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The hybrid terrain type, such as the urban area, is generated by the backscattering of the similar ground
objects aggregated together. It is a challenge to classify the hybrid terrain types as semantic homo-
geneous regions for unsupervised polarimetric SAR (PolSAR) image classification, since there are sharp
bright-dark variations in intensity. In this paper, a hierarchical semantic model (HSM) is proposed for
PolSAR images, which overcomes the above shortcoming by constructing the primal-level and middle-
level semantics. The primal-level semantic is a polarimetric sketch map consisting of sketch segments,
which is the sparse representation of a PolSAR image. The middle-level semantic is a region map which
can extract hybrid terrain types as semantic homogeneous regions from the sketch map. Mapped by the
region map, a complex PolSAR scene is partitioned into hybrid, linear and homogeneous subspaces. Then,
according to the characteristics of the three subspaces, different methods are adopted, and furthermore
polarimetric information is involved to improve the classification result. Experimental results on PolSAR
data sets with different bands and sensors demonstrate that the proposed method is superior to the
state-of-the-art methods in region homogeneity especially for hybrid terrain types.

& 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Terrain classification is one of the most important research
fields for polarimetric synthetic aperture radar (PolSAR) images. It
is the premise for image understanding and interpretation. To
classify the complex scene of PolSAR images effectively and
intelligently has attracted much attention in recent years due to
the rapid accumulation of PolSAR data.

One of the challenges for PolSAR classification is to classify the
hybrid terrain type with mixture classes as a semantic homogeneous
region. The hybrid terrain type is generated by the backscattering of
the similar ground objects aggregated together, such as the urban area
and forest. The semantic homogeneity means that the hybrid terrain
type should be considered as a homogeneous region according to the
humans' perception. In addition, the major characteristic of the hybrid
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terrain type is sharp bright-dark transition in intensity (abbreviation
for “sharp transition”). The sharp transition is mainly caused by scat-
tering waves of objects and the close ground for low-resolution ima-
ges, or by scattering waves of objects and their shadows for high-
resolution PolSAR images. Scattering mechanism-based methods [1–
3] have difficulty in segmenting the buildings and its surrounding
ground into homogeneous regions due to the great differences of
scattering waves. However, we should segment the urban area into a
whole region for further interpretation of the PolSAR scene. Therefore,
the hybrid type with multiple classes and the semantic homogeneity
is a contradiction for PolSAR image classification.

To obtain homogeneous regions, many unsupervised classifica-
tion methods have been proposed in recent years, which consider
the spatial information for PolSAR images. They can be mainly
divided into four categories: (1) Superpixels based approaches, such
as the hierarchical segmentation [4,5] and region-based methods
[6–8]. These approaches can suppress the speckle noises effectively,
while various merging criteria fail to merge the hybrid terrain type
into a semantic homogeneous region due to the sharp transition. (2)
Textural models based approaches [9–11], such as wavelet features
[12]. These methods can model the texture of natural images well.
However, they are difficult to distinguish the hybrid type from other
scattering mechanism based PolSAR image classification, Pattern
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ground objects for PolSAR images as the imaging mechanisms
between them are totally different. (3) Regularization criterion
based approaches, such as Markov Random Field (MRF)[13–15] and
contour criterion [16–18]. (4) Bayesian models based approaches
[19–21], such as the non-Gaussian models [22,23]. Compared with
pixel-wise classification methods, these approaches consider the
local dependency [24] in an image and can obtain more homo-
geneous classification results. However, without considering
semantic information [25–27], these methods have difficulty in
representing the hybrid objects, and generally produce over-
segmentation in hybrid terrain types but under-segmentation in
homogeneous region types. It is the contradiction between image's
low-level features and the high-level semantic. Therefore, sparse
representation [28,29] and high-level features [30,31] should be
exploited to solve this contradiction.

Sketch-based models are the tools which can obtain the sparse
representation of the image. Based on Marr's vision theory [32],
Guo et al. [33] implemented the primal sketch model for natural
images, in which a sketch graph is extracted to partition an image
into sketchable and non-sketchable parts. According to the sketch
graph, some compositional models [34,35] have been built for
object recognition of natural images by learning some graph
models for object categories. However, the imaging mechanism
and speckle characteristics of PolSAR images are totally different
from natural images. Therefore, it is not suitable to apply the
primal sketch model to the PolSAR images directly. Considering
the scattering characteristics and speckle noises, a polarimetric
sketch map is constructed for the PolSAR images in this paper. It is
the primal-level semantic. In the polarimetric sketch map, primi-
tive sketch line segments (abbreviation for “sketch segments”) are
extracted due to the sharp transitions. Thus, sketch segments can
represent the structures of the hybrid terrain type.

Based on the polarimetric sketch map, we found the sketch
segments have certain semantic meanings. They can not only
represent sharp transitions in hybrid terrain types, but also describe
sharp transitions in the edges or line objects. Non-sketchable parts
are homogeneous terrain regions, such as the farmland and the
river. In addition, the spatial distribution of sketch segments can
indicate the structural differences of various terrain types. Sketch
segments in hybrid regions are aggregated together while sketch
segments in edges are isolated with linear arrangement. Based on
the above described prior knowledge, we can distinguish the hybrid
type from other ground objects by defining spatial characteristics of
sketch segments. By this way, the extraction of semantic homo-
geneous regions in the pixel space can be transformed into sketch
segments grouping and the region extraction in the polarimetric
sketch map. Based on some graph rules, the sketch segments are
grouped and a region map is extracted in this paper which parti-
tions a complex PolSAR scene into hybrid, linear and homogeneous
regions. The hybrid regions are the hybrid terrain types, and the
linear regions are the edges and line objects. The constructions of
the polarimetric sketch map and the region map are named as the
hierarchical semantic model (HSM).

In this paper, an unsupervised classification approach is proposed
for PolSAR images, which is based on the hierarchical semantic
model and the scattering mechanism (named by “HS-SM”). The new
method has three advantages: (1) The HSM, consisting of a polari-
metric sketch map and a region map, is proposed to partition a
PolSAR image into hybrid, linear and homogeneous region types.
(2) Based on the HSM, a new unsupervised classification framework
is proposed for PolSAR image classification. Specifically, a PolSAR
image is partitioned into three region types, and different segmen-
tation schemes are designed for three kinds of regions to obtain a
segmentation map. Then, a semantic-polarimetric classifier is adop-
ted which can take both advantages of the semantic information and
polarimetric mechanism. (3) The complex image partition problem is
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
Recognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
modelled as a sketch segment grouping problem. Experiments
demonstrate that the HS-SM method can obtain better performance
in region homogeneity than other state-of-the-art methods espe-
cially in hybrid terrain types.

The outline of this paper is organized as follows. In Section 2, the
related work and the algorithm framework are introduced. In Sec-
tion 3, the proposed HSM is described in detail. The HS-SM method
is introduced in Section 4. The experimental results are shown and
discussed in Section 5. Finally, the conclusion is drawn in Section 6.
2. The related works and the algorithm framework

2.1. Polarimetric SAR data

The polarimetric SAR data is characterized by the scattering
matrix S:

S¼
SHH SHV
SVH SVV

" #
ð1Þ

where H and V represent the horizontal and vertical polarimetric
models respectively, and under the assumption of reciprocity,
SHV ¼ SVH . According to the Pauli base, the S matrix can be vec-
torized as:

k¼ ½SHHþSVV SHH�SVV 2SHV �T ð2Þ
where ð�ÞT is the transposition operator. In order to reduce the
speckle noises, the PolSAR data is usually represented by the
multi-looked sample coherency matrices as follows:

T¼ 1
n

Xn
i ¼ 1

klk
H
l ð3Þ

where n is the number of looks for average, and H is the conjugate
transpose. After multi-look processing, T matrix has nine ele-
ments. Equally, the PolSAR data can be represented by the multi-
looked sample covariance matrix C which follows the Wishart
distribution [36] as follows:

pðCjΣÞ ¼ jCj n�pe� tr Σ� 1C
� �

πð1=2Þpðp�1Þ∏p
j ¼ 1Γðn� jþ1ÞjΣj n ð4Þ

where Σ is the average of the covariance matrices, and n is the
number of looks. p is the channel number and p¼3 when reci-
procity principle is satisfied. tr �ð Þ and �j j are the trace and deter-
minant of a matrix respectively.

2.2. Primal sketch model

According to Marr's primal sketch model [32], Guo et al. [33]
gave a mathematical formulation and model schemes to imple-
ment it. In the primal sketch model, a sketch graph is extracted to
partition an image into sketchable and non-sketchable parts. The
extracting procedure is as follows:

(1) Detecting edges and lines by Gaussian filters with multiple
scales and orientations, and obtaining the edge map by the
non-maximum suppression algorithm.

(2) Deriving the primal sketch graph by the greedy sketch pursuit
algorithm, and then selecting sketch lines to obtain the
sketch graph.

The sketch graph, which consists of sketch segments, describes
the basic structure of an image. As a sparse image representation,
the primitive in the sketch graph is a set of meaningful sketch
segments rather than pixels. The primal sketch model can reduce
the additional noise effectively by using Gaussian filters, and has
scattering mechanism based PolSAR image classification, Pattern
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Fig. 1. Framework of the HS-SM approach.
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been widely used for the natural images and multispectral images
[37]. However, the speckle noises of the PolSAR images are not
Gaussian distribution any more. It is not suitable to apply the
primal sketch model to the PolSAR images directly. Inspired by the
primal sketch model, a polarimetric sketch map is constructed for
the PolSAR images. And the details are introduced in Section 3.1.

2.3. Framework of the HS-SM method

Our main idea is to partition a complex PolSAR scene into sev-
eral region types with similar structure and apply suitable methods
for each region type. The proposed classification framework is
shown in Fig. 1, which mainly consists of two stages: one is the
HSM, and the other is the segmentation and classification methods.
The HSM partitions the PolSAR image into hybrid, linear and
homogeneous subspaces by constructing the primal-level and
middle-level semantic models, and further obtain a polarimetric
hierarchical semantic space. Then, different segmentation methods
are applied to the three subspaces. Finally, a classification result is
obtained by combining the segmentation and classification maps.

The main contribution is the construction of the HSM. To seg-
ment the hybrid terrain type into homogeneous region, the HSM
exploits semantic features for PolSAR images by hierarchically
learning the image's structures. The primal-level semantic is a
polarimetric sketch map which can represent the structure of the
hybrid terrain type well, and the middle-level semantic is a region
map which can group the hybrid terrain type into a semantic
homogeneous region. In addition, the key points [38] and junc-
tions [30] can also provide important semantic information for
image classification, and junctions can be obtained in the polari-
metric sketch model either. Involving them, we can build a more
complete semantic hierarchy consisting of points, sketch seg-
ments, junctions and regions in the further work.

In the primal-level semantic, a polarimetric sketch map is
extracted from the PolSAR images. According to the case studies, it
is found that sketch segments in the PolSAR image have two
semantic meanings: one is the hybrid objects, and the other is the
edge or line objects. In addition, the spatial characteristics of sketch
segments can distinguish the hybrid objects from other regions.
Take a low-resolution PolSAR image in San Francisco as an example.
Fig. 2(a) and (b) is the SPAN image and the polarimetric sketch map
respectively. Fig. 2(c) is the building and the urban area of the SPAN
image. It can be seen that the sketch segment can be extracted due
to the sharp transition caused by the building and its close ground.
Moreover, end-to-end sketch segments can be merged into a long
sketch line. The bridge in Fig. 2(b) can be represented by the red
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
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long sketch lines. It can be seen that the sketch segments in urban
area are aggregated distribution while the sketch lines in edges or
line objects are isolated. Moreover, the ocean in Fig. 2(b) has few
sketch segments in the homogeneous region. Therefore, the spatial
characteristics of sketch segments can be exploited to distinguish
different region types. Thus, the region partition of a PolSAR image
can be converted into a sketch segment grouping problem.

In addition, a semantic segmentation method is proposed
based on the HSM. According to the characteristics of three region
types, different schemes can be used to obtain a segmentation
map. Then, a classification result is obtained based on the seg-
mentation map. Simple merging schemes are given during the
segmentation procedure in this paper. Meanwhile, other advanced
schemes [39] can be selected in the further work.
3. Hierarchical semantic model for PolSAR images

The procedure of the proposed HSM is illustrated in Fig. 3. A
polarimetric edge-line detector is proposed to detect edges and
lines (strength and orientation) at first. Then, the polarimetric
sketch map is obtained by sketch pursuit and selection of sketch
segments according to their significances. Sketch segments are
labeled as aggregated and isolated segments according to their
spatial characteristics: continuity, aggregation and spatial arrange-
ment. Hybrid and linear regions are extracted based on the segment
division. Thus, a region map is extracted to partition a PolSAR image
into hybrid, linear and homogeneous region types. The HSM will be
described in detail in this section.

3.1. Primal-level semantic: polarimetric sketch map

A polarimetric sketch model is proposed as shown in Algorithm 1.
There are mainly two points which are totally different from the
primal sketch model [33] of natural images by considering the
polarimetric information and speckle noises. One is the edge-line
detection method and the other is the selection of sketch lines. To
consider polarimetric information, a polarimetric edge-line detection
method is proposed to detect edges. In addition, a hypothesis-testing
method with Wishart distribution is exploited for PolSAR images
when selecting sketch lines.

Algorithm 1. Procedure of polarimetric sketch map.
scat
ut: a polarimetric SAR image;
tput: a polarimetric sketch map;
tering mechanism based PolSAR image classification, Pattern
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Fig. 2. Example of the hybrid terrain type in low-resolution PolSAR image. (a) SPAN image of San Francisco. (b) Polarimetric sketch map. (c) The building unit and the urban
area in (a). (d) Polarimetric sketch map of (c). (e) Sketch segments and their corresponding locations in SPAN image.
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Ple
Rec
: Detect edges and lines with the proposed polarimetric
edge-line detection method.
(1) Detect edges and lines with the CFAR detector.
(2) Detect edges and lines with weighted gradient-based

detector.
(3) Fuse the energy maps by the CFAR and gradient-based

detectors and obtain the fused energy map. Non-maximum
suppression is applied to obtaining the edge map.
: Derive the primal sketch map by the greedy sketch pursuit
algorithm.
: Select the sketch lines with a hypothesis-testing method
and obtain the polarimetric sketch map.
: return a polarimetric sketch map.
4

Polarimetric edge-line detection: A polarimetric edge-line
detection method is obtained by fusing two edge-line detectors:
a polarimetric constant false-alarm rate (CFAR) detector [40] and a
gradient-based detector. Firstly, considering speckle noises, the
CFAR detector is used for edge-line detection. However, the CFAR
detector only obtains weak edge energies in hybrid type regions
even though there are sharp transitions. This is because the
homogeneous assumption in a filter does not hold any more in
heterogeneous regions. A gradient detector for the PolSAR data is
ase cite this article as: F. Liu, et al., Hierarchical semantic model and
ognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
proposed to enhance the edge-line energies as the values are
totally different between light and dark areas of the hybrid terrain
type. Specifically, the nine elements of the coherency matrix T are
represented by a vector and the Euclidean distance is used to
measure their difference. An anisotropic Gaussian kernel [41] is
utilized to weight the filters to reduce the heterogeneity for both
detectors. Since the PolSAR data vary dramatically and are mostly
close to zero, a logarithmic transformation is applied to reducing
this variation. The gradient weighted edge and line energies of a
pixel are given by:

Gedge ¼ log
Xn
i ¼ 1

wixi�
Xm
j ¼ 1

wjxj

������
������
2

ð5Þ

Gridge ¼minfGij
edge;G

ik
edgeg ð6Þ

where xi is the vector of the coherency matrix which has nine
elements, wi is the anisotropic Gaussian kernel. i,j,k are the three
regions of a line filter and i is the central regions. n and m are the
number of looks of regions i and j in a filter respectively, and n¼m
in this paper.

In addition, filters with multiple scales and orientations are
constructed, since the ground objects in PolSAR images are with
various scales and orientations. The maximal energy of a PolSAR
scattering mechanism based PolSAR image classification, Pattern
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image is obtained by comparing the edge-line energies in each
scale and orientation. The fusion scheme in [41] is adopted to
combine the polarimetric CFAR and gradient weighted detectors
since it can produce high edge-line energies in both weak edges
and sharp transitions of hybrid regions.

Selection of sketch lines: To remove some false lines and pre-
serve other significant lines, sketch lines should be selected and
the significance of lines should be evaluated. Whether the
extracted sketch line is a significant line can be detected by solving
a hypothesis testing problem [41] as follows: H0: the extracted line
cannot be preserved as the sketch line. H1: the extracted line can
be preserved as the sketch line.
Fig. 4. Example of extracting polarimetric sketch map. (a) PolSAR subimage of San Fran
map. (d) Energy map by fusing (b) and (c). (e) Gradient energy map without logarithmic
(h) Corresponding positions of sketch segments on the SPAN image.

Aggregated sketch segments isolated sketch segments

The remaining homogenous
regions

The region map

satisfy spatial constraints

YES NO

hybrid region extraction linear region extraction

PolSAR data

Calculate continuity, aggregated degree and
spatial arragement of sketch segments

Polarimetric sketch map

Polarimetric edge-line detection

Sketch pursuit and selection of sketch lines

Fig. 3. Procedure of the HSM.

Please cite this article as: F. Liu, et al., Hierarchical semantic model and
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Since each extracted line is composed of several sketch seg-
ments, the significance of the line is defined as:

G¼
Xn
i ¼ 1

ðln PðSi jH1Þ� ln PðSi jH0ÞÞ ð7Þ

where G is the significance of the sketch line consisting of n seg-
ments, and Si is the ith segment. PðSi jHkÞ; k¼ f0;1g shows the
probability of that Si satisfies the hypothesis Hk in [41] according
to its neighbor pixels. For PolSAR images, the Wishart distribution
is used and ln PðSm jHkÞ; k¼ f0;1g is derived as:

ln PðSm jHkÞ ¼ �
Xn
i ¼ 1

ðln jVi j þTrðV�1
i TiÞÞ ð8Þ

where Vi is the estimated coherency matrix under the assumption.
Substituting (8) into (7), the significance of lines can be calcu-

lated and a threshold denoted as coding length gain (CLG) is
selected to preserve the important lines. The threshold selection is
adaptive to the content of an image and related to the histogram of
the significances of lines. Generally, the first peak of the histogram
is chosen as the CLG threshold.

The PolSAR image of San Francisco area is used to illustrate the
procedure of the polarimetric sketch model. The pseudo color
image of San Francisco in Pauli base is shown in Fig. 4(a). Fig. 4
(b) is the polarimetric energy map obtained by the weighted CFAR
detector. According to Fig. 4(b) we can see that the weighted CFAR
detector can obtain high energies in edges of two terrain types but
low energies in the urban area. Fig. 4(c) is the energy map by the
weighted gradient detector. The fused energy map is indicated in
Fig. 4(d). It can be seen that it can not only obtain high energy in
weak edges but also enhance the energy of bright-dark intensity
variation in the urban area. Fig. 4(e) is the energy map by the
weighted gradient detector without the logarithmic transforma-
tion. As shown in Fig. 4(e), most of the gradient values are too low
and only several pixels have high values. Fig. 4(f) is the energy
map by fusing (b) and (e), which indicates that (e) cannot provide
strong edge energies for the urban area due to small values. Hence,
the logarithmic transformation is necessary. Fig. 4(g) is the final
cisco. (b) Polarimetric energy map by weighted CFAR detector. (c) Gradient energy
transformation. (f) Energy map by fusing (b) and (e). (g) Polarimetric sketch map.

scattering mechanism based PolSAR image classification, Pattern
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Fig. 5. Examples of polarimetric sketch map. (a) Two PolSAR images in Ottawa and Xian respectively. (b) Energy maps by the proposed edge-line detector. (c) Polarimetric
sketch maps. (d) Corresponding positions of sketch lines on the SPAN images.
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polarimetric sketch map and Fig. 4(h) indicates corresponding
positions of sketch segments on the SPAN image. From Fig. 4
(g) and (h) we can see that both the structures of hybrid regions
and edges can be represented by sketch segments with the length
and orientation. The polarimetric sketch map is a sparse repre-
sentation of the PolSAR image.

Furthermore, two other PolSAR images are used to illustrate the
polarimetric sketch maps as shown in Fig. 5. Fig. 5(a) is two PolSAR
images in Ottawa and Xi'an areas respectively. Fig. 5(b) is the
energy map by proposed edge-line detection method. Fig. 5
(c) illustrates the polarimetric sketch maps of two PolSAR images.
Fig. 5(d) shows the corresponding positions of sketch segments on
the SPAN images. It can be seen that the sketch segments can be
extracted in both edges and hybrid regions.

3.2. Middle-level semantic: region map

The region extraction of the hybrid terrain types can be
transformed into grouping sketch segments on the polarimetric
sketch map. Some graph rules are defined to group sketch seg-
ments, and a region map is extracted from the groups. The region
map algorithm is indicated in Algorithm 2.

Algorithm 2. Procedure of region map.
Inp
Ou

1

2

3

Ple
Rec
ut: a polarimetric sketch map;
tput: a region map;
. Segment label via defining three characteristics of sketch
segments: continuity, aggregation and spatial arrangement.
. Hybrid region extraction by grouping aggregated
segments.
. Linear region extraction with a geometric structural block.
urn a region map.
ret

3.2.1. Segment label via graph rules
In this section, sketch segments are labeled as aggregated

segments (AS) and isolated segments (IS) by defining three char-
acteristics of sketch segments: continuity, aggregation and spatial
arrangement. Firstly, the definitions are given for sketch segments
as below: sketch segment set:

S¼ fsi j si ¼ fli;θi; cig; i¼ 1�Ng

where N is the total number of sketch segments, and si is the ith
ase cite this article as: F. Liu, et al., Hierarchical semantic model and
ognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
sketch segment. li, θi and ci represent the length, orientation and
central point of si respectively.

sketch line:

linei ¼ fs1; s2;…; sk jd1ðsi; siþ1Þr2; siASg
where d1ðsi; siþ1Þ is the distance between the tail of segment si and
the head of segment siþ1 in the line. Due to the speckle effec-
tiveness, the sketch line may be broken with a small distance. To
connect the broken sketch lines, we set d1ðsi; siþ1Þr2.

Continuity of sketch segments: End-to-end sketch segments with
similar orientations can be merged into a longer straight sketch
line, which is the continuity of sketch segments. The long straight
lines generally represent the edge or line objects and should be
labeled as the isolated segments.

In the sketch map, there are three cases for the arrangement of
head-tail adjacent sketch segments: (1) a straight line, (2) an
inflict line; (3) multiple joints. We define the orientation variation
between two adjacent segments as Δθi ¼ jθiþ1�θi j . As shown in
Fig. 6, the first case in Fig. 6(a) is a straight line satisfying Δθirθ0

where θ0 is the threshold of Δθi. The second case in Fig. 6(b) is an
inflect line with Δθi4θ0. The last case is multiple joints. As illu-
strated in Fig. 6(c), although both two segments satisfy Δθirθ0, it
is obvious that the blue and red segments will formulate a inflect
line due to the sharp orientation variation.

Therefore, in order to label the isolated sketch segments, a long
straight line is defined as:

str_linej ¼ fs1; s2;…; skg

s:t:

d1ðsi; siþ1Þr2;Xk
i ¼ 1

li4 l0;

max fΔθigi ¼ 1:koθ0;

d2ðsi; siþ1Þ4max fli; liþ1g; i¼ 1;…; k�1

8>>>>>>><
>>>>>>>:

ð9Þ

where l0 is the length threshold, li is the length of the ith sketch
segment, and d2ðsi; siþ1Þ is the distance of the head of si and the
tail of siþ1. d2ðsi; siþ1Þ4max fli; ljg guarantees the sketch line is
forward and does not go back. In order to consider the edges with
slow orientation variation such as the river, we take θ0 ¼ 301. In
addition, in order to avoid uncorrected label, we take 5% of the
total straight lines as isolated segments after sorting the length in
descend. Then, the threshold l0 can be automatically determined
by the ratio.
scattering mechanism based PolSAR image classification, Pattern
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Fig. 6. Three cases for the continuity of sketch segments. (a) A straight line. (b) An inflect line. (c) Multiple lines. The red segment is segment si and the black and blue
segments are the sequent segment sj. The black segment can compose of a straight line with si and the blue segment will constitute an inflect line. (For interpretation of the
references to color in this figure caption, the reader is referred to the web version of this paper.)

Fig. 7. Three types of spatial arrangement for sketch segments, the red one is segment s and the black ones are its surrounding segments. According to the distribution
between segment s and its K-nearest segments, segments are divided into three types: (a) double-side aggregation (DAS); (b) single-side aggregation (SAS); (c) zero
aggregation (ZAS). (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)
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Aggregated characteristics of sketch segments: By extensive
experiments, we found sketch segments in hybrid terrain types are
aggregated and sketch segments in edge or line objects are iso-
lated. In this paper, aggregated degree (AD) is exploited to repre-
sent the hybrid terrain type based on the proximity rule of gestalt
principles [42,43]. The aggregated degree of a sketch segment is
defined as the mean distance of its K nearest neighbors. Thus, for
segment si, its aggregation degree aggregation(i) is defined as:

aggregationðiÞ ¼ 1
k

Xk
j ¼ 1

dðsi; sjÞ ð10Þ

where dðsi; sjÞ is the distance between segment si and its neighbor
sj, and defined as the Euclidean distance of the midpoints of two
segments. k is the number of the nearest neighbors. The AD can
characterize the local density of a sketch segment and represent
the spatial relationship of hybrid ground objects well. The sketch
segments can be labeled as AS and IS with a threshold δ1 of
the AD.

Spatial arrangement of sketch segments: According to the spatial
arrangements, sketch segments have three cases: double-side
aggregation segments (DAS), single-side aggregation segments
(SAS) and zero-aggregated segments (ZAS). Zero aggregated seg-
ments are considered as isolated segments. DAS is the segment
whose close neighbors are located in its both sides along the
sketch segment. SAS is the segment whose close neighbors are
mostly located in only one side. Generally, the DAS and SAS are
respectively the inner and boundary segments of hybrid terrain
types, thus SAS should be labeled as IS. As shown in Fig. 7, the red
segment is segment s. Fig. 7(a), (b) and (c) indicate the DAS, SAS
and ZAS respectively. It is noted that we did not consider the
segments in region 1 during calculating the AD, since the seg-
ments in region 1 are regarded as line objects or the boundaries.
The region 1 is obtained by two straight lines which have the same
intersection angle α with segment s. Generally, α is taken as a
small value, for example, α¼ 10○.
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
Recognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
Segment label: According to the defined three characteristics,
sketch segments can be divided into two types (aggregated seg-
ments (AS) and isolated segments (IS)). The selection of the
threshold δ1 is important. The aggregation degree histogram of
sketch segments (ADH) is used to guide the selection of δ1. Take
Fig. 8(a) as an example. The ADH of the sketch segments when
k¼9 is shown in Fig. 8(d). The small values indicate the AS and
larger values are IS. The threshold δ1 can be calculated by the ratio
of the AS number to the total segment number. The ratio is usually
taken as 90–95% by experiments as the sketch segments in hybrid
terrain types are much more than those in edges or line objects.
Fine adjustments are needed according to specific images.
According to the ratio r, δ1 is adaptively determined by:Z δ1

min t
pðtÞ ¼ r ð11Þ

where p(t) is the probability when AD is t. min t is the minimum
values of t. r is the ratio. So, δ1 is the corresponding AD when ratio
is r. In addition, the SAS is labeled as IS according to the spatial
arrangement. After segment label and some fine adjustment, a
semantic sketch map is obtained.

The procedure of the segment label is indicated in Fig. 8. Fig. 8
(a) is the Pauli image of Ottawa area and Fig. 8(b) is the polari-
metric sketch map. In Fig. 8(c), the red segments are the isolated
segments according to the long straight lines. It can be seen that
some long edges or line objects has been correctly labeled as
isolated segments. Then, according to the characteristics of the
aggregation degree and spatial arrangement, the semantic sketch
map is obtained and shown in Fig. 8(e). The blue sketch segments
represent AS, and the red sketch segments represent IS.

3.2.2. Hybrid region extraction
Since there are several disjoint hybrid areas in a PolSAR image,

AS can be grouped into several clusters and each cluster represents
a hybrid region. The hybrid region extraction algorithm is proposed
by partitioning the aggregated segments into several groups. This
scattering mechanism based PolSAR image classification, Pattern
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Fig. 8. Example of the region map extraction. (a) Pauli image of Ottawa area. (b) Polarimetric sketch map. (c) Label IS in red with long straight lines. (d) Aggregation degree
histogram of sketch segments with K¼9. (e) Semantic sketch map, the sketch segments in blue represent AS, and the sketch segments in red represent IS. (f) Region map.
The gray, black and white regions represent hybrid, linear and homogeneous regions respectively. (For interpretation of the references to color in this figure caption, the
reader is referred to the web version of this paper.)

Table 1
Symbols in the algorithm of hybrid region extraction.

Symbol Definition

U ¼ ⋃
m

k ¼ 1
Tk

Aggregated segment set

m Number of the aggregated segment subset
Tk ¼ fs1 ; s2 ;…; snk g Segment list in Tk

jTk j ¼ nk Total number of segments in Tk

T ¼ fT1 ; T2 ;⋯Tk;⋯g Grown aggregated segment subsets
δ2 Spatial constraint threshold
ri Hybrid region from Ti

R¼ fr1; r2 ;…; rmg Total hybrid regions
Φ Empty set
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method is similar with the region growing algorithm but with the
sketch segment as a unit and sketch segments sets as a result. Some
symbols are defined in advance in Table 1. The pseudo code is given
in Algorithm 3.

Algorithm 3. Procedure of hybrid region extraction algorithm.
Inp
Ou

1
2
3
4
5
6

7

8
9
1
1
1
1
1
1

Ple
Rec
ut: AS set U
tput: hybrid regions R¼ fr1; r2;…; rmg
: Initialization: T ¼Φ, Ti ¼Φ
: while U�Ta∅ do
: Select φi from U�T as a seed, Ti ¼ φi

� �
: while φi in Ti is not traversed do
: for j¼ 1 : k do
: Select the jth nearest neighbor φj of φi

: if dijrδ2 & φj =2Ti (dij is the distance between φi and
φj) then
: add φj to Ti

: end if
0: end for
1: φi is labeled as traversed
2: end while
3: if jTi joK then
4: Label segments in Ti as IS
5: else
ase cite this article as: F. Liu, et al., Hierarchical semantic model and scat
ognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
6: i¼ iþ1;
7: Closing operator is used to Ti and an hybrid region ri
is obtained.
8: end if
9: end while
0: return hybrid regions.
2

The aggregated segment grouping problem is to partition U
into several subsets fTkg; k¼ 1;2;…;m which can be described as:

Tk ¼ fs1; s2;…; snk g;

s:t:

⋃
m

i ¼ 1
Tk ¼U

Ti \ Tj ¼∅
8siATk; (sjATk s:t: d3ðsi; sjÞrδ2; ia j

8>>>><
>>>>:

ð12Þ

where nk is the number of segments in Tk, and d3ðsi; sjÞ is the
distance between segment si and segment sj.

The segment grouping criterion is the spatial constraint
threshold δ2. Generally, the peak of the ADH reflects the average
AD in hybrid regions. δ2 should be slightly larger than the peak
value to ensure that the sketch segments in a hybrid area are
gathered together. In this paper, we set δ2 as the average AD of
sketch segments for reference.

With the aggregated segment subsets, hybrid regions can be
extracted by applying the morphological closing operation to the
each aggregated segment subset. A circle element with the radius
of δ2 is selected to fill the biggest gap within the aggregated sketch
segment subsets.

3.2.3. Linear region extraction
To preserve the edges or line objects and further find the real

boundary, the linear regions, should be extracted from IS. A geo-
metric structural block [41] is applied to extracting the regions of
edges or line objects. Its width is usually taken as five since the
line object generally takes several pixels in width for low-
resolution images. The remaining regions of an image are homo-
geneous regions.
tering mechanism based PolSAR image classification, Pattern

http://dx.doi.org/10.1016/j.patcog.2016.02.020
http://dx.doi.org/10.1016/j.patcog.2016.02.020
http://dx.doi.org/10.1016/j.patcog.2016.02.020


Fig. 9. Examples of the proposed polarimetric hierarchical semantic model. The first column is three PolSAR images with Pauli base as RGB color channels. The second
column is SPAN images. The third column indicates the primal-level semantic: polarimetric sketch maps, and the last column shows the middle-level semantic: region maps.
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As indicated in Fig. 8(f), a region map is achieved which par-
titions an image into three parts: hybrid, linear and homogeneous
regions colored by gray, black and white respectively. In the
middle level semantic, the image primitive is the semantic region
exploited from the primal level semantic space. The region map
not only merges the hybrid terrain into a region but also keeps the
edge and line object regions.

The proposed HSM is illustrated by three PolSAR images in
Fig. 9. The first column is pseudo color images in Pauli base from
different sensors and bands, and the second column is corre-
sponding SPAN images. The common characteristic of these Pol-
SAR images is that scattering waves of the urban area have sharp
transitions caused by the building and the ground. The third col-
umn is polarimetric sketch maps. The sketch segments in the
sketch map represent the structures of the image. According to the
spatial relationship of sketch segments, a region map, as shown in
the fourth column, is extracted from the sketch map. The region
map partitions an image into hybrid, linear and homogeneous
regions in gray, black and white respectively.
Fig. 10. The flowchart of the proposed HS-SM method.
4. PolSAR classification based on the HSM and scattering
mechanism

Based on the HSM, a HS-SM method is proposed for PolSAR
data by exploiting different characteristics of three regions. The
flowchart of the proposed HS-SM method is illustrated in Fig. 10.
The semantic segmentation and the semantic-polarimetric classi-
fication will be introduced in detail next.
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
Recognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
4.1. Semantic segmentation based on the HSM

A PolSAR image is partitioned into three subspaces according to
the region map. Each subspace is the images with the same region
type. Considering characteristics of three subspaces, we design dif-
ferent merging schemes based on an initial over-segmentation map.
scattering mechanism based PolSAR image classification, Pattern
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Fig. 11. Example of the merging procedure of hybrid regions for the subimage of San Francisco.
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Fig. 12. Edge location in linear regions. (a) Structural region extraction. The black points are pixels and the arrow in green represents the sketch segment. The red rectangle is
the extracted linear regions and the red points are the true edge. (b) True edge which partitions linear region into two parts. The curve in blue is the true edge obtained by
the polarimetric edge-line detection. The points in the linear region are divided into two parts in cyan and orange respectively. (For interpretation of the references to color
in this figure caption, the reader is referred to the web version of this paper.)
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Initial segmentation: Superpixels can not only reduce the com-
putational time but also produce more homogeneous regions. A
mean-shift algorithm [44] is used for initial segmentation as it can
produce less over-segmented regions and better edge
preservation.

The superpixels are divided coarsely into three parts corre-
sponding to the region map. The first part is superpixels corre-
sponding to hybrid regions. The second part is superpixels corre-
sponding to linear regions, and the last part is other superpixels.
Three distinct merging schemes are applied to three parts in
this paper.

Merging scheme in aggregated subspace: The hybrid region is
semantic homogeneous while the boundaries are not accurate. On
the contrary, superpixels have real boundaries but too many over-
segmented regions in the hybrid terrain types. A majority voting
scheme [45] is applied to merging the hybrid regions as shown in
Fig. 11. The inner of hybrid regions can be merged directly and the
edge is located by superpixels.

Edge location in linear subspace: According to the semantic
meanings of sketch segments, the isolated segments represent
the line object or the boundary of two different regions. For each
linear region, the true boundaries should be located no matter
the sketch segment is an edge or a line object. Specifically, to
refine the edge-line regions, the true edge is located from the
edge map by the polarimetric edge-line detection method, and
each linear region is partitioned into two regions along the true
boundary. Fig. 12 indicates the edge location in linear regions.
The red rectangle in Fig. 12(a) is the extracted linear region and
the green line is the sketch segment. The blue curve in Fig. 12
(b) is the located edge which partitions the hybrid region into
two parts.
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
Recognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
Hierarchical segmentation in homogeneous subspace: A hier-
archical merging method [46] is used for homogeneous regions.
According to the Wishart distribution of the coherence matrix, a
maximum likelihood method [46] is adopted to measure the
similarity of two superpixels. After calculating the similarity, the
two adjacent superpixels with the minimum value are merged in
each iteration. A simple stopping rule is defined as the region
number Nr after merging. In addition, the two parts obtained by
edge locations in linear regions are merged with the surrounding
homogeneous regions during hierarchical segmentation.
4.2. Semantic-polarimetric classification

The H/α-Wishart classification method [47] can identify the
main terrain types clearly by combining the physical scattering
characteristics with statistical properties. However, the region
homogeneity is poor without considering spatial information. The
semantic segmentation can provide semantic homogeneous
regions for hybrid types. To assign label to each surperpixel in the
segmentation map, a semantic-polarimetric classifier is proposed
to combine the segmentation and classification maps.

The semantic-polarimetric classifier is based on the majority
voting rule [45,48]. Specifically, for each region in the segmenta-
tion map, all the pixels are assigned to the most frequent class
within this region. The majority voting rule can produce a good
classification result with more homogeneous regions by combin-
ing the semantic and polarimetric information. The segmentation
map can provide an adaptive neighborhood for classification, and
the neighborhood of each pixel is defined as the region it belongs
to in the segmentation map.
scattering mechanism based PolSAR image classification, Pattern
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Fig. 13. Classification results of Synthetic PolSAR images using different methods. (a) Pauli RGB image of the synthetic image. (b) Ground truth of the synthetic image.
(c) Classification map by the HS-SM method. (d) Classification map by the MSSM method. (e) Classification map by the SGP method. (f) Classification map by the SPECR
method. (g) Classification map by the Wishart based MRF method. (h) Classification map by the SAE method.
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5. Experimental results and analysis

5.1. Experimental data and settings

To verify the effectiveness of the proposed method, we test a
set of synthetic PolSAR image and four sets of real PolSAR images
with different bands and sensors. Four sets of real PolSAR images
are introduced as follows. (1) the NASA/JPL AIRSAR L-band data of
San Francisco which is a 4-look fully polarimetric SAR data with a
dimension of 700� 900 pixels; (2) the L-band Oberpfaffenhofen
data in Germany with 212� 387 pixels, which is provided by the
German Aerospace Centers E-SAR; (3) the CONVAIR data of Ottawa
Area which is 10-look fully polarimetric complex format data with
222� 342 pixels; and (4) the RadarSAT-2 C-band data of Xi'an
Area acquired in China with the resolution of 8 m and 512� 512
pixels. The ground truths of the second data set and the synthetic
image are given in this paper and the classification accuracies are
illustrated in the experiments.

For all the experiments, the filters with three scales and 18
orientations are selected for edge-line detection because they are
sufficient to describe the ground objects. The CLG is selected
adaptively by their histogram. δ1 and δ2 are calculated adaptively
according to the AD. All the experiments are conducted on a
computer with an Intel core i3 3.20 GHz processor and 4.00
GB RAM.

Moreover, to verify the effectiveness of our method, we com-
pare the HS-SM with six related methods including: (1) the
method [49] denoted by SPECR in this paper, which is an unsu-
pervised classification method for fully polarimetric SAR Images
based on scattering power entropy and copolarized ratio; (2) the
Markov Random Field (MRF) method [13] which involves con-
textual information into the Wishart classifier; (3) a spectral graph
partitioning(denoted by SGP) method [8] which is a two-step
approach and calculates the similarity matrix with the contour and
polarimetric information; (4) a binary partition tree-based method
[5](denoted by BPT) which constructs hierarchically the tree and
the pruning rule for PolSAR images; (5) a stacked auto-encoder
based method(denoted by SAE) which is similar to the proposed
method but replacing the HSM with the deep features learned by a
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
Recognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
stacked auto-encoder network [50]. Similar procedure is imple-
mented by merging the surperpixels with the deep features, and
then combining with the H/α-Wishart classification to obtain a
classification map, and (6) a method denoted by MSSM in this
paper, which is the unsupervised classification method by only
combining the H/α-Wishart classification and the over segmen-
tation from the mean-shift algorithm. The last two methods are
designed to verify the effectiveness of the HSM.

5.2. Experimental results of the synthetic PolSAR image

A synthetic PolSAR image is illustrated in Fig. 13(a), and (b) is
the corresponding ground truth map. It can be seen that the
synthetic image consists of the sea, the urban area and the forest.
The urban area and the forest are the hybrid terrain types and have
sharp transitions in intensity.

The classification results by the proposed method and other
compared methods are shown in Fig. 13(c)–(h). It can be seen the
classification map by the proposed method can obtain more
homogeneous regions in both the urban area and the forest than
other compared methods. In addition, the edge preservation of the
circle and the sin curve are better than other methods. The sin
curve is difficult to be fully preserved since the forest and the sea
are partly confused during the Wishart classification. The MSSM
method has some misclassification in the urban area without the
HSM. The SGP method can obtain homogeneous regions while it
produces some confusions between the sea and the forest. In
addition, the SPECR method shown in Fig. 13(f) preserves edges
well but produces a pepper-and-salt classification map since it is a
pixel-wise method. The wishart-MRF in Fig. 13(f) obtains lots of
misclassification in the forest. The SAE method obtains good region
homogeneity while the edge of sin curve is almost lost.

The classification accuracies of the proposed and compared
methods are calculated in Table 2, and the confusion matrix is
shown in Table 3. It can be seen that the average accuracy of the
proposed method is 97.06%, and higher than other methods by
8.30%, 8.44%, 12.9%, 13.6% and 1.88%. From Table 3 we can seen that
the sea is misclassified as the forest in the proposed method, since
they are easily confused for the Wishart classifier. Moreover, the
scattering mechanism based PolSAR image classification, Pattern
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running time of the proposed method and other compared
methods are illustrated in Table 4. It can be seen that the proposed
method costs similar time with the SAE and SPECR, while it has
Table 2
Classification accuracies (%) of six methods on the synthetic image.

Method\Class Sea Urban area Forest Average Accuracy

HS-SM 95.97 96.86 98.36 97.06
MSSM 92.27 72.62 96.39 88.76
SGP 87.14 95.56 83.17 88.62
SPECR 94.6 68.80 89.00 84.14
Wishart-MRF 99.23 92.47 58.52 83.41
SAE 93.64 96.11 95.79 95.18

Table 3
Confusion matrix (%) of the proposed method on the synthetic image.

Class Sea Urban area Forest

Sea 95.97 0.42 3.61
Urban area 2.67 96.86 0.47
Forest 1.32 0.32 98.36

Table 4
Running time (s) of the proposed method on the synthetic image.

Time\Method HS-SM MSSM SGP SPECR Wishart-MRF SAE

Time 126.31 11.24 101.87 128.50 68.41 118.45

woodland settlement area road
Fig. 14. Classification maps of a sub-region from Oberpfaffenhofen data. (a) Pseudo color
by HS-SM. (e) Classification map by MSSM. (f) Classification map by the SGP method
(i) Classification map by the SAE method.
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better performance than them. The time of the proposed method
is mainly costed in the polarimetric sketch map due to the matrix
operations in the Wishart measurement.

5.3. Experimental results of Oberpfaffenhofen data

The E-SAR data of Oberpfaffenhofen is also used to validate the
effectiveness of the proposed method, which is L-band with 0:92�
1:49 m pixel size and by a 3:00� 2:20 resolution. The PolSAR
pseudo color subimage is shown in Fig. 14(a) and the corre-
sponding ground truth is indicated in Fig. 14(b). The optical image
from Google Earth is illustrated in Fig. 14(c) for reference. It can be
seen that the image is mainly labeled as five classes: Woodland,
Settlement area, Roads, Farmland and other land covers. The ground
truth is marked by the optical remote sensing and the label map in
[12]. Hence, the ground truth is not exactly accurate which con-
siders the majority terrain type in each class. Furthermore, the
farmland is ignored during the calculation of the accuracy rate
since its area is too small as shown in Fig. 14(b).

The classification maps obtained by the HS-SM method and
other algorithms are shown in Fig. 14(d)–(i). The classification
accuracies of these methods are recorded in Table 5, and the
confusion matrix of the HS-SM method is listed in Table 6. From
Table 3 and Fig. 14, we can conclude that the HS-SM method has
better performance than other algorithms. Specifically, the average
classification accuracy of the HS-SM method is 71.15%, which is
11.8%, 18.2%, 22.4%, 23.7% and 12.7% higher than other methods
respectively. The incorrect classification in the road results in the
low accuracies of all the classification methods. In addition, the
woodland and the settlement area are confused in all the other
other farmland
image. (b) Ground truth. (c) Optical image from Google Earth. (d) Classification map
. (g) Classification map by SPECR. (h) Classification map by Wishart based MRF.
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methods while the proposed method can classify both of them
with higher accuracies. From Fig. 14 it can be seen that the HS-SM
method obtains more homogeneous regions than other approa-
ches. Furthermore, the edge of the woodland can be clearly iden-
tified. In the SPECR method, the settlement area class is mostly
misclassified as the woodland thus their classification accuracies
are totally unbalanced as shown in Table 3. In the SAE method,
woodland and settlement area classes are confused either. From
Table 5, it is demonstrated that the main reason of the low clas-
sification accuracy in the proposed method is the confusion
between road and other classes. It is considered that the Wishart
Table 5
Classification accuracies (%) of six methods on Oberpfaffenhofen data.

Method\Class Woodland Settlement area Road Other Average Accuracy

HS-SM 90.89 78.35 45.51 69.84 71.15
MSSM 92.37 27.41 49.58 67.89 59.31
SGP 93.88 27.62 47.50 42.78 52.95
SPECR 92.84 6.000 56.92 39.32 48.77
Wishart-MRF 90.99 24.93 28.32 45.55 47.45
SAE 76.64 29.65 53.96 73.44 58.42

Table 6
Confusion matrix (%) of the proposed method on Oberpfaffenhofen data.

Class Woodland Settlement area Road Other

Woodland 90.89 5.190 1.280 2.640
Settlement area 1.480 78.35 5.700 14.47
Road 0.260 17.76 45.15 36.58
Other 2.330 11.43 16.31 69.84

Fig. 15. Classification results of San Francisco using different methods. The circles highl
(b) Optical image from Google Earth. (c) Classification map by HS-SM method. (d) Cla
(f) Classification map by the SPECR method. (g) Classification map by the BPT method.
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distribution is not suitable for the high-resolution data any more.
Some advanced non-Gaussian models will be selected in the
further work.

5.4. Experimental results of San Francisco data

The PolSAR image of San Francisco data is shown in Fig. 15
(a) with the Pauli base as RGB color channels. The corresponding
satellite image from the Google Earth is shown in Fig. 15(b).
Multiple of ground objects can be seen in this image such as the
urban area, the mountainous region, the sea, the vegetation, and
the bridge.

Fig. 15(c) indicates the classification result of the HS-SM
method. The classification maps by the MSSM, SGP, SPECR, BPT,
and SAE methods are shown in Fig. 15(d), (e), (f), (g), and (h)
respectively for comparison. The BPT method is tested in this
image and the following two PolSAR images since S matrix is lack
for other PolSAR data. Three sets of PolSAR data can verify the
experimental results either. Parameters in the MSSM algorithm are
the same as the HS-SM method. The SPECR method has the same
parameter with [49] in this experiment.

Although the accuracy rate cannot be calculated due to the lack
of the ground truth map, the optical image from Google Earth is
provided for reference in Fig. 15(b). It can be seen from Fig. 15 that
our method in (c) can get better performance in region homo-
geneity and line object preservation than other classification maps
in (d)–(h). For Fig. 15(d), there are a lot of misclassification espe-
cially in the urban area and the bridge which are classified into
several classes. The classification result by SGP in (e) can obtain
homogeneous region in the sea while it has difficulty in merging
the urban area due to the heterogeneity of the hybrid terrain type.
The classification result in Fig. 15(f) can get better details but
ight the details of six results for comparison. (a) Pauli RGB image of San Francisco.
ssification map by the MSSM method. (e) Classification map by the SGP method.
(h) Classification map by the SAE method.
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Fig. 16. Classification results of Ottawa Area. (a) Original image with Pauli base as RGB color channels respectively. (b) SPAN image of Ottawa Area data. (c) Classification map
by the HS-SM method. (d) Classification map by the MSSM method. (e) Classification map by the SGP method. (f) Classification map by the SPECR method. (g) Classification
map by the BPT method. (h) Classification map by the SAE method.
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appear a multi-class mixed result especially in urban area. The
classification map by the BPT in (g) can merge the homogeneous
regions well, such as the sea, while it also fails to classify the urban
area into semantic homogeneous regions. In addition, the SAE
method in Fig. 15(h) can show better performance than other
compared methods. The deep feature can merge superpixels in the
urban area into some homogeneous regions. However, it still has
some over-segmentation in the urban area.

The HS-SM method can identify various classes such as the urban
area, forest, water, bridge and grass clearly in Fig. 15(c). Especially in
the urban area and the sea, a homogeneous region is obtained rather
than a noised classification map. Semantic homogeneous regions are
useful for further image understanding. Moreover, the small objects
are segmented clearly as shown in the circle for better comparison. It
is demonstrated that the HSM does improve the classification result.
Moreover, the beach on the left is lost due to the lack of obvious
edges on the image. More effective features will be involved to
identity this region in the further work. Consequently, due to the
HSM, the proposed method can show better performance in region
homogeneity especially for the urban area.

5.5. Experimental results of Ottawa-area data

The Pauli RGB image of Ottawa area is shown in Fig. 16(a).
There are the urban area, a railway, the bare land and the roads in
this image. Fig. 16(b) illustrates the SPAN image.

The classification results by the HS-SM method and the other
five algorithms are illustrated in Fig. 16(c)–(h) respectively.
According to Fig. 16, we can see that our method in Fig. 16
(c) shows better performance in region homogeneity especially in
the urban area than Fig. 16(d)–(h). It indicates the region map is
effective for classification of the complex PolSAR scene. The urban
area in Fig. 16(c) can be classified into a whole semantic region.
This is explained by the fact that the hybrid region is extracted by
the HSM. In Fig. 16(e), the result by the SGP method can also
obtain good performance while the urban area is over-segmented.
The BPT method in (g) produces multiple classes in the urban area
either. The classification result in Fig. 16(f) can get homogeneous
regions while some line objects are lost. The classification map in
(h) also produces over-segmented regions in the urban area and
loses some line objects. The classification result by MSSM in Fig. 16
(d) produces lots of over-segmented regions especially in the
urban area without the region map. It illustrates that the classifi-
cation result is greatly affected by the region map, and the HSM
plays an important role in the HS-SM method for the classification.
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
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5.6. Experimental results of Xi'an-area data

The pseudo color image of Xi'an area is shown in Fig. 17(a). The
corresponding optical image from Google Earth is indicated in
Fig. 17(b). The optical image is provided for reference, since they
are obtained in different periods. The upper left corner of the
image is the urban area and some villages are located on the
bottom right corner. A river named Weihe River is in the center of
the map and a bridge is across the river. There is a railway parallel
to the bridge on the upper right corner of the map.

The classification maps by the HS-SM method and other five
methods are illustrated in Fig. 17(c)–(h). There are mainly four kinds
of terrain types in this image: the urban area, the villages, the river
and the grass. Some line objects such as bridges and a railway are
located across the river. The classification result in (c) shows better
performance than other methods especially in urban area and the
grass. The urban area is classified into homogeneous regions in (c),
while other methods produce some mixed classes in these areas
even though more details are obtained. The edges of the river are lost
while the urban area are still over-segmented in Fig. 17(e), (g), and
(h). It is because the same merging scheme is adopted for all the
regions. From Fig. 17(c) it can be seen that the bridge and the railway
can be detected and the boundaries of the river can be identified
well. It verifies the importance of the region map. Based on the
region map, the proposed method can not only obtain semantic
homogeneous regions, but also preserve some line objects and edges.

5.7. Parameter analysis

In the proposed method, there are mainly four parameters
which can be adjusted by the user: δ1,δ2,k and Nr , and they
represent aggregation degree threshold, spatial constraint
threshold, number of neighbors and region number respectively.
Four parameters are tested on the synthetic image in Fig. 13(a) and
the Oberpfaffenhofen data in Fig. 14(a), and the experimental
results are shown in Figs. 18 and 19 respectively. In addition, the
ADHs of the two data sets are illustrated in Fig. 20(a) and
(b) respectively, since δ1 and δ2 can be adaptively determined by
the ADH.

Firstly, δ1 is analysed since it greatly affects the classification
accuracy. For Fig. 13(a), the effect of δ1 on classification accuracy is
indicated in Fig. 18(a). δ1 is tested from 1 to 17 in the experiment.
It can be seen the accuracy is low when δ1o11, and increases fast
after 11, and achieve the highest value when δ1¼14. According to
the ADH in Fig. 20(a), it can be seen 14 is just the through of wave
scattering mechanism based PolSAR image classification, Pattern
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Fig. 18. Parameters analysis on the synthetic image. (a) Effect of δ1 on classification accuracy. (b) Effect of δ2 on classification accuracy. (c) Effect of K on classification
accuracy. (d) Effect of Nr on classification accuracy.

Fig. 17. Classification results of Xi'an area. (a) Pseudo color image of Xian area with Pauli base. (b) Satellite image from Google Earth. (c) Classification by HS-SM method.
(d) Classification by MSSM method. (e) Classification by SGP method. (f) Classification by SPECR method. (g) Classification by the BPT method. (h) Classification by the SAE
method.
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Fig. 19. Parameters analysis on the Oberpfaffenhofen data. (a) Effect of δ1 on classification accuracy. (b) Effect of δ2 on classification accuracy. (c) Effect of K on classification
accuracy. (d) Effect of Nr on classification accuracy.

Fig. 20. ADHs of the synthetic image and the Oberpfaffenhofen image respectively. (a) ADH of the synthetic image. (b) ADH of the Oberpfaffenhofen image.
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in the ADH. It means most of the segments should be labeled as
AS, and the corresponding proportion factor r is 92%, which is
consistent with the experimental value in Eq. (11). The similar
result can be obtained in Fig. 19(a). Therefore, δ1 can be calculated
according to r which is selected as 90–95% by experiments.

δ2 is an important parameter to obtain the region map either.
The effect of δ2 on classification accuracies is shown in Fig. 18
(b) and Fig. 19(b) respectively. From Fig. 18(b) we can see that the
accuracy curve is flat when δ2o14, and the highest value is
Please cite this article as: F. Liu, et al., Hierarchical semantic model and
Recognition (2016), http://dx.doi.org/10.1016/j.patcog.2016.02.020i
obtained when δ2¼9. It means δ2 is robust for classification
accuracy when δ2 is near the optimal value. In addition, from
Fig. 20(a) we can seen that optimal value 9 is just the peak of the
ADH. Similarity, the optimal value of δ2 in Fig. 19(b) is 14, which is
slightly larger than the peak of the ADH in Fig. 20(b). The average
values of AD in Fig. 20(a) and (b) are 10 and 13 respectively.
Therefore, δ2 can be calculated approximately by the average value
of AD. Thus, δ1 and δ2 can be adaptively determined.
scattering mechanism based PolSAR image classification, Pattern
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Figs. 18(c) and 19(c) indicate the effect of k on classification
accuracy for the synthetic data and Oberpfaffenhofen data
respectively. Both curves derive the optimal values when k¼9, and
classification accuracies decrease when k is too low or too large.
Generally, the aggregated degree cannot be estimated correctly
when k is too small or too large. Therefore, we select k¼9 by
default.

Moreover, the region number Nr is set by the user either. The
effect of Nr on the classification accuracies can be seen in Fig. 18
(d) for the synthetic image. The total region number of homo-
geneous areas is 420. Nr varies from 25 to 325 with the increment
of 20. It demonstrates that the classification accuracy is low with a
small Nr and almost keeps flat after 165. The similar trend can be
obtained in Fig. 19(d). It demonstrates that the over-segmentation
can produce better performance than under-segmentation. To
guarantee an over-segmented map, we set Nr a slightly large value.
6. Conclusion

In this paper, a novel hierarchical semantic model has been
proposed for the PolSAR terrain classification. To learn the
structure-level representation of vision, a primal-level semantic
has been constructed by a polarimetric sketch map. Moreover, to
partly simulate the concept-level representation of vision, a
middle-level semantic has been extracted by a region map which
partitions an image into hybrid, linear and homogeneous region
types. In addition, different schemes are designed for three region
types by considering their characteristics. Then, a semantic-
polarimetric classification method takes advantages of both the
semantic information and the scattering mechanism of PolSAR
images to obtain more accurate classification map. Experimental
results have demonstrated that our method can obtain better
performance than the existing methods on region homogeneity
especially for hybrid terrain types.

In addition, the region map can be widely used to other
applications of PolSAR images such as the image segmentation,
speckle reduction, object detection. Our method provides a new
framework for PolSAR image processing by partitioning a complex
scene into three relatively homogeneous subspaces and designing
different models for three subspaces.

However, in the proposed method, there are some parameters
which should be selected by the user. Some adaptive division
methods with fewer parameters will be exploited in the future
work. Besides, more spatial relationship of sketch segments can be
exploited for PolSAR images in the future.
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