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ABSTRACT
Building extraction from remote sensing images is very important in
many fields, such as urban planning, land use investigation, damage
assessment, and so on. In polarimetric synthetic aperture radar
(PolSAR) imagery, the buildings not only have typical polarimetric
features but also have rich texture features. In this paper, the texture
information is introduced to improve the accuracy of urban building
extraction from PolSAR imagery by a newmethod called cross reclassi-
fication. Based on this method, the polarimetric information-based
results and texture-based results can be effectively fused. The experi-
mental results of three representative PolSAR images with different
characteristics demonstrate the effectiveness of the proposedmethod,
and the accuracy of building extraction can be improved, compared
with the traditional method using only polarimetric information.
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1. Introduction

Buildings are themost basic living place for human beings inmodern society. The automatic
identification and accurate extraction of building information from remote sensing images
is, therefore, important in many fields, such as the investigation and evaluation of disasters,
urban planning, population estimation (Stasolla and Gamba 2008), the establishment and
update of geographic information databases, land use investigation, and so on. The extrac-
tion of the building information is also a requirement for the relevant planning departments
and evaluation entities. In addition, the extraction of the building information is a significant
academic issue. Consequently, the study of the extraction of building information has both
practical significance and value to society.

Building interpretation from high-resolution optical remote sensing images is intuitive
(Dahiya, Garg, and Jat 2013; Turker and Koc-San 2015) but is vulnerable to the limitation of
sunlight illumination. Synthetic aperture radar (SAR) remote sensing has unique advantages
of all-time and all-weather imaging. SAR images are particularly useful when weather
conditions are not suitable for optical sensing (Chen and Sato 2013). There have been
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many studies of building extraction from SAR images,most of which have usedmultisource/
multitemporal data (Gamba, Houshmand, and Saccani 2000; Tupin and Roux 2003; Zhu, Fan,
and Shao 2006) and have used high-resolution (HR) single-polarization SAR images (Dong
et al. 2011; Zhao, Zhou, and Kuang 2013; Cao et al. 2014). Only using a single SAR image
without registration is more convenient and practical than usingmultisource/multitemporal
data. Bright lines and areas with regular shape are the major characteristics of buildings in
HR SAR images; however, because such details are susceptible to speckle noise, many HR
SAR images may not present accurate building shapes. Compared to single or partial
polarization modes (Chen and Sato 2013), fully polarimetric techniques can better assist
with the understanding of scatteringmechanisms and can providemuchmore information.

Polarimetric synthetic aperture radar (PolSAR) images not only include polarimetric infor-
mation but also include texture information. If the two kinds of information are combined and
effectively exert their respective superiorities, the image information comprehension ability
will be improved. At present, PolSAR images are used to extract buildings mainly using the
polarimetric information (Bhattacharya and Touzi 2012; Kajimoto and Susaki 2013; Yang et al.
2014). However, the texture information can provide rich image details and is very important
for building recognition. To the best of our knowledge, texture information for building
extraction has been mainly used in single-polarization SAR images, and both texture features
and polarimetric features together are rarely considered in PolSAR images. Therefore, in this
paper, the texture information is introduced, and a newmethod named cross reclassification is
proposed for the fusion of polarimetric and texture information during unsupervised classi-
fication, so as to extract buildings more accurately and reliably.

2. Methodology

This research is aimed at improving building extraction accuracy through the fusion of
polarimetric and texture features. The dominant ideology of the method proposed in this
paper is that buildings can be regarded as a kind of typical ground object and are extracted
after the typical ground objects have been classified. The whole processing chain (Figure 1)
consists of three major steps: firstly, H/α/A-Wishart unsupervised classification of the pre-
processed PolSAR data is implemented, and 16 classes are merged into three classes
according to the agglomerative hierarchical clustering method based on minimum dissim-
ilarity. Secondly, the span image is extracted and their grey-level co-occurrence matrix
(GLCM) texture features are computed, which is defined as the total backscattering power
of three scattering mechanisms. And then the unsupervised classification is performed on
the group of these texture features. Thirdly, the cross reclassification scheme is employed to
fuse the two unsupervised classification results. Finally, the buildings are extracted from the
fusion results. In this way, the cross reclassification method effectively uses both the polari-
metric information and the texture information in the PolSAR images.

The number of classes of the typical ground objects in PolSAR images differs accord-
ing to the different images. In Figure 1, three kinds of typical ground objects are taken as
an example in accordance with the experimental data used in this paper.

2.1. Unsupervised classification based on polarimetric characteristics

H/α/A-Wishart (Pottier 1998; Pottier and Lee 2000) is a classical unsupervised classifica-
tion algorithm for PolSAR data. Entropy H, scattering mechanism angle α and anisotropy
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A represent the randomness of target scattering, average scattering mechanism and the
dominant degree of the two subordinate scattering mechanism, respectively. The eight
classes obtained from the H/α plane are subdivided into 16 classes by anisotropy A. H/α/
A mainly provides the polarimetric information but contains no texture information. In
the experimental data used in this study, there were three classes of typical ground
objects. Hence, the 16 classes produced by H/α/A-Wishart needed to be merged into
three classes. The clusters with similarities are merged according to the agglomerative
hierarchical clustering algorithm (Cao, Hong, and Wu 2008) based on the minimum
dissimilarity criterion. This algorithm is a clustering algorithm that progressively
decreases the number of clusters through each loop. For each iteration, the dissimila-
rities of all the possible pairs of clusters are calculated, and the two clusters with the
minimum dissimilarity are merged to decrease the number of clusters by 1, while
performing complex Wishart clustering to amend the locations of the cluster centres
(Cao et al. 2007). We then turn to the next iteration. According to Conradsen et al. (2003)
and Liu et al. (2013), the dissimilarity between the ith and jth classes can be defined as

D Si; Sj
� � ¼ Ni þ Nj

� �
ln �j j � Ni ln �ij j þ Nj ln �j

�� ��� �
(1)

where Si and Sj represent the ith and jth classes, respectively. Ni and Nj are the numbers of
samples in the ith and jth classes, respectively. Σi and Σj are the centre covariancematrices of
the ith and jth classes, respectively. Σ is the centre covariance matrix of the new class after
combining the ith and jth classes. The dissimilarity D(Si,Sj) is symmetric. If i = j, D(Si,Sj) has a
minimum value, zero. In the process of the mth iteration, we calculate all the D(Si,Sj) values
under the condition of i ≠ j and find theminimumD(Si,Sj) value. If the minimumD(Si,Sj) value
corresponds to the two classes of the ath class and bth class, namely

D Sa; Sbð Þ ¼ min D Si; Sj
� �� �

(2)

then the ath and bth classes will be merged as a new class, the cth class, and the cth and
remaining classes then form a new set of classes, which are used to perform the (m + 1)th
iteration, and so on.

Figure 1. Framework of building extraction through the fusion of polarimetric and texture information.
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2.2. Unsupervised classification based on texture features

The detailed structure of ground objects can be effectively reflected in texture informa-
tion. Buildings with a regular arrangement and shape show notable texture features in
an image. Adding texture features can make building extraction from PolSAR images
more precise. Haralick, Shanmugam, and Dinstein (1973) defined the GLCM, which is one
of the best-known texture analysis methods, and also proposed 14 second-order statis-
tical features extracted from the GLCM.

The experimental results in this study showed that the four texture features of mean,
homogeneity, dissimilarity and angular second moment have good distinguishing abilities
for buildings and non-buildings, and are less affected by the speckle noise of SAR data.
The statistic of mean mainly relates to the power of image, and homogeneity and angular
second moment are influenced by image homogeneity, and dissimilarity can measure the
variation of grey-level pairs in image. If pixels are very similar, then homogeneity and
angular second moment are high with a low dissimilarity value. The four texture features
can be used to set threshold values for the initial classification and can be used for
unsupervised clustering. Here, the k-means algorithm proposed by MacQueen (1967) is
used as the clustering algorithm of the unsupervised classification. In order to retain
more detailed information, we calculate the four texture features of the original span
image without noise filtering, with a window size of 7 × 7.

In order to improve the automaticity and efficiency of the program, we calculate a
statistical histogram of the samples. We then choose the mean of the top 70% of the
histogram as the threshold values for the initial classification, which can effectively repre-
sent most of the samples. Meanwhile, the impact of the deviating points is also reduced. We
call the mean as ‘hist_mean70ʹ. The initial clustering centres are obtained through the
threshold values setting according to hist_mean70 of the four sensitive features selected.

The experiments in this study confirmed that this method can obtain a good initial
classification result, and the convergence of the iteration is fast. The convergence
condition is satisfied after just one or two iterations.

2.3. Cross reclassification

In order to merge the results of the H/α/A-Wishart classification and the unsupervised
classification based on the GLCM (GLCM-based), we propose a new method named cross
reclassification. The central idea of cross reclassification is that the classification results of
the H/α/A-Wishart algorithm and the GLCM-based algorithm cross each other. That is, the
classification result of one of the two algorithms is reclassified by the classification result
of the other algorithm.

The process of cross reclassification is shown in Figure 2. H1, H2 and H3 represent the first,
second and third classes generated from the H/α/A-Wishart classification, respectively.
Accordingly, G1, G2 and G3 represent the first, second and third classes generated from
the GLCM-based classification, respectively.m1,m2,m3,m4,m5,m6,m7,m8 andm9 represent
the classes produced by cross reclassification. A1, A2 and A3 represent the first, second and
third classes after the nine classes from cross reclassification are merged, respectively. H1 is
subdivided into three classes labelled asm1,m2 andm3 by G1, G2 and G3. The classm1 is the
cluster whose data items are labelled as the first class by both H/α/A-Wishart and GLCM-
based together. That is to say, the results of the two classification methods are identical for
m1. Therefore, the class labels for m1 have high confidence. The classification results of the
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two methods are different for both m2 and m3. The cluster m2 is the intersection of H1 and
G2. In other words, some data items of H1 are reclassified as the class m2 by G2. The data
items ofm2 were classified as H1 using the H/α/A-Wishart method, but were classified as G2

using the GLCM-basedmethod. In the sameway, the classm3, which is the intersection ofH1

and G3, is identified as H1 in the results of H/α/A-Wishart, but is identified as G3 in GLCM-
based. Analogously, H2 is subdivided into three classes labelled asm4, m5 andm6 by G1, G2

and G3, and H3 is subdivided into three classes labelled asm7, m8 andm9 by G1, G2 and G3.
In this way, nine classes,m1,m2, . . .,m9, are eventually formed. That is to say, the data set

is reclassified into nine classes by the cross reclassificationmethod. The nine classes can then
bemerged into the three classes that we expect, A1, A2 and A3, by reusing the agglomerative
hierarchical clustering method described in Section 2.1, as shown in Figure 2.

In Figure 2, the diagonal elementsm1,m5 andm9 of the cross reclassification plane indicate
that the classification results of the two classification methods are identical, and that the class
labels for the data items of m1, m5 and m9 have high confidence. When the nine classes are
remerged to three classes, the pixels inm1,m5 andm9 are notmoved toomuch, and it is those
in the non-diagonal elements m2, m3, m4, m6, m7 and m8 that are mainly moved.

If the land types are divided into n classes, the results of the two kinds of classification will
cross each other to form the cross reclassification plane with a size of n × n according to the
process described above, and we then execute agglomerative hierarchical clustering.

The method fuses the results of the two kinds of unsupervised classification and
implements the fusion of the polarimetric features and texture features on the decision
fusion layer, so as to make full use of the effective information of the polarimetric data. In
this way, the accuracy of the two unsupervised classification methods can be improved by
the use of cross reclassification. In the process of the merging and clustering of cross
reclassification, other kinds of merging criteria and clustering methods could also be

Figure 2. Diagram of the process of cross reclassification. The symbol ∩ denotes the intersection of
two sets.
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chosen. This idea could also be applied to the fusion of the results generated from any
other two kinds of classification method and any other category number. The classification
accuracy of the two classifiers does not need to be known in advance during the
implementation process. Thus, the proposed method is flexible, simple and convenient.

3. Experiments and analysis

3.1. Experimental data

We selected three PolSAR images of Port-au-Prince, the capital of Haiti, to undertake experi-
ments to validate the effectiveness of the building extraction algorithm proposed in this
paper. The three images cut from one large PolSAR image had different building distribution
characteristics. They were acquired in the L-band by the Uninhabited Air Vehicle Synthetic
Aperture Radar (UAVSAR), which is a NASA airborne SAR system, as shown in Table 1. Because
of the multilook processing, a lot of image detail information had been lost, which resulted in
difficulties for the building extraction task. The three data sets were labelled as data set A, data
set B and data set C, respectively. Their RGB images are shown in Figure 3, formed as a colour
composite of |HH-VV| (red), |HV| (green) and |HH+VV| (blue).

The buildings in the three PolSAR images have different arrangements, distributions,
densities and other characteristics. The main characteristics of the buildings in data set A
are that the buildings are arranged densely and regularly, and they have notable texture
features. The building targets are comparatively obvious and are only slightly affected
by non-buildings. The area of data set B belongs to an area with dense buildings, which
are not arranged regularly. The buildings’ types are complex and various, but the
building targets are relatively obvious. The buildings of data set C are low-rise and
sparse, with a regular arrangement. The building targets are weak and small, but are not
seriously affected by non-buildings. In order to distinguish buildings from non-buildings,
the land types of the three images can be divided into three classes: buildings, vegeta-
tion, and water and flat ground.

3.2. The results of the experiments

The building extraction results are shown in Figure 4. Some reference samples for the
quantitative evaluation, marked in the three ground truth maps after registration, are
also shown in Figure 4. For the ground truth maps, the red building reference samples
and the yellow non-building ones are listed in Table 2.

We made an accuracy evaluation for the three methods according to the ground truth
reference samples shown in Figure 4. The overall accuracy (OA) and the misclassification rate
of buildings and non-buildings for each data set are listed in Table 3. The ratio of the samples
which are actually buildings misclassified as non-buildings to the total number of samples of
buildings is defined as the building misclassification rate (BMR). The ratio of the samples which

Table 1. Information about the UAVSAR data sets of this work.

Date Flight direction
Illumination
direction

Incidence
angle

Number of
looks

Flight
altitude (m)

Spatial
resolution (m)

27 January
2010

From top to bottom Left 57° 3 (range);
12 (azimuth)

12,494 0.60 (range);
1.67 (azimuth)

Source: The reference URL is http://uavsar.jpl.nasa.gov/science/documents/.
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(a) Dataset A (b) Dataset B (c) Dataset C

Figure 3. RGB composite images of the three data sets using Pauli matrix components: |HH-VV|(red), |HV|
(green) and |HH+VV|(blue) for separating the double bounce, cross pol and surface scattering. The three
data sets are shown the areas of Port-au-Prince, the capital of Haiti. The centre coordinates of the images (a),
(b) and (c) are ‘18°34′54″ N, 72°19′52″ E’, ‘18°33′ 52″N, 72°19′27″ E’ and ‘18°35′ 49″N, 72°20′ 14″E’,
respectively.

(a) Dataset A

(b) Dataset B

(iv) Reference samples
        for verification 

(iii) Cross reclassification(ii) GLCM-based(i) H/α/A-Wishart

(iv) Reference samples
for verification

(iii) Cross reclassification(ii) GLCM-based(i) H/α/A-Wishart

(c) Dataset C

(iv) Reference samples
for verification

(iii) Cross reclassification(ii) GLCM-based(i) H/α/A-Wishart

Figure 4. The results of the building extraction using the methods of H/α/A-Wishart, GLCM-based
and cross reclassification, and the ground truth maps after registration containing the reference
samples for verification. In the results of the building extraction, the white represents the building
areas, and the black areas are the non-buildings. In the images of the reference samples for
verification, red represents the buildings and the yellow areas are the non-buildings.
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are supposed to be non-buildings misclassified as buildings to the total number of samples of
non-buildings is defined as the non-building misclassification rate (NBMR).

As reflected in Table 3, the OA, BMR and NBMR of each data set after fusion are
improved, but the magnitude of improvement for the different data sets is different.
Compared with the traditional H/α/A-Wishart method, after using the cross reclassification
method, the OA of data set A is increased by 2.1%, the OA of data set B is increased by 5.3%
and the OA of data set C is increased by 9.6%. That is, the proposed method shows the best
improvement for data set C. This shows that the proposed method is more effective for
areas with a sparse building distribution and significant building texture features.

3.3. Analysis and discussion

Here, the misclassification of the cross reclassification method is analysed. For data set A, the
buildings are comparatively concentrated and show a regular distribution. The densely
arranged flat-roof buildings cause many flat roofs to be collected into large flat roofs, which
results in these buildings being easily misidentified as flat ground. Data set B is located in a
busy urban area, and the buildings are very dense and the ground layout is complex. Themain
reason for the misclassification is again that the flat-roof buildings are not correctly extracted.
The non-buildings are mainly roads and the intervals between buildings, and there are few
large areas of flat land. Therefore, the areas of non-buildings in the image are so small as to be
difficult to recognize. Because of the side-looking imaging system of SAR and the fact that
most of the non-buildings are very small targets, the non-buildings are often concealed by
buildings. As a result, theNBMR of data set B is higher than for data set A. In data set C, most of
the buildings with a sparse arrangement are low-rise. The multilook processing of the original
data results in the building targets being very weak, and their characteristics are not obvious,
so that the buildings are difficult to identify. Thus, the BMR of data set C is high. However,
there are very few areas of tall and dense vegetation in data set C, so the NBMR is lower.

In general, the main reason for the misclassification is that the large areas of flat roofs
and some low-rise buildings which are very weak targets are easily misclassified as non-
buildings. The major reason for the high NBMR is that some non-buildings are hidden. The
cross reclassification method is proposed for the effective fusion of the polarimetric and
texture features by combining the results of the two unsupervised classification methods.
In the application of urban building extraction, it can achieve the aim of improving the

Table 2. The ground truth reference samples.
Data set Buildings (no. of pixels) Non-buildings (no. of pixels)

A 4354 4263
B 6701 5036
C 1020 1073

Table 3. Comparison of the results of the three classification methods for the three data sets.
Cross reclassification H/α/A-Wishart GLCM-based

Data set
OA
(%)

BMR
(%)

NBMR
(%)

OA
(%)

BMR
(%)

NBMR
(%)

OA
(%)

BMR
(%)

NBMR
(%)

A 86.5 23.2 3.7 84.4 23.5 7.6 82.9 32.8 1.1
B 81.0 24.4 11.7 75.7 25.6 22.4 74.4 37.6 9.7
C 80.0 36.4 4.4 70.4 56.8 3.7 60.7 79.0 1.6

Note: OA, BMR and NBMR represent overall accuracy, the building misclassification rate and the non-building
misclassification rate, respectively.
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extraction accuracy, especially for the buildings with significant texture features. However,
the effect of the proposed method in other applications remains to be verified.

4. Conclusion

Even in the same area the ground features of different parts or different blocks may be
different. Especially for urban areas urban layout is not limited to one style and the
buildings are often diverse. Thus, when extracting buildings of a large area from an
image, we should first divide the study area into subareas based on their similarity and
then extract the buildings from these subareas.

In this work, the effective fusion of the polarimetric and texture information is achieved by
cross reclassification, and the accuracy of the building extraction is improved. Three PolSAR
images with different characteristics were selected for the verification of the proposed
method. The experimental results showed that the accuracy of each data set after fusion
was improved, but the amount of improvement for the different data sets was different. The
proposed method is more effective for images in which the buildings have significant texture
features. If the buildings are sparsely and regularly arranged, and the image intensity of the
buildings is low, then the accuracy of the building extraction will be effectively improved by
adding the texture features to the polarimetric features using the cross reclassificationmethod.
For dense buildingswith comparatively high image intensity, the polarimetric information can
be used to extract buildings with a comparatively high degree of accuracy, so the improve-
ment in the extraction accuracy is relatively small. In the process of classification, the
misclassification is caused by: (1) because of the multilook processing of the original data, a
great deal of edge and corner information of the buildings is lost, which results in the
characteristics of some buildings being unclear and some low-rise building targets being
very weak; (2) the processing window prevents some small single buildings being recognized;
and (3) some non-buildings with linear and planar shapes in the image are easily concealed.
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