have been well
studied in the existing works [46], [49], [53], [54]. They are
also discussed in this article just for the completeness of the
MGMCl-MRF model. The minimum region areas (MRAs)
of MS, on the other hand, is used in the framework to
determine the granular size. It is an important parameter for the
MGMCL-MRF model. Generally, these parameters mentioned
above are quite robust and the proposed method can provide
the appropriate results within a large interval, as discussed in
experimental section.

Another key issue of the MGMCL-MRF model is how to
integrate the information between different modules, which is
realized by the class interaction and the granularity interaction
of the framework, as shown in Fig. 2. Hence, related operation
steps are very important when we solve the proposed method,
which corresponds to step 4.2 of the MGMCL-MRF algorithm.
Other operation steps, such as step 4.3 of the algorithm, are
implemented following the idea of the existing works. That is
similar to the discussion of parameters.

In the field of semantic segmentation, deep learning-based
methods have achieved great success. Many latest deep
learning-based methods can show great performances and have
received a lot of attention and research. Compared with deep
learning-based methods, two aspects are involved to explain
why we choose MRF as our basic model.

First, as mentioned in the introduction section, each land
cover or land use usually shows the statistical regularity of
geographical distribution, the proposed method tries to capture
this statistical regularity from the probabilistic perspective.
Therefore, the proposed segmentation process is not a black
box model, which makes the result of the proposed method
more interpretable. Meanwhile, as a statistical method, the
proposed MGMCL-MRF model can be implemented with
few or no training samples. As illustrated in the algorithm,
the MGMCL-MRF model can realize segmentation without
training data if the initial label field is provided by the
pixel-based MRF model. If the initial label field is real-
ized by other methods, a small amount of training data
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Fig. 16. Segmentation results of four modules of the MGMCL-MRF model for experiments in this article.

may be involved in the MGMCL-MRF model for the ini-
tial label field, such as the training data for the initialized
SVM labels in the Pavia University experiment. Hence, if a
existed classification method, such as deep learning, SVM,
random forest, is used as the initial label field, the proposed
MGMCL-MRF model can be also used as the post-processing

step of this method to further improve the segmentation
accuracy.

Second, a desired method of remote sensing segmentation
should incorporate both the multiscale features and multilayer
semantic information. Geographical scenes in remote sensing
images show not only the multiscale features but also the
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hierarchy semantic information. The proposed MGMCL-MRF
model gives a sensible way to incorporate them together.
Moreover, the MGMCL-MRF model can also realize the
inference between different semantic layers by considering
the class interaction between MRF modules, which provides
a possible way to couple geoscience knowledge into the
semantic segmentation of remote sensing images.

VI. CONCLUSION

In this article, a new MGMCL-MRF model is proposed
to integrate multiply granularity information and hierarchical
semantic classes for semantic segmentation of remote sensing
images. The strength of the proposed method mainly lies in
two aspects. One aspect is the MGMCL-MRF framework that
introduces a feasible way to represent different granularity
information and hierarchy semantic into a MRF-based model.
The other is the generative alternating granularity inference
that can effectively incorporate the information of different
MRF-based modules and provide the optimal segmentation
result. Experimental results of different remote sensing images
demonstrate that the MGMCL-MRF model shows a better
performance than existed MRF-based methods by interpreting
remote sensing images from different semantic perspectives
with various granularity units. Especially, the performance of
the MGMCL-MRF model depends only on parameter setting,
hence it can also perform well when we just have little or no
training data.

The current framework of the MGMCL-MRF model is
only discussed with two granularity information and two
semantic layers, while this framework can be generalized
to capture any finite-dimensional granularity information
and any finite-dimensional semantic layers. That is to say,
the MRF-based framework can be further used to explore
image segmentation with ‘deep-layer’ granularity information
and “deep-layer” semantic information, which could greatly
enhance the current model.

Because there are small iteration within each module and
big iteration between modules, the MGMCL-MRF model takes
more calculation time than the MRF-based methods with one
granularity and one class layer. Hence, our further work will
focus on developing the fast algorithm of the proposed method.

APPENDIX

In the appendix, segmentation results of four modules of
the MGMCL-MRF model are illustrated in Fig. 16 for all
experiments in this article.
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