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Abstract: Circular synthetic aperture radar (CSAR) can obtain more complete scattering charac-
teristics by observing the target with different azimuth angles. Therefore, extracting the complete
structure of the target from CSAR images is of great significance for accurate interpretation. At
present, the artificial target extraction based on CSAR images mostly uses anisotropic scattering
features. For special targets such as buildings, as the walls and the ground form dihedral corner
structures, there are also obvious strong scattering features such as double-scattering lines in SAR
images. Therefore, combining the strong scattering features of buildings at specific aspects with
anisotropic scattering characteristics at different aspects can obtain better extraction results, and how
to extract these features accurately and efficiently is the key point. Based on this, this paper proposes
anovel method for building contour extraction based on CSAR images. For strong scattering features,
a fast fuzzy C-means (FCM) clustering algorithm was used to extract them. For anisotropic scattering
features, aspect entropy was used to characterize the anisotropy degree, and K-means clustering
was combined to extract. Finally, a more accurate result is obtained by merging the two feature
extraction results. In order to verify the effectiveness and practicability of the proposed method, a
lot of measured data acquired by the self-developed airborne L-band and Ku-band CSAR systems
were processed. The experiments show that, compared with state-of-the-art algorithms, the proposed
method can obtain more accurate results in less time.

Keywords: anisotropic scattering; strong scattering; circular SAR; sub-aperture image; building

1. Introduction

As an active sensor, synthetic aperture radar (SAR) is widely used in many fields due
to its advantages of all-day, all-weather and strong penetrating ability. Under traditional
linear SAR (LSAR) mode, on the one hand, due to the relief of terrain or the occlusion of
tall ground objects, there will be imaging detection blind areas. On the other hand, due
to the limited viewing angle, the scattering characteristics of targets can only be obtained
in a specific angle range, and information loss may even occur in complex scenes. All of
these bring great difficulties to the subsequent radar image interpretation. Different from
traditional LSAR, circular SAR (CSAR), as an emerging multi-aspect SAR imaging mode,
can realize 360° observation of the target by making the platform move in a circular motion
and obtain all-round scattering information of the target [1-6], so it can effectively improve
the interpretation performance.

Buildings are one of the most common targets in urban areas, and it is very impor-
tant to obtain accurate structure information about buildings for digital city construction,
disaster emergency response, and military reconnaissance. Due to the side-view imaging
mechanism of SAR, the scattering of buildings in SAR images can be mainly divided into
three categories: overlay, double-bounce scattering, and shadow [7]. At present, building
extraction is mostly based on a single LSAR image [8-10]. However, there are some prob-
lems when using images from a single aspect, such as incomplete scattering information
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or being unable to suppress the interference of other ground targets. In addition, when
selecting a single image from different aspects for information extraction, the accuracy is
also different [11]. Therefore, some scholars proposed to process multiple SAR images
and make full use of complementary information from different aspects to achieve more
accurate extraction [12,13]. However, these methods usually fuse the fixed features without
considering the changing features of buildings in different images. In addition, these
methods are usually based on the assumption that the adjacent walls of buildings form
L-structures, and the extraction effect is good only for buildings with regular shapes.

As mentioned above, CSAR can effectively avoid building scattering information being
blocked or interfered with due to its ability to obtain target omnidirectional scattering in-
formation, thus greatly improving the ability to extract buildings. However, the complexity
of backscattering makes it difficult to extract and integrate information from multi-aspect
images. When the observation aspect changes slightly, the information contained in differ-
ent images also changes, mainly including changes in target scattering intensity or other
features and background changes caused by speckles or shadows, so it is difficult to apply
uniform descriptors to the targets in multi-aspect images. Therefore, how to extract and
utilize changing information is the key to multi-aspect SAR image interpretation.

At present, the extraction methods for artificial targets are mostly based on polarimetric
CSAR images to analyze anisotropic scattering characteristics. Li et al. proposed a new
anisotropic detection method based on likelihood ratio ranking and constant false alarm
rate detection [14]. Xue et al. proposed multi-aperture polarimetric entropy (MAPE) using
polarimetric CSAR [15]. Compared with traditional polarimetric entropy, MAPE not only
contains the randomness of the polarization but also contains the changes at different
azimuth aspects, so it can not only distinguish anisotropic and isotropic targets but also
further distinguish isotropic targets with different polarization randomness. On this basis,
Tan et al. used MAPE to realize the extraction of land bridges [16]. However, the acquisition
of polarization information requires higher requirements on system hardware, and more
data need to be processed, so it is time-consuming.

For target interpretation of single-polarization CSAR images, the current methods are
mainly to extract single features to describe targets. By analyzing the radar cross-section
(RCS) curve of the target at different azimuth aspects, Zhao et al. extracted target azimuth-
angle sensitivity [17], which can be used to distinguish targets with different structures.
Teng et al. proposed aspect entropy to quantify the anisotropy of targets at different aspects
and a denoising method based on energy concentration [18]. In addition, Teng et al. also
proposed a scattering characteristic analysis method based on a statistical distribution
model [19,20]. Firstly, a suitable distribution model was used to fit the SAR image, and
then the parameters of different sub-aperture image distribution models were estimated,
and finally, the likelihood ratio was used to distinguish anisotropy and isotropy so as to
realize man-made target extraction. At the same time, an algorithm for calculating the
maximum scattering direction of target pixels was also designed, which is conducive to
further interpretation of the target structure. Since aspect entropy is greatly affected by
noise, Yue et al. proposed a low-rank matrix decomposition preprocessing method [21]
and combined it with the neighborhood operator to make the result have better noise
immunity. However, a single feature can only describe the target from a certain aspect, and
the potential to extract the target is limited. Therefore, some scholars adopted the method
of fusing multiple features to achieve a more complete target extraction. For example,
Yue et al. used statistical distribution and membership to extract anisotropic scattering
features and amplitude features of man-made targets, respectively [22], but the statistical
distribution parameters of this method are difficult to estimate, and the sliding window
size of the distribution model needs to be selected manually. Liu et al. first extracted
multiple feature variances to obtain a comprehensive description of the target change
pattern, then obtained finer feature vectors through principal component analysis, and
finally used support vector machines to achieve automatic extraction of building areas in
complex scenes [23]. However, this method focuses on the extraction of changing areas; it
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cannot suppress the changing clutter near the buildings, so the extracted area boundaries
are not accurate.

For objects such as buildings, on the one hand, the walls and the ground form dihedral
corner structures, so there are strong responses in some specific aspects. On the other hand,
buildings also show anisotropy at different azimuth aspects. Therefore, the combination of
these two characteristics can effectively overcome the limitations of a single feature. While
the existing methods mainly have two problems: first, the complexity of the method for
feature extraction is very high, which is not conducive to widespread use; second, the
existing fusion method cannot balance different features well, which makes it easy to make
the final result greatly affected by one certain feature, resulting in low extraction accuracy.
Therefore, a novel method to extract building contours based on CSAR images is proposed
in this paper. The method uses two channels to extract the features and merges the results
to achieve a better extraction effect, which is verified by measured data to improve both
accuracy and efficiency.

The content of this paper is arranged as follows: Section 2 mainly introduces CSAR
imaging geometry and the main scattering characteristics of buildings in SAR images;
Section 3 introduces the processing flow of the proposed method. In Section 4, the proposed
method is used to process the measured data acquired by airborne L-band and Ku-band
CSAR systems. Finally, Section 5 concludes the paper.

2. Scattering Characteristics

Figure 1 shows the geometric diagram of CSAR imaging, where xoy is the imaging
horizontal plane and oz is the height direction. The airborne platform moves in a circu-
lar trajectory with radius R on the plane with height H. During the motion, the beam
always points to the imaging center region so as to obtain the omnidirectional scattering
information of the observed target [24].

Figure 1. Schematic diagram of CSAR imaging geometry.

2.1. Strong Scattering at the Single Azimuth Aspect

Based on the SAR side-view imaging mechanism, for objects with a certain height,
such as buildings, there are mainly overlay, shadow, and double-bounce scattering ef-
fects [7]. Among them, overlay mainly occurs in the building wall towards the direction of
electromagnetic wave incidence; double-bounce scattering generally occurs in the dihedral
corner formed by the wall and the ground; and shadow mainly occurs in the side of the
building away from the sensor.

In order to visually display the characteristics of buildings in SAR images, take a cube,
for example, to analyze the main scattering mechanism of flat-roofed buildings, and its
profile diagram is shown in Figure 2. The incidence angle is 6. a is the ground scattering.
acd is the overlapping area formed by ground scattering, sensor-facing wall scattering, and
partial roof scattering, which is shown as a block or strip with high brightness. b is double-
bounce scattering and appears as a straight line with very high brightness. d is the single
scattering of roof. e is the shadow area, and due to specular reflection, parts of the roof
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often appear as shadows as well. It is important to note that the order in which scattering
effects appear in the projected image is not unique, for example, when the building is tall,
the single scattering of the roof will be completely contained within the overlay area.

Amplitude
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Figure 2. Schematic diagram of scattering characteristics and projection of flat-roofed buildings.
(Different gray areas at the bottom of the image represent amplitude).

Double-bounce scattering is usually represented as a significant highlighted line in
high-resolution SAR images, and the position corresponds to the boundary of the building,
so it is one of the most important features for building detection. The following will focus
on the analysis of double-bounce scattering.

The double-bounce scattering path can be assumed to consist of three parts, including
Rj, Ry and R3 [25], as shown in Figure 3. Assume that the height of the radar is H, the
vertical projection of radar on the ground is O, the distance between the projection and
dihedral corner is R, the distance between the phase center of antenna and dihedral corner
is Rg. After the incident wave passes through R; and reaches a scattering center at the
height Ah of the building, there is a scattering aspect between the first reflection and the
specular reflection aspect 6., denoted as A9, after the second reflection with ground along
the scattering aspect, it returns to the receiving antenna. It is worth noting that the length
of Ry and Rj is not unique but varies with the scattering aspect, as shown in the green
shaded area. The distance between the center of the shaded area and the dihedral corner is
L. Based on the model, we can obtain

0. = atan[(H — Ah)/Rg]
Ry = \/(H — AR)? + Ry?

Ry = Ah/sin(6, + A6)
L = Ah/tan(6, + Af) M

R3 =/ (Rg — L)* + H2

Figure 3. Double-bounce scattering of buildings.
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Therefore, the difference between the double-bounce scattering echo path and 2R is
AR = Ry + Ry + R3 — 2Ry (2)

The difference can be calculated when the image geometry is determined. Usually,
the height of the building is far less than the height of the radar, so AR can be ignored, i.e.,
Ri + Ry + R3 = 2Ry. Therefore, all the double-bounce scattering energy will be projected
at the intersection of the wall and the ground, which will appear as a highlighted line in the
SAR image. In addition, when the image plane is consistent with the ground plane of the
building, the bright lines obtained by multi-aspect SAR images will form a closed rectangle.
Figure 4 shows the imaging result of the buildings in an L-band full aperture image, and
the closed rectangle corresponds to the building contour.

(b)
Figure 4. Building targets and imaging results at full aperture. (a) Optical image; (b) CSAR image.

2.2. Anisotropic Scattering at the Different Azimuth Aspects

In conventional LSAR mode, the target is usually regarded as isotropic due to the
limited viewing aspect. However, as the observation aspect increases, the assumption of
isotropy is no longer valid. From another point of view, anisotropy can also be extracted as
a discriminant feature.

In the real world, most man-made targets, including buildings, are anisotropic. Only
part of the structure of buildings can be observed under different observation aspects,
as shown in Figure 5. Therefore, the gray level of buildings changes under different
azimuth aspects.

(b)

Figure 5. Buildings under different sub-aperture images. (a) The 8th sub-aperture; (b) the 18th
sub-aperture; (c) the 10th sub-aperture.

CSAR can obtain the scattering feature changes of targets at different aspects through
omni-directional observation from 0° to 360°, and the anisotropy degree of different tar-
gets is usually different. Therefore, it will be beneficial for target recognition to extract
anisotropic scattering features by using CSAR images.

Although anisotropic scattering feature extraction has attracted much attention in
recent years, there are few research methods [21]. As mentioned above, current anisotropic
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Sub-aperture images

scattering analysis based on CSAR images is mostly combined with polarization informa-
tion, while based on single-polarization SAR images, most methods use different statistical
distribution models for analysis; that is, with the change of observation aspect, the probabil-
ity density function (PDF) of an anisotropic target is different, while the PDF of an isotropic
target is basically stable. By establishing binary hypotheses and using the likelihood ratio
test, anisotropic or isotropic targets can be extracted by threshold [19,20,22]. However,
such methods mainly have the following shortcomings: (1) For SAR images with complex
scenes, the common distribution model cannot fit well, resulting in inaccurate extraction
results. Although complex models can fit images better, it is difficult to achieve accurate
parameter estimation. (2) Pixel-by-pixel sliding is needed to obtain statistical characteristics
of different sub-aperture images, which requires a relatively large amount of computation,
and the window size needs to be selected manually.

Similar to polarization information, in single-polarization SAR images, amplitude
information of targets under different aspects can also be used to extract features. If the
relation curve of RCS amplitude varying with aspect is known, the scattering characteristics
of the target can also be analyzed, and whether the target is anisotropic or isotropic can be
judged. That is, the amplitude of an anisotropic target changes obviously under different
aspects, while the amplitude of an isotropic target is basically unchanged.

3. The Proposed Method

As mentioned above, in high-resolution SAR images, buildings not only have strong
scattering features such as secondary scattering bright lines at specific aspects but also show
anisotropy at different azimuth aspects. A single feature usually describes the target only
from one aspect, and the ability to extract targets is limited. However, too many features
are easy to cause heavy computation, especially when there are many sub-apertures that
need to be processed. Therefore, how to extract these features quickly and accurately is
the key to multi-aspect SAR image interpretation. Considering the accuracy and efficiency
of the algorithm, a novel method for building contour extraction based on CSAR images
is proposed. The algorithm first filters all sub-aperture images and then extracts features
based on the filtered images, considering strong scattering features of the building under
specific aspects and anisotropic scattering features under different aspects simultaneously,
and uses fuzzy C-means clustering (FCM) and aspect entropy to extract respectively, and
finally fuses the results of two channels to achieve better extraction.

Figure 6 shows the processing flow of the proposed method.

Preprosessing Feature extraction Result merging Output

Filtered images

Channel 1 |

Strong
scattering

Single sub-aperture Membership

=
; > g Final result
Channel 2 Anisotropic =" ¢
| scattering et
| ¢ .sg{
| A\ & i
All sub. . As Anisotropic extraction
| _Allsub-apertures 1 spectentropy result

Figure 6. Flowchart of the proposed method.

Detailed steps are as follows:

1. Divide CSAR echo data to get sub-aperture images. Firstly, CSAR echo data are
divided into multiple sub-aperture complex data [2], and the resolution of the sub-
aperture azimuth angle should be smaller than the azimuthal span of the building to
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ensure that the scattering characteristics can be resolved [11]. The azimuth resolution

of the sub-aperture image is
A

P~ Lsin(6/2)

where A is the wavelength and 6 is the size of the sub-aperture angle. Then all the sub-
aperture data are imaged by the back projection (BP) algorithm. Since the BP algorithm
needs to process all grids one by one and requires a large amount of computation,
GPU parallel processing can be adopted to improve imaging efficiency [2].

2. Preprocess. Sub-aperture images directly obtained from echo data usually contain a
lot of noise. In order to ensure the accuracy of subsequent extraction, it is necessary to
filter each sub-aperture image.

3. Peature extraction. On the one hand, a fast FCM combined with spatial neighborhood
information is used to process every sub-aperture image. The membership degree
of each pixel to the strong scattering category in different sub-aperture images is
obtained, and the strong scattering point of the building at specific aspects is extracted
by threshold. On the other hand, aspect entropy is used to calculate the degree of
anisotropy of each pixel in all sub-aperture images, and K-means clustering is used to
extract the class with lower aspect entropy as potential building pixels.

4. Results fusion. The extraction results of the above single feature are fused, and
only the pixels satisfying both strong scattering characteristics at specific aspects and
anisotropy at different azimuth aspects are retained as the final extraction results.

®)

Next, the extraction methods and steps of the two features are introduced in detail.

3.1. A Fast FCM Algorithm

For objects such as buildings, due to the dihedral corner formed by the wall and
ground, strong scattering features such as double-bounce scattering bright lines (excluding
occlusion) exist in SAR images. In this paper, strong scattering points in sub-aperture im-
ages are extracted by the FCM algorithm combined with spatial neighborhood information,
and the membership degree of each pixel under different sub-aperture images is used as
discrimination information.

As an unsupervised fuzzy clustering method, FCM obtains the membership matrix by
minimizing the objective function, and finally obtains the segmentation result according to
the maximum membership criterion. The objective function expression is

N ¢
T=Y % ultllx; — ol 4)
P |

where N is the number of pixels. c is the number of categories. uy; denotes the membership
c
degree of pixel i to cluster k, satisfying ) uy; = 1. m is the fuzzy factor. x; is the value of

the ith pixel and vy is the prototype Vallﬁe of the kth cluster.

By definition, the FCM algorithm combines fuzzy theory with clustering and can retain
original image information as far as possible, so it is widely used in SAR images. However,
it does not consider spatial information, and the results are usually greatly affected by
noise. Therefore, a large number of improved algorithms have appeared. These algorithms
usually introduce spatial neighborhood information into the objective function [22], and
the improved objective function is usually shown as follows:

C
] = Z Y ult|x; — o] * +

N
i=1k=1 i

L=

Y Gy ®)
k=1

where Gy; is the fuzzy factor, which is used to control the influence of neighborhood pixels
on central pixels.
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Different Gy; usually corresponds to different improved algorithms. For example, in
FCM_S [26], Gy; is defined as
o

Gri = ~—ufi Y llxr — e (6)
NR lT’ENi

where « represents the coefficient used to control the influence of the neighborhood term.
Np is the cardinality of uy;. x; is the neighborhood of x;, and N; is the set of neighborhoods.

Due to the introduction of Gy, the improved algorithms have better anti-noise perfor-
mance but also higher computational complexity, which is mainly reflected in the calcula-
tion of distance between a large number of neighborhood pixels and the clustering center
in Gg;. When the number of sub-aperture images is large, the efficiency of the algorithm
will not meet the requirements. Therefore, considering the segmentation accuracy and
efficiency, this paper adopts a fast FCM algorithm combining spatial neighborhood infor-
mation, which mainly includes key steps such as morphological reconstruction, histogram
clustering, and membership filtering [27].
e  Morphological reconstruction

Among all kinds of improved FCM algorithms that introduce spatial neighborhood
information, FCM_S1 and FCM_S2 [28] are relatively fast because they can calculate filtered
images in advance, but they are only effective for certain types of noise. Compared with
commonly used filtering algorithms, morphological reconstruction can suppress different
types of noise and retain edge information better [27], and the running time is short. This
paper uses morphological closing reconstruction to achieve filtering, and the expression is

RE(f) = Rig o (0 (R7(1))) )

where f is the original image, € is the corrosion operation, ¢ is the expansion operation, and
RC is the morphological closing reconstruction.

e Histogram clustering

In order to improve computing efficiency, enhanced FCM [29] selects clustering on
gray histograms. Since the number of gray levels in a histogram is usually much less than
the number of pixels, histogram clustering can greatly reduce the calculation time. Similar
to enhanced FCM, the objective function of the FCM used in this paper is

q c
T=Y. Y yulle — okl 8)
=1 k=1

where g is the histogram gray levels. ; represents the number of pixels whose gray level is

q
I, satisfying ) ; = N. uy; represents the membership degree of pixels with gray level I to
I=1

cluster k. ¢ is the reconstructed image, i.e., & = RC(f).
Using the Lagrange multiplier method to obtain the iteration formula for membership
degree and cluster center, which is shown as follows:

2
— || m1
1y = 161 — | ©)

c __2
L [6 =l
j=1

X mwid

1

vk = (10)

M&. &MQ

Yy
i-1 M
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The obtained membership matrix based on histogram clustering is U = [ukl]CXl, and
further processing is required to restore the membership matrix of each pixel to different
clustering centers, i.e, U' = [uki}CXN. The specific corresponding relationship between
them is as follows:

Ui = ug, if x; = §; (11)

e  Membership filtering

It can be seen from the above analysis that most of the improved algorithms achieve
better noise resistance by introducing spatial neighborhood information into the objective
function. However, this also results in a large amount of computation. If spatial neighbor-
hood information can be introduced without changing the form of the objective function,
efficiency will be greatly improved. Relevant literature has proved that membership filter-
ing is similar to introducing local spatial neighborhood information [27], and membership
filtering no longer needs to calculate the distance between pixels in the local neighborhood
and the clustering centers, thus greatly reducing the computational complexity. Therefore,
this paper introduces spatial neighborhood information through membership filtering and
finally adopts the expression as follows:

U” = med (U’ (12)

where med(-) represents median filtering.
In order to further speed up the algorithm, only the last membership matrix is filtered.
Through analysis, the paper uses the FCM algorithm combined with spatial neighbor-
hood information to quickly segment all sub-aperture images and obtain the membership
degree of each pixel in the strong scattering class.

3.2. Aspect Entropy

Since the scattering characteristics of the target are aspect dependent, multi-aspect
observation will be beneficial to analyze anisotropic scattering characteristics. It can be
seen from Section 2.2 that anisotropic scattering features of single-polarization SAR images
are extracted mainly by using the changes of distribution models under different aspects,
and there are still many problems when using these methods.

In order to quantify the degree of anisotropy of a pixel under different sub-aperture
images, a natural association is to introduce the concept of entropy. Entropy was first used
to define disorder in physics and was subsequently generalized to other fields. For example,
Shannon defined information entropy to describe the uncertainty of information sources.
In electromagnetics, polarimetric entropy is used to define the randomness of polarization.
When the polarimetric entropy is low, it can be considered that there is only one dominant
scattering mechanism; otherwise, it is considered that the scattering mechanism tends to be
random. Just as the polarimetric entropy is defined to describe the scattering randomness
of the target under different polarization modes, the scattering randomness of the target
under different aspects can also be defined, i.e., aspect entropy [18].

Suppose I(i, ], k) represents the gray value of the pixel (i, j) in the kth sub-aperture
image, and (i, j) is the coordinate of the pixel. The pseudo-probability of scattering in the
kth sub-aperture image is calculated as follows:

. 1(i,j,k
P(i,j k) = }1(7]) (13)
Y 13,5, k)
k=1
wherek = 1,2, -, n represents the number of the sub-aperture images.
Then, the definition of aspect entropy is
n
H,(i,j) = =) P(i,j, k) log,P(i,], k) (14)

k=1
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According to the definition, aspect entropy is inversely proportional to P(i, j, k). For
anisotropic targets, the scattering is usually strong at some azimuth aspects, so the aspect
entropy is relatively lower. Conversely, for isotropic targets, aspect entropy is usually higher.
Therefore, this paper uses K-means to divide aspect entropy features into two categories
and extracts the category with lower aspect entropy as potential building pixels. Obviously,
the calculation of aspect entropy is very simple, and the angle dimension information in
multi-aspect SAR images can be quickly extracted by this definition. Compared with the
existing likelihood ratio detection methods [19,20,22], it is more conducive to practical
application. Since aspect entropy is calculated directly by the gray level of the image, it
is greatly affected by noise. In order to achieve more accurate extraction, it is necessary
to filter the sub-aperture images. Considering the accuracy and efficiency, this paper also
selects morphological closing reconstruction.

Through the above analysis, the proposed algorithm considers inherent strong scat-
tering features of buildings in every sub-aperture and anisotropic scattering features in
different sub-apertures and adopts a simple and fast method to realize the extraction of the
two features accurately, so it can achieve more complete building extraction and solve the
problem of high false alarms in the existing methods.

4. Experimental Results and Analysis
4.1. Introduction of Measured Data

In order to verify the effectiveness and practicability of the proposed method, the
CSAR measured data of L-band and Ku-band were processed, which were obtained by the
airborne CSAR systems independently developed by the National University of Defense
Technology. The experimental data were collected in 2020, and the experimental location
was Weinan City, Shaanxi Province. In order to illustrate the universality of the proposed
method, three scenarios containing different types of buildings are selected.

Taking Scene 1 as an example, the processing steps and result analysis of the method
will be explained in detail. The flight altitude is 1.9 km, the flight radius is 2.346 km, the
band is L-band, the polarization is HH, and the resolution is 0.5 m x 0.5 m. In Figure 7a, the
red curve is the flight trajectory of the SAR system, and the yellow rectangle is the selected
area. Figure 7b,c shows the optical image and CSAR image of this region, respectively. The
number of sub-aperture images is 84.

Figure 7. Images of Scene 1. (a) Flight trajectory and selected area; (b) optical image; (¢) CSAR image.

4.2. Strong Scattering Feature Extraction

For strong scattering features, the FCM algorithm is used for rapid extraction. Since
this paper focuses on the extraction of building contours, corresponding to the bright lines
of double-bounce scattering, the number of categories is set to 3.

In order to more intuitively show the difference between buildings and non-buildings,
two pixels are randomly selected. The corresponding positions of non-building (land) pixel
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A and building pixel B in an optical image are shown in Figure 8, and their amplitude
curves and membership curves belonging to strong scattering in different sub-aperture
images are given in Figure 9, where the orange curve represents a building pixel and the
blue curve represents a non-building pixel.

Figure 8. The positions of the selected pixels. (Pixel A represents non-building, pixel B represents building.).

300

T T 1 - -
Building Building
Land Land
250 - 1
0.8 4
200 -
® 206
= 150 2
g §
< = 0.4
100 -
sol 0.2 F
0 i\ Sl : Y o —DA J R
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
Subaperture image sequence number Subaperture image sequence number
(a) (b)

Figure 9. Amplitude and membership curves of the selected pixels. (a) Amplitude; (b) membership.

As can be seen from Figure 9, the membership curve is better than the amplitude curve
because it not only retains the variation of amplitude data but also does not change with
the variation of amplitude under some strong scattering aspects.

Finally, by setting a threshold for membership degree, pixels with a high membership
degree of a strong scattering class are retained. Through experiments, the extraction effect
is better when the threshold is 0.7, and the extraction result of a strong scattering feature is
shown in Figure 10.

As can be seen from the result, due to the dihedral corners formed by the walls and
the ground, building edges appear as bright lines in SAR images. By extracting strong
scattering points at specific aspects through FCM, the building contours are basically
extracted. In addition, due to the presence of trees and other vegetation in the scene,
their trunks and the ground also form dihedral corners, which also show strong scattering
characteristics, so they are shown as false alarms in the result.
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Figure 10. Extraction result of strong scattering feature.

4.3. Anisotropic Scattering Feature Extraction

For anisotropic scattering features, aspect entropy is used for quantification and
extraction. The algorithm first uses morphological closing reconstruction to filter all sub-
aperture images, then calculates aspect entropy by definition, and finally uses K-means
clustering to screen out the class with lower aspect entropy. The size of the reconstruction
operator is 3, and the result is shown in Figure 11.

Figure 11. Filtered aspect entropy and extraction result. (a) Aspect entropy feature; (b) anisotropy
extraction result.

In order to more intuitively reflect the effect of filtering, select the same pixels marked
in Figure 8, and the change curves of their gray values before and after filtering in different
sub-aperture images are given, as shown in Figure 12.

According to Figure 12, the morphological closing reconstruction can suppress noise
while preserving the scattering characteristics of the target. Through closing reconstruction,
the strong scatterings of pixels at certain aspects are preserved, while the weak scatterings
at other aspects are suppressed to some extent.

Based on the above analysis, it can be seen that by calculating the change in the gray
value of pixels in different sub-apertures, aspect entropy can extract anisotropic pixels.
However, since it only starts with the change in the gray value, there are many false alarms.
For example, for the strong interference near the building in the lower right corner of Scene
1, the change in the gray value also presents anisotropy with the change in aspects, as
shown in Figure 13. Therefore, aspect entropy cannot suppress these pixels, resulting in
high false alarms in the final result.
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Figure 12. Comparison of gray values before and after denoising of different pixels. (a) The building
pixel; (b) non-building pixel.

Figure 13. Images of different sub-aperture images. (a) The 8th sub-aperture; (b) the 10th sub-
aperture; (c) the 18th sub-aperture.

4.4. Multi-Feature Extraction Results Fusion

As can be seen from the analysis of the above results, for strong scattering features, the
gray value of vegetation in the upper right corner of Scene 1 is also high, which presents
false alarms. For anisotropic scattering features, the extraction results are easily interfered
with by the adjacent pixels of the building contour because the calculation is only based on
amplitude fluctuation. It can be seen that a single feature usually describes the target only
from a certain aspect, and there are often many false alarms in the results. However, the
existing feature fusion methods cannot balance the weights of different features well [22],
and it is easy to make the final result greatly affected by one of the features so the detection
effect is not very good. In order to solve this problem, a new fusion method is proposed
based on a comprehensive analysis of the above two features. By fusing the above features,
only pixels that exhibit strong scattering at specific angles and anisotropy at different angles
are retained. The final fusion result is shown in Figure 14a.

In order to further illustrate the advantages of the proposed method, the differences
in extraction effects between the proposed method and existing methods are analyzed
below. The methods in [19,20,22] are selected as comparisons, and the results are shown in
Figure 14b—d.

It can be seen from Figure 14 that through the proposed method, the contours of
the buildings are completely extracted, which can effectively reflect real structures, and
compared with the extraction result of a single feature, the result after fusion has fewer false
alarms. The red ellipse in Figure 14a is an artificial metal fence because it also has strong
scattering and anisotropy, it is manifested as a false alarm in the result, but the structure
is clearly different from the building, which can be removed by post-processing. For the
method in [19,20], since only anisotropic scattering features are used, the extraction results
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are similar to the aspect entropy extraction results used in this paper, and the adjacent
buildings will be connected and difficult to distinguish. Moreover, the strong interference
near the buildings cannot be suppressed, and there are many false alarms, so the contours
of the buildings cannot be extracted. For the method in [22], the extraction effect for the
buildings is better; however, due to the amplitude weighting factors in the fusion mode,
vegetation pixels with strong scattering in the scene will also be detected, although they
are isotropic, so the false alarm is higher.

Figure 14. Extraction results of Scene 1 by different methods. (a) The proposed method; (b) the
method in [19]; (c) the method in [20]; (d) the method in [22].

In addition to the above comparison method, there are many other building extraction
methods based on multi-aspect SAR images. These methods usually only utilize comple-
mentary information from a few specific aspects. Therefore, the following deficiencies exist.
On the one hand, such methods have requirements for the angle interval of sub-aperture
images and are only valid for common regular rectangular or parallelogram structures [30].
For interconnected buildings with irregular contours, complex structures cannot be accu-
rately extracted. As shown in Figure 15, the angle difference between the two selected
sub-aperture images is about 180°. Only using these two sub-aperture images can we
extract the complete contour of the complex structure in the red ellipses. On the other
hand, the final extraction effect of such methods completely depends on the integrity of
the target scattering features in the selected images. When the features of the target are
not obvious, such as the building in the green ellipses, extraction cannot be realized. After
comprehensive analysis, the extraction effect of these methods depends on the quality of the
selected sub-aperture images, and the manual selection of different images will inevitably
introduce the extraction accuracy difference, so the detailed comparative analysis of this
kind of method is no longer carried out.

Figure 15. Images of different sub-aperture images. (a) Optical image; (b) 14th sub-aperture; (c) 54th
sub-aperture.
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In order to further illustrate the advantages of the proposed method, a quantitative
comparative analysis is carried out below, and three indexes, including detection rate, false
alarm rate, and accuracy, are selected [10]. Their calculation formulas are as follows:

— TP
DR = rysrp (15)
_ _FpP
FAR = pEb (16)
— TP+TN
AC= FprTP LN TTN (17)

where TP means true positive and represents the real building that is detected as a building,
FP means false positive and denotes the non-building that is detected as a building, TN
means true negative and represents the real non-building that is detected as a non-building,
FN means false negative and denotes the building that is detected as a non-building.
Through morphological processing of the extracted results, the building areas are
obtained, as shown in Figure 16. Finally, the calculated indicators are shown in Table 1.

(a) (b) ()

(d)

Figure 16. Building areas extracted by different methods. (a) The proposed method; (b) the method
in [19]; (c) the method in [20]; (d) the method in [22]; (e) ground truth.

Table 1. Region extraction accuracy of Scene 1.

Method DR (%) FAR (%) AC (%)
The method in [19] 94.57 55.83 95.78
The method in [20] 91.27 62.72 94.52
The method in [22] 96.49 58.91 95.21
The proposed method 92.41 28.13 98.52

From the comparison results, it can be seen that the method in this paper has a better
suppression effect on different types of interference because two features are considered
at the same time, and the extracted areas can well correspond to the real areas of the
buildings. However, the method in [19,20] cannot accurately extract the edge structure for
the interconnected buildings, nor can it suppress the strong interference near the buildings.
The method in [22] cannot suppress strong scattering interference either. Therefore, the
extracted areas obtained from these methods are quite different from the real areas, and the
geometric information cannot be accurately extracted.

In order to verify the potential of the proposed method in building contour information
extraction, taking Scene 1 as an example, the building contour information can be obtained
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through skeleton extraction, skeleton tracking, and least squares fitting. The building
and contour marks are shown in Figure 17, and the real geometry information and the
measurement results are shown in Table 2.

Figure 17. Building geometry information in the result. (B1-B6 represent the building number.).

Table 2. Extraction results of building information.

Buildings Information True Value (m) Measured (m) Relative Error (%)
length 46 45 2.17
Bl width 15 145 333
length 39 355 8.97
B2 width 16 15 6.25
length 33 305 7.58
B3 width 16 16 0
length 62 59.5 403
B4 width 23 21 8.7
length 73 74.06 145
B5 width 20 19.3 35
length 85 88.44 405
Bé width 33 37.65 14.09

It can be seen that, unlike the method in [11], which directly uses the full aperture
image to extract the length and width of the building, the sub-aperture images under
different angles can also achieve good information extraction. Among them, the wall on
the left side of building B2 shows a missing alarm because the strong scattering feature is
not obvious, so the length extraction error is large. Because of the strong interference near
the wall of the B6 building, the extracted bright line is wider, so the width extraction error
of the B6 building is also large. Through calculation, the average error of length extraction
and width extraction is 4.71% and 5.98%, respectively.

In order to further illustrate the applicability of the proposed method, another two
scenarios are tested, in which Scene 2 is Ku-band and Scene 3 is L-band. Since the extraction
process is exactly the same as in Scene 1, only the corresponding results are given below.

As can be seen from Figure 18, the buildings in Scene 2 are large, dense factory
buildings. Because the low vegetation is isotropic, it can be distinguished from anisotropic
buildings. As shown in Figure 18f, the proposed method can not only detect the contours
of the buildings but also the roof boundaries for connected buildings, so as to further
improve the interpretation of the target structure. However, the results of [19,20] cannot
suppress the interference near the buildings, and there are many false alarms, as shown in
Figure 18g,h. The final result of the method in [22] also contains vegetation false alarms,
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and the outline of the building is not very clear, as shown in Figure 18i. The final region
extraction accuracy is shown in Table 3. The geometry information is shown in Figure 19,
and the geometric information extraction results are shown in Table 4. It can be found that
the proposed method can achieve accurate extraction of geometric information from large
buildings with a relative error within 5%.

Figure 18. Ku-band extraction results in Scene 2. (a) Optical image 1 (Google map); (b) optical image
2 (UAV aerial photography); (c) CSAR image; (d) strong scattering extraction result; (e) anisotropic
extraction result; (f) final result; (g) the result in [19]; (h) the result in [20]; (i) the result in [22].

Table 3. Region extraction accuracy of Scene 2.

Method DR (%) FAR (%) AC (%)
The method in [19] 99.97 25.22 87.88
The method in [20] 99.99 26.36 87.14
The method in [22] 99.79 32.43 82.72

The proposed method 99.36 9.48 96.03
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Figure 19. Building geometry information in the result. (L1 and L2 represents the length, W1 and W2
represents the width.).

Table 4. Extraction results of building information.

Information True Value (m) Measured (m) Relative Error (%)
L1 103 98.1 4.76
W1 43 40.87 4.95
L2 223 220.45 1.14
W2 99 96.19 2.84

Different from the low-rise buildings in Scene 1 and Scene 2 (The height is about 6 m),
the buildings in Scene 3 are residential buildings with higher floors (The height is about
20 m). As for the result in Figure 20c, there are false alarms in the red ellipse. In Figure 20d,
since the buildings are tall, phenomena such as overlay and top-to-bottom inversion are
more obvious in SAR images, resulting in different imaging positions of the buildings
under different aspects, so more false alarms are shown in the result. The red ellipses are
part of the false alarms caused by the special structures of the roof. These false alarms can
be easily suppressed by the fusion method proposed in this paper, as shown in Figure 20e.
In [19,20], the gray changes caused by overlaying cannot be suppressed, so there are many
false alarms, as shown in Figure 20f,g. Although the method in [22] can detect buildings
well, there are many other false alarms between buildings, and they are hard to remove in
subsequent processing. Since Scene 3 cannot obtain accurate geometric information, only
the region extraction accuracy is given, as shown in Table 5. It can be found that, compared
with existing methods, the proposed method can also achieve more accurate extraction.

Table 5. Region extraction accuracy of Scene 3.

Method DR (%) FAR (%) AC (%)
The method in [19] 93.13 47.82 82.98
The method in [20] 90.34 48.40 82.59
The method in [22] 92.22 47.39 83.24
The proposed method 93.17 27.36 92.26

Through the analysis of the experimental results of L-band and Ku-band measured
data, it can be found that the proposed method can achieve better extraction effects than the
existing methods and is universal to buildings of different heights and types. In terms of
building geometric information extraction, different from directly processing a full aperture
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image, the proposed method can also achieve high precision length and width information
extraction by using sub-aperture images.
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Figure 20. L-band extraction results in Scene 3. (a) Optical image; (b) CSAR image; (c) strong
scattering extraction result; (d) anisotropic extraction result; (e) final result; (f) the result in [19];
(g) the result in [20]; (h) the result in [22].

4.5. Algorithm Complexity Analysis

In order to evaluate the potential application of the proposed method in SAR process-
ing, the algorithm complexity needs to be further analyzed. Since the proposed method
consists of two parts, the complexity of each part is analyzed separately. In order to more
intuitively demonstrate the advantages of the proposed method, the following is a compar-
ison of computational complexity between the proposed method and the method in [22].
The analyses are shown in Table 6.

Table 6. Comparison of computational complexity.

Method Strong Scattering Feature Anisotropic Scattering

Feature
The method in [22] O(Kx N xw?+Kx N xcxtrcy) O(Kx N x w? x tppm)
The proposed method O(Kx N xw*+Kxgxcxtecm) O(K x N)

Where K is the number of sub-apertures, N is the number of pixels in each sub-aperture image, w is the size of
sliding window, g is the histogram gray levels, and 4 < N, ¢ is the number of clusters, trcy is the number of
iterations of FCM, and tgs is the number of iterations of EM.
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Finally, the calculation time of the proposed method and the method in [22] for
different scenarios is analyzed. The results are shown in Table 7. Obviously, the proposed
method is significantly faster.

Table 7. Comparison of calculation time. (Unit: s).

Method Scene 1 Scene 2 Scene 3
The method in [22] 1448 1747 176
The proposed method 89 127 29

5. Conclusions

Aiming at the problem that a single feature cannot describe the object well and that
the existing multi-feature methods have high computational complexity, a novel method
for building contour extraction based on a CSAR image is proposed. By using a fast
FCM algorithm to extract the strong scattering characteristics of specific aspects and using
the aspect entropy to extract the anisotropic scattering characteristics of different aspects,
the proposed method can achieve better building contour extraction. At the same time,
different from signal-level processing methods, the proposed method is an image-level
processing method that can be processed completely based on the images, so it has great
potential in practical application. Compared with traditional methods, the method can
suppress different types of false alarms well and extract more accurate contour structures
with less time, which is conducive to accurate geometric information extraction. Finally,
by processing the measured data of L-band and Ku-band obtained independently;, it is
proved that the proposed method not only has good extraction effects on different types of
buildings but is also easy to realize in practical application.
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