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ABSTRACT

The GF-3 satellite is China’s first self-developed active imaging C-band multi-
polarization synthetic aperture radar (SAR) satellite with complete intellectual
property rights, which is widely used in various fields. Among them, the detection
and recognition of banklines of GF-3 SAR image has very important application
value for map matching, ship navigation, water environment monitoring and other
fields. However, due to the coherent imaging mechanism, the GF-3 SAR image
has obvious speckle, which affects the interpretation of the image seriously. Based on
the excellent multi-scale, directionality and the optimal sparsity of the shearlet, a
bankline detection algorithm based on shearlet is proposed. Firstly, we use non-local
means filter to preprocess GF-3 SAR image, so as to reduce the interference of
speckle on bankline detection. Secondly, shearlet is used to detect the bankline of the
image. Finally, morphological processing is used to refine the bankline and further
eliminate the false bankline caused by the speckle, so as to obtain the ideal
bankline detection results. Experimental results show that the proposed method can
effectively overcome the interference of speckle, and can detect the bankline
information of GF-3 SAR image completely and smoothly.

Subjects Adaptive and Self-Organizing Systems, Computer Vision, Spatial and Geographic
Information Systems, Theory and Formal Methods

Keywords Shearlet, GF-3 synthetic aperture radar images, Bankline detection, Morphological
processing, Non-local means

INTRODUCTION

Synthetic aperture radar (SAR) is a high-resolution coherent imaging radar, as a type of
active microwave imaging sensor, which can work at any time day or night and under all
weather conditions. It is widely used in agriculture, disaster monitoring, geology, lakes,
ocean monitoring and navigation, and other fields. The synthetic aperture radar satellites
currently in orbit mainly include Canada’s Radarsat-2 (Gherboudi et al., 2011), the
European Space Agency’s Sentinel-1 (Twele et al., 2016) and others. The imaging modes of
these two satellites are 10 and 5 respectively, and the highest resolution is 1 and 5 m
respectively. As China’s first self-developed active imaging C-band multi-polarization SAR
imaging satellite with complete intellectual property rights, GF-3 has a resolution of 1 m
and 12 imaging modes (Zhang, 2017). In-orbit testing in 2016 shows that the resolution,

How to cite this article Sun Z, Zhao G, Wozniak M, Scherer R, Damagevicius R. 2021. Bankline detection of GF-3 SAR images based on
shearlet. Peer] Comput. Sci. 7:¢611 DOI 10.7717/peerj-cs.611


http://dx.doi.org/10.7717/peerj-cs.611
mailto:marcin.�wozniak@�polsl.�pl
https://peerj.com/academic-boards/editors/
https://peerj.com/academic-boards/editors/
http://dx.doi.org/10.7717/peerj-cs.611
http://www.creativecommons.org/licenses/by/4.0/
http://www.creativecommons.org/licenses/by/4.0/
https://peerj.com/computer-science/

PeerJ Computer Science

width, radiation accuracy, positioning accuracy and other indicators of the GF-3 satellite
have met the development requirements, so the GF-3 satellite can provide high-quality and
high-precision earth observation data for users. All the GF-3 SAR images are obtained
from China Centre for Resources Satellite Data and Application, which is the national
remote sensing satellite data center with the largest number of civil land observation
satellites in orbit in China. The detection and recognition of banklines in GF-3 SAR image
has very important application value for map matching, ship navigation, water
environment monitoring and other fields. The identification of many important man-
made geographic targets (such as bridges, dams, ports, etc.) are also based on bankline
detection (Guo et al., 2016; Lugman et al., 2017).

Since the coherent imaging mechanism of GF-3 SAR images is easy to form speckle
(Zhang et al., 2018), the traditional differential operator-based edge detection method
cannot be applied to the bankline detection of GF-3 SAR images. Traditional difference-
based edge detectors are represented by Prewitt operator, Sobel operator, and Log operator
(Andrade-Loarca, Kutyniok ¢ Oktem, 2020; He et al., 2020). They treat the differentiation
as a representation of the edges and perform edge detection by constructing a differential
operator that is sensitive to pixel gray level changes. Although this method can detect the
edge information of the image, it cannot overcome the speckle effect of the GF-3 SAR
image (An, Pan ¢ You, 2018). This method often detects the false bankline mixed with the
real bankline, and even submerges the coastline in SAR image, which reduces the reliability
of the detection results. In Mount et al. (2013), continuous wavelet transform is used to
study the morphological change of Jamuna River in Bangladesh, which can effectively
extract the information of complex bankline with multi-channel crisscross. However, due
to the low approximation degree of wavelet transform for features, the algorithm cannot
accurately describe the characteristics of river bankline. Yun et al. (2016) proposed a
bankline detection method based on principal curve extraction. The bankline detected by
this method has a higher degree of smoothness and stronger continuity. However, the
limitation of this algorithm is that it can only detect the information of bankline in optical
image, and cannot be applied to the feature extraction of bankline in SAR image. In Li ef al.
(2018), different proportions of wavelet transform results are combined to achieve the
purpose of accurate detection of bankline. The algorithm has strong robustness but low
directional sensitivity, and cannot detect bankline in all directions of image. Table 1
summarizes the advantages and disadvantages of the three bankline detection algorithms.
These three algorithms are designed for optical images, without considering the influence
of speckle in SAR images, and cannot be applied to bankline detection in GF-3 SAR
images. Therefore, we hope to propose a detection method which can effectively overcome
the speckle interference of SAR image and accurately identify the location of the bankline.
Shao, Sheng & Sun (2017) show that GF-3 SAR image has good sparsity. Therefore, only by
fully considering the good sparsity characteristics of GF-3 SAR images, we can design an
efficient bankline detection algorithm to obtain high-quality bankline detection results.

In recent years, multi-scale geometric analysis (MGA) tools have been widely used in
the field of image processing (De Oliveira, Carvalho-Ribeiro & Maia-Barbosa, 2020).
Among them, Shearlet is the latest development of the MGA tools. It was constructed by
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Table 1 Analysis of advantages and disadvantages of three algorithms.

Algorithm Advantage Disadvantage

Algorithm in Extracting the complex bankline information Weak ability to describe the characteristics of bankline
Mount et al. (2013) with multiple rivers effectively

Algorithm in Obtaining more smooth and continuous Only detecting the bankline information in optical
Guo et al. (2016) bankline images, and unsuitabale for SAR images

Algorithm in Having high accuracy of bankline extraction and Low direction sensitivity, and not detecting the
Li et al. (2018) strong robustness bankline in all directions of image

Easley, Labate ¢ Lim (2008) and Sun et al. (2020) through a special form of affine system
with compound expansion. Shearlet is anisotropic and can capture edge information
and anisotropic feature information more efficiently. Compared with other MGA tools,
shearlet is more suitable for extracting geometric features from multi-dimensional data
because of its optimal sparsity and stronger orientation. Therefore, shearlet has been
widely used in image denoising (Easley, Labate ¢ Lim, 2008), inverse problem (Patel,
Easley & Healy, 2009), image enhancement (Patel, Easley ¢» Healy, 2008), image separation
(Fadili et al., 2010) and 3D data processing (Schug, Easley ¢~ O'Leary, 2011). In this paper,
we choose shearlet to detect the bankline of GF-3 SAR image, which can better suppress
the influence of speckle, improve the detection accuracy, and obtain continuous and
accurate bankline detection results.

In this paper, the non-local mean filter is used to preprocess the GF-3 SAR image, so as
to reduce the interference of speckle on the bankline detection. Secondly, shearlet with
optimal sparsity and strong directionality is used to detect the bankline of the image.
Finally, morphological processing is used to refine the bankline and further eliminate the
false bankline caused by the speckle, so as to obtain the ideal bankline detection results.
Compared with the existing bankline detection methods, the proposed method can
effectively overcome the speckle interference in GF-3 SAR image, and the detected
banklines are smooth and continuous, with high accuracy.

RELATED WORK

Brief introduction of GF-3 SAR image

The GF-3 satellite is China’s first self-developed active imaging C-band multi-polarization
SAR imaging satellite with complete intellectual property rights, with a resolution of 1 m
and 12 imaging modes. The satellite can provide users with stable data services, greatly
enhance the efficiency of the satellite system, and has a wide range of applications in
various fields. Whether it is compared with the resolution of 5-20 m of Sentinel-1 satellite,
or the resolution of 1-100 m of Radarsat-2 satellite, the resolution of 1-500 m of GF-3
satellite can collect more complete information of ground objects. Its image quality indexes
have reached or exceeded the level of similar international SAR satellites. The index of
in-orbit test shows that the absolute radiation accuracy of GF-3 (Schmidt, Ramon ¢
Schwerdt, 2018) can reach 1.3-1.4 dB. The GF-3 SAR image is shown in Fig. 1, and its
corresponding parameters are shown in Table 2. It can be seen from the image that the
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Figure 1 River course of GF-3 SAR image. Full-size K&l DOT: 10.7717/peerj-cs.611/fig-1

image is seriously interfered by speckle. In the image, the river is shown as a deep gray area,
and the bankline is difficult to detect due to speckle. Shao, Sheng ¢ Sun (2017) show the
GF-3 SAR image has good sparsity. Therefore, we use the optimal sparsity, excellent multi-
scale and directivity of shearlet to detect the bankline of GF-3 SAR image.

Shearlet introduction

Easley, Labate ¢» Lim (2008) and Bubba et al. (2019) proposed a new multi-scale geometric
analysis method based on the traditional affine system theory: shearlet. Shearlets are
constructed by a special form of affine system with synthetic expansion. The two-
dimensional compound expansive affine systems can be expressed as

W (%) = |det A%y (B'Ax — k)

\I} =
as(¥) jl€Z keZ?

(1)
where € L*(R?), that is, the original function represented by v, which belongs to the
function in the two-dimensional square integrable space L>(R?). j, I and k are scale, shear
and translation parameters, A and B are 2 x 2 invertible matrices, which represent the
anisotropic expansion matrix of multi-scale partition and the shear matrix for directional
analysis, respectively, and satisfy |det B| = 1. When the anisotropic expansion matrix
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Table 2 Imaging parameters of GF-3 SAR image.

Imaging model Polarization Resolution Imaging position
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Figure 2 Spatial-frequency plane and frequency support of shearlet: (A) frequency domain split of

shearlet, (B) frequency domain support of shearlet. Full-size K&] DOT: 10.7717/peerj-cs.611/fig-2
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satisfies A = Ay = 0 2 and the shear matrix satisfies B= By = 0o 1) the above
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Where 1ﬁ is the Fourier transform result of y, £ ; and & , are two continuous wavelet
functions, and &, &, € C*(R). Then  satisfies the following formula:

2i—1 R ) 2 2i—1 R _
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where Dy = {(él,éz) cR: 1] >1/8, |&/E] < 1}. The function {tﬁ(o) (éA(;jBa’)}
is a split of Dy, which is shown in Fig. 2A. Because the set
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©) ()= ﬂm(zi _) ,

Vi) 2_“# BOAOX k is a Parseval frame of L?(D,) = {f € L*(R?) :
j>0, —2<I<2-1,keZ

supp f C Dy}. It is easy to get the support of function v; in the frequency domain from

the support set of functions y; and v, (Lim, 2010).

R (€1, &) :
supp Wi, C § & € [-271, —2¥1] U 4, 2% ] )
B 1E,/E + 17| <27

It can be obtained from the above formula that each element lﬁj_l_k is supported on a
trapezoidal pair with a slope of 277 and an approximate size of 2% x 2/, as shown in Fig. 2B.
In the spatial domain, the shearlet has a fast attenuation characteristic, and the scale
coefficient in any direction can be obtained by adjusting the translation parameters; at the
same time, in the frequency domain, the shearlet transform is compact support. Therefore,
it can be concluded that shearlets have good local characteristics. Since the supporting
base of each element is along the 277 direction, and the number of shearlet transform
directions will increase layer by layer with the continuous refinement of the scale, the
shearlet has strong directional sensitivity.

In addition to the above features, shearlet also have an optimal sparse representation.
Denoting f as the function that the direction is C* except a curve that is piecewise C
continuous respectively. In the expansion f =3 o, ye (fs Wik )V 1k the result of
approximating the function f with the maximum shearlet coefficient of the N term is f3
(De Oliveira, Carvalho-Ribeiro ¢ Maia-Barbosa, 2020). The relationship between them is

If = fall; < CN“*(logN)? 5)

Obviously, the approximation order of the shearlet is O(N “2(logN )3), and its
approximation accuracy is much higher than that of the traditional wavelet (its nonlinear
error approximation order is O(N~1)), and it is already very close to the theoretically
optimal nonlinear error approximation order O(N~2). This shows that the shearlet can
optimally represent images with edges in various directions and scales.

METHODS

Aiming at the shortcomings of low detection accuracy and insensitive direction of the
existing bankline detection algorithms, we hope to design a bankline detection algorithm
suitable for GF-3 SAR images. Due to the special imaging mechanism of GF-3 SAR image,
the difficulty of the algorithm is not only to overcome speckle the interference of SAR
image, but also to ensure the accuracy and smoothness of the detection results. Therefore,
we combine the advantages of nonlocal mean filtering, shearlet and morphological
processing to construct a joint algorithm. Firstly, the non-local mean filter is used to
preprocess the GF-3 SAR image in this algorithm, so as to reduce the interference of
speckle on bankline detection. Secondly, the logarithmic transformation is used to turn the
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multiplicative speckle model of GF-3 SAR image into additive, and then the shearlet is
used to detect the bankline of the image. Then, exponential transformation is performed
on the detection result, and the image is binarized using the OTSU algorithm, and the
hit-or-miss transformation is used to refine the bankline. Finally, aiming at the problem
of a small amount of false banklines in this result, the false banklines were removed to
obtain the final result. Because the proposed algorithm uses non-local mean filter to
preprocess the image, the speckle interference in the detection results is weaker; the
shearlet is used to analyze the image, so the detected bankline position is more accurate;
the morphology is used to optimize the results, so the detected bankline is smoother.

Preprocessing of non-local mean filtering
In order to get a complete and accurate result of bankline detection, it is necessary to select
an appropriate filtering method to preprocess the image, so as to suppress the interference
of speckle in GF-3 SAR image and effectively retain the bankline information that
needs to be detected. Non-local mean filtering algorithm (Isola et al., 2017; Buades, Coll &
Morel, 2005) uses structural similarity to define the distance between pixels, and makes full
use of various redundant information possessed by the image itself, which can better
protect the edge and texture features of the image. Therefore, in this section, the non-local
mean filter is selected to preprocess the GF-3 SAR image, and a to-be-processed image is
obtained, in which the speckle is suppressed effectively and the bankline information is
preserved effectively.

For a given GF-3 SAR image v = v{v(i)|i € I}, I represents a bounded image domain.
For a certain pixel i in the image, the estimated value after non-local mean filtering is
shown as Eq. (6).

NIL() = Y w(i,j)v(j) (6)

jel

Where, N|L[v](i) is the preprocessing result of non-local mean filtering, w(i,j) is
the noise reduction block, i and j are two pixels, and pixel j is any pixel in the image
domain I except pixel i. The weight w(i,j) depends on the similarity between the pixel i
and the pixel j, and satisfies the conditions 0 < w(i,j) < 1 and }; w(i,j) = 1. It can be
seen from the above formula that the algorithm uses a fixed size image block to
match in the whole image, selects the image block with large similarity to this image
block, and then gives the corresponding weight to the image blocks to perform filtering
based on the similarity.

Logarithmic transformation

The imaging process of SAR images can be regarded as a small-aperture antenna with a
constant speed moving on a long linear array orbit and sending detection waves, and then
coherently processing the corresponding echoes received in different orbital regions, so as
to achieve the imaging effect of a large-aperture radar. Due to the existence of
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electromagnetic interference, the image will appear speckle. These speckle obeys the
following multiplicative model (Sun ¢» Han, 2010):

Y = FX (7)

where Y is an imaging result, F is speckle, and X is a real result.
Since the additive model can give full play to the advantages of shearlet, it is necessary to
change the multiplicative model into additive model to optimize the detection process.

log(Y) = log(F) + log(X) (8)

Bankline detection

The classical definition of shearlet system is shown in Eq. (1). According to the definition,
shearlets can be aligned vertically in the time domain, and the perfect horizontal alignment
can be achieved by increasing the shearlet parameters to infinity. However, this
operation will lead to extremely low application of shearlet transform in the vertical
direction, which will bring great difficulties to practical applications. Based on this, we
consider using the complex shearlet transform to satisfy the symmetry and translation
invariance of the time domain and frequency domain. The definition of complex shearlet
is defined as:

w _ lVeven + ilpodd — lpeven + l-H(lpeven) (9)

even -

where y*"" is even symmetric shearlet and y°* is odd symmetric shearlet. Since the classic

odd

shearlet is symmetric about y , y***" has been obtained. y even

can be obtained from v/
according to the Hilbert transformation (Xu et al., 2020), and the transformation formula
is defined as:

H(f)(t) = lim /a%dt (10)

a—>o0
The definition of even symmetric shearlet and odd symmetric shearlet is defined as:

PO () = 229 (SiA (- — x)) (11)

() = 2290 (S (- — x)) (12)

where j € N, |k| < {2{‘ and x € Z? are scale, shear and translation parameters,
2j

0 2/?
A simple and intuitive way to calculate the likelihood of the presence of banklines in a

Sk = ( (1) I;) is the shear matrix and A; = ( ) is the anisotropic expansion matrix.

GF-3 SAR image is to maximize all possible directions. However, experiments have
shown that a more satisfactory result can be achieved by pre-selecting the main direction
of the bankline. The primary direction can be determined by the maximum coefficient
associated with the odd symmetric shearlet. That is to say, for each point in the
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two-dimensional plane, we will select the value with the largest absolute value among all
the coefficients related to the odd symmetric shearlet, and select the corresponding shearlet
direction as the main direction. Finally, based on the selected direction, the even
symmetric shearlet coefficient of the image can be calculated by using Eq. (11), and the
possibility of bankline on the pixel can be calculated by combining the odd symmetric
shearlet coefficient obtained by Eq. (12). _

For the scale parameter j € {Jiin>---»Jmax)> the shear parameter |k| < [Zﬂ and the
translation parameter x €R?, the shearlet direction is taken as the optimal direction for the
bankline by selecting the maximum of the absolute values of all the coefficients. The
optimal direction k* o l//ndd(f ,x) € {—1]2 mm} o [2 m_ﬂ» of the bankline at each pixel
point x € R? is calculated by:

Gogulf )= agmax e[
126{— |72]"§i“—‘ |'21m%'| } IAS {]min‘ﬁ '--7]maxj )

ke {[zﬂ,...,ﬂzzﬁ
e

where ( f, zpj’k> is used to represent the coefficient calculated at the translation parameter x

(13)

of the shearlet, and the maximum value is obtained for any scale parameter j > 0 and
< f, "dd> and <f e"e”> = 0 is satisfied. Then the probability of whether each pixel x € R

is a point on the bankline is calculated by the following formula:

Jmay odd gl even
' Z}) (¥ | — Z,: {f ¥k
J = Jmin j = Jmin

E oo (f5%) = (14)
,/,even‘wodd ) Odd

]max - ]min +

( )] S {Imma Jmax} <f >

j
where f is the image matrix, Sy = <(1) I;) is the shear matrix, and A; = (%) 222> is

the anisotropic expansion matrix. €(¢ > 0) in the above equation is the minimum value
approaching zero to ensure that the denominator will not be zero. When the shearlet takes
the ideal bankline as the center of symmetry, the following equation is satisfied:

Jmax ] = Jmax

S| -

j = Jmin ] = Jmin

(]max - ]min + 1)

{f ¥k )

7)7

<f odd >

]e{fmm Jmax} (15)

Ji max

Z <f 0dd>

j = Imm

e )

i€{1,23,...I}

=1
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So0 <= Eweven_wo . (f,x) <= 1is the probability that x is the bankline. In order to make
the bankline measurement probability value of each pixel between 0 and 1, we set the
following mapping relationship finally (Sun et al., 2020):

E(I/evenvwodd (-f7 x) = maX(Eweven)wodd (f’ x)’ 0) (16)

The mapping relationship generates a value between 0 and 1, which is used to represent
the existence probability of the bankline at a certain position of the measurement. In other
words, a metric of 0 means that there is no bankline at the location, and 1 means that
there must be a bankline.

Binarization and refinement of bankline
Image binarization is the process of transforming a multi-gray-level image into a
two-gray-level image through a certain processing method. The threshold binarization
algorithm is to calculate a threshold T(x,y) for an M x N pixel image I(x,y), where x and y
are the two-dimensional coordinate positions in the image. Then when I(x,y) < T(x.y),
the corresponding pixels of binary image satisfy B(x,y) = 0; on the contrary, the
corresponding pixels of binary image satistfy B(x,y) = 255. Currently commonly used
overall threshold binarization methods include gray-scale expected value method (Pierre
et al.,, 2017), OTSU method (Khambampati et al., 2018), maximum variance ratio method
(Liu, Wang & Yu, 2013), etc., most of which are automatically acquired according to the
gray-level distribution characteristics of specific images, that is, they are adaptive, and their
principles have a solid theoretical basis.

Because the result of using shearlet to detect the bankline is a probability value between
0 and 1, the OTSU algorithm with better stability is selected to calculate the global
threshold when binarizing the result. In the OTSU algorithm (Khambampati et al., 2018), a
gray value T is selected to segment the image into two parts: foreground and background.
We call one of them A and the other B. Note that E,j; is the overall expectation of the
image, E, is the expectation of A, Ej is the expectation of B, P, is the probability of class A,
Py is the probability of class B, and the probability of each gray value is pi, and ¢” is the
variance between classes. The following equation is satisfied:

255
Egq =Y ix%pi (17)
i=0
T
Sumy = Z i % pi (18)
i=0
T
i=0
Sumy
Ey = 20
A="p, (20)
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255
Sump = Zi*pi (21)
i=T
Pp=1-P, (22)
Sump
Ep = 23
5="p (23)
0% = Py % (Eay — Ea)’ + Pp % (Ear — Ep)’ (24)

When the gray value T makes the inter class variance 0> maximum, then T is the
threshold obtained by OTSU method. According to the threshold value, each pixel in the
image is traversed. If the pixel value is greater than or equal to the threshold value, the gray
value of the point is set to 1. If the pixel value is less than the threshold value, the gray
value of the point is set to 0. The result image of bankline detection is converted into a
binary image.

The refinement of the bankline requires the use of mathematical morphology tools
(Ghamisi et al., 2018) to process the binary image. Mathematical morphology is developed
based on set theory. Its main purpose is to simplify the image, remove useless information,
and retain the required image structure. An important operation in morphological
processing is refinement (Sun et al., 2020), which uses the detection result of the hit-or-
miss transformation (Sakamat, Abd Khalid & Azha, 2018) to continuously remove some
points along both sides of the image edge until the edge width reaches a single pixel. The
principle of thinning by hit-or-miss transform is to extract the pixel regions in the image
that match the given neighborhood structure by hit-or-miss transform, and then subtract
these pixel regions from the original image to get the image skeleton with only one pixel
width.

When using hit miss transformation, we need to construct structure element b(x, y)
first. The structure element is composed of two disjoint parts b; (x, y) and b,(x, y), which
are used to match on both sides of the edge. Then, the definition of the matching between
the input image f(x, y) and the structural element b(x, y) is as follows:

fxb(x,y) = (fOb) N (f\Ob,) (25)

where * represents the matching operation, :amp:odot; represents the corrosion operation,
and f* represents the complement of f. Further, we can know that the definition of bankline
refinement by using the hit-or-miss transform is as follow, where :amp:otimes; represents
the refinement operation:

f®b(xvy) :f—f*b(x,}/) (26)

Due to the existence of the burr phenomenon of the bankline, the skeleton shift
phenomenon will occur in some positions as a result of the hit-or-miss transformation.
In order to make the detection result of the bankline more accurate, we need to deal with
the burr phenomenon of the bankline before the bankline is refined. The specific
method is to first expand the image to make the bankline of the image smooth and then
perform the refinement operation.
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In a two-dimensional Euclidean space 72 let flx,y) be the input image, b(s,t) be the
structural element, and use b(s,t) to expand the input image f(x,y) as follows. Among them,
Dyis the spatial domain of the input image, and Dy i s the spatial domain of the structural
element.

flx=sy—1) +b(s,1)[(x — ),
f@blxy) = max{ 1) 2 Dy (5.1 € Dy } @7)

The above two-step morphological processing principle is simple and easy to
implement, and the bankline can be refined and a large number of false bankline can be
removed, and finally obtain a clear binary image of the bankline.

False bankline elimination

In the previous section, the detection result of bankline has been converted into binary
image, so the first step of removing the false bankline is to mark the connected region in
binary image. Marking the connected domain in the binary image, that is, in an image
composed of white pixels (usually represented by “255” in the grayscale image and by “1”
in the binary image) and black pixels (usually represented by “0”), the pixel sets having
pixel values “1” or “255” adjacent to each other are marked with different numbers. And the
number of white pixels is counted in different connected domains (Liu et al., 2013).

In GF-3 SAR images, the false bankline formed by speckle generated by the coherent
imaging mechanism are usually small connected areas. The threshold is set, and the
portion where the number of pixels in each connected region of the image is less than the
threshold is assumed to be a false bankline. The pixel values in these connected regions
are all set to 0 to achieve the purpose of eliminating false banklines.

Overall detection steps

In a word, the flow chart of bankline detection in GF-3 SAR image presented in this paper
is shown in Fig. 3. Firstly, aiming at the speckle of GF-3 SAR image, we use non-local mean
filtering to preprocess the GF-3 SAR image, in order to reduce the influence of speckle
on the accuracy of bankline positioning. Secondly, the logarithmic transformation is used
to turn the multiplicative speckle model into additive, which facilitates the detection of
bankline information using shearlet. Then, even symmetric shearlet and odd symmetric
shearlet are used to transform the image to generate coefficients, and a series of
calculations are performed on the coefficients to calculate the probability of a bankline on
the pixel for each pixel in the image. Since the shearlet has optimal sparsity and strong
directionality, the position and direction of the bankline in the result have high accuracy.
Then, exponential transformation is performed on the detection result, and the OTSU
algorithm is used to select an appropriate threshold to binarize the image, and the bankline
is thinned by the hit-or-miss transformation. Finally, aiming at the problem of a small
amount of false banklines in the result, the false banklines were removed, the results were
optimized, and the final result was obtained.
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Figure 3 Flow chart of bankline detection. Full-size K&] DOTI: 10.7717/peerj-cs.611/fig-3

RESULTS

In this section, we use three GF-3 SAR images taken near inland cities to verify the
proposed algorithm. That is to say, this algorithm is suitable for bankline detection in
inland areas.

We set the block size for calculate weight in the non-local mean filter to 2; set the
maximum scale parameter of the complex shearlet to 2, and the minimum scale parameter
to 6; set the refinement parameter to 0.2, the bankline detection result of a GF-3 SAR image
as shown in Fig. 4 is obtained. Fig. 4A is selected from GF-3 SAR image generated by
HHHYV polarization in fine strip-2 imaging mode on November 21, 2017. The longitude
and latitude of the center of the image are 108°1XE and 33°9N, with a resolution of
10 m. Obviously, non-local mean filter preprocessing can effectively reduce speckle
interference and effectively retain the information of the bankline to be detected. Next, the
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Figure 4 The detection results of the proposed method: (A) original image (B) non-local mean
filtering preprocessing result (C) shearlet detection result (D) binarization and refinement result
(E) final result. Full-size K&l DOT: 10.7717/peerj-cs.611/fig-4
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use of shearlets with optimal sparsity and strong directionality can effectively detect the
bankline information in the image, ensuring the detection accuracy and continuity of the
bankline. Then, the OTSU algorithm is used to binarize the image, and the hit-or-miss
transformation is used to refine the bankline. Finally, the false bankline caused by a small
amount of speckle interference is removed by means of statistical connected domains,
and the final bankline detection result is obtained. In a word, due to the optimal sparsity
and strong directionality of shearlet, the bankline information of the GF-3 SAR image
which also has obvious sparse characteristics can be effectively detected.

Figure 5 shows the detection results of the bankline in another GF-3 SAR image, the
bankline is thinned by the hit-or-miss transformation. The imaging parameters of the
original image are shown in Table 1. The Sobel operator and the Prewitt operator are
differential template operators that use a template to convolve the image and extract edges.
The difference between the two is that the Sobel element has a corresponding weighting
in the 4-neighbor position of the pixel, so the Sobel operator suppresses the speckle
ability stronger than the Prewitt operator, but the detection edge is wider. Log operator is
composed of two parts. Firstly, Gaussian convolution function is used to filter the image,
and then Laplacian operator is used to detect the edge of the image. Therefore, the Log
operator has a good suppression effect on noise and discrete points in image.

Obviously, the Sobel operator and Prewitt operator cannot overcome the effects of
speckle in the GF-3 SAR image, and combine the real bankline with the false bankline, and
the bankline detection results are chaotic. In the detection result of the Log operator, the
bankline appears serious rupture phenomenon, but the trend of the river can be barely
seen as a whole. These three traditional detection operators are all based on difference, so
the interference of the speckle is extremely serious, which is not suitable for the bankline
detection of the GF-3 SAR image. The proposed edge detection makes full use of
optimal sparsity and strong directionality of shearlet. It uses non-local mean preprocessing,
shearlet bankline detection, and morphological processing in sequence. Non-local mean
preprocessing can suppress the speckle of GF-3 SAR image sufficiently, and retain bankline
information effectively. Shearlet can detect possible banklines in multiple directions in a
multi-dimensional space, and the detected bankline positions are more accurate than other
multi-scale geometric analysis tools. At the same time, morphological processing, including
false bankline removal, bankline burr removal and bankline refinement operations, is
performed to optimize the detection results to obtain ideal bankline detection results. In a
word, the accuracy of the bankline detection results of this algorithm is higher, and the
bankline is more complete and smooth, which is very suitable for the detection of bankline
information under GF-3 SAR image speckle interference.

The proposed method combines the non-local mean filtering, shearlet detection, OTSU
algorithm and morphological processing, which uses the non-local mean filtering to
suppress the speckle, takes advantage of the optimal sparsity and strong directionality of
shearlet, and uses the OTSU algorithm and morphological processing to binarize and
refine bankline, so the ideal detection result can be finally obtained. In a word, the
experimental results show that the accuracy of the bankline detection result of the
proposed algorithm is higher, and the bankline is more complete and smooth, which is

Sun et al. (2021), Peerd Comput. Sci., DOI 10.7717/peerj-cs.611 15/23


http://dx.doi.org/10.7717/peerj-cs.611
https://peerj.com/computer-science/

PeerJ Computer Science

Figure 5 Bankline detection results of GF-3 SAR image with different methods: (A) original image
(B) Sobel detection (C) Prewitt detection (D) Log detection (E) proposed detector.
Full-size k4] DOT: 10.7717/peerj-cs.611/fig-5
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Table 3 Imaging parameters of GF-3 SAR image.

Detectors Anti-speckle Smoothness Completeness Running speed
Sobel Weak Low Medium Fast

Prewitt Weak Low Medium Fast

Log Medium Low Low Fast

Our algorithm Strong High High Slow

very suitable for the detection of bankline information under interference of strong speckle
and complex background in the GF-3 SAR image.

Table 3 shows the qualitative evaluation results of the proposed algorithm and Sobel,
Prewitt and Log. In the table, four indicators are used to evaluate the algorithm, which are
anti-speckle, smoothness, completeness and running speed. The anti-speckle indicator
is used to measure the ability of the algorithm to overcome the effect of speckle, which is of
great significance to the detection result of bankline under strong speckle interference.
The smoothness indicator is used to measure the continuous and unbreakable degree of
the bankline in the test result. Completeness indicator is used to measure the clarity of
direction and outline of the bankline in the detection result. The running speed indicator is
used to measure how fast the algorithm runs. For the anti-speckle ability of the detection
result, since the Sobel operator and Prewitt operator have no noise reduction ability,
the anti-speckle ability is weak; since the Log operator uses a preliminary low-pass
filter, the anti-speckle ability is medium; Our algorithm uses an advanced noise reduction
function, which can achieve an effective balance between noise suppression and
information retention, so the anti-speckle ability is strong. For the smoothness of the
detection results, the detection results of Sobel, Prewitt and Log operator are seriously
split by the speckle, so the smoothness is low; since our algorithm can overcome the
interference of speckle, the smoothness of the detected bankline is high. For the
completeness of the detection results, since the Log operator is severely interfered by the
speckle, the bankline is completely split, so the completeness is low; since the detection
results of the Sobel operator and the Prewitt operator can barely identify the contour and
trend of the bankline, but the real bankline and the false bankline cannot be distinguished,
so the completeness is medium; our algorithm can overcome the interference of
speckle, the detection result of the bankline is not obviously split, so the completeness is
high. Regarding the running speed of the algorithm, it can be seen that the running time of
the Sobel operator, Prewitt operator and Log operator when processing the same image
is less than 1 s, so the running speed is fast; our algorithm is a combination of many
methods, and the cumulative running time is more than 30 s, so the running speed is slow.

Figure 6A is selected from the SAR image generated by GF-3 satellite in orbit No.
006162 on October 11, 2017, using FS2 mode and HHHYV polarization, with the central
longitude and latitude of 109°8’E, 34°1'N, with resolution of 10 m. Figure 6 shows
three detection results based on difference operator, the detection results of algorithms
proposed in Wang ¢ Shui (2016) and Shui ¢ Chen (2012), and the detection result of the
proposed algorithm. The algorithm proposed in Wang ¢ Shui (2016) is based on a gradient
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Figure 6 Bankline detection results of different methods: (A) original image (B) Sobel detection
(C) Prewitt detection (D) Log detection (E) algorithm in Fuping ¢» Penglang (2016), (F) algorithm
in Penglang ¢ Dong (2012) (G) proposed algorithm. Full-size K&l DOI: 10.7717/peerj-cs.611/fig-6

matrix and an anisotropic Gaussian directional derivative matrix, which can detect edge
information in a color image interfered by Gaussian white noise or a small percentage of
impulse noise. The algorithm proposed in the paper (Shui ¢ Chen, 2012) uses a Gauss-
Gamma-shaped double window to reduce false edge pixels near the real edge, and can
extract the fine edge of SAR image more accurately. Similar to the detection results in
Fig. 5, Sobel, Prewitt and Log operators cannot overcome the influence of speckle in GF-3
SAR image, and the detection result have obvious cracking phenomenon. Obviously, the
detection results of the algorithms in Wang ¢ Shui (2016) and Shui ¢ Chen (2012) are
severely disturbed by speckle, and the detected banklines are poor in smoothness and
continuity. Since the algorithm in Wang ¢ Shui (2016) can overcome the interference of
Gaussian white noise and a small percentage of impulse noise in the color image, the false
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Table 4 Running time of different detectors.
Detectors Sobel  Prewitt Log Detector in Wang & Shui (2016)  Detector in Shui ¢» Chen (2012)  The proposed detector
Running speed  0.028  0.085 0.773  7.309 4.358 33.571

bankline in the detection result is less than those of the algorithm in Shui ¢» Chen (2012).
The river bankline detected by our proposed algorithm has the highest degree of
smoothness and continuity among all comparison algorithms. Table 4 shows the difference
in running time for the six algorithms. Obviously, the three traditional detection operators
use simple templates for detection, so the running time is short. The algorithms in Wang ¢
Shui (2016) and Shui & Chen (2012) use matrix operations and double-window detection
respectively, so the running time is slower than that of template detection. Since the
proposed algorithm is a combination of many methods, the running time is the longest
compared to other five comparison algorithms.

In a word, the proposed algorithm uses a combination of non-local mean filtering
and morphological processing to overcome the effects of speckle when the bankline
information in the GF-3 SAR image is interfered by strong speckle and is difficult to detect.
Therefore, the proposed algorithm has a strong anti-speckle ability. Moreover, the
smoothness and completeness of the detection results of the proposed algorithm are very
high, because the shearlet with optimal sparsity and strong directionality are used to detect
bankline information. However, because the proposed algorithm is a combination of
multiple methods and many steps, it runs slowly. In a word, the proposed algorithm is very
suitable for detecting bankline information under strong speckle interference in GF-3
SAR images, but the operation speed needs to be improved. We further analyze the
differences in accuracy of all algorithms. The comparison algorithms are affected by
speckle, and the detection results have obvious breaks and discontinuities. The proposed
algorithm combines the advantages of several methods, so it can overcome the interference
of speckle of GF-3 SAR image, and can detect the complete and clear bankline contour,
leading to the highest detection accuracy among all the algorithms.

CRITICAL DISCUSSION

Compared with the existing methods, the proposed algorithm has obvious advantages, but
it still has its limitations. The main problems are long running time and information lost
in preprocessing. The problems in the detection results are mainly manifested in the
occurrence of breaks in the detected bankline.

The main reason for the long running time of the proposed algorithm is that the
proposed algorithm is a combination of multiple methods and has many steps, so the
running speed is slow. The proposed algorithm loses part of the information in the
preprocessing process. The main reason is that the non-local mean preprocessing
suppresses the speckle of GF-3 SAR image while also filtering out some image information.
As a result, several bankline information is lost and cannot be extracted during the
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following stages. In Fig. 4, the bankline detected by the proposed algorithm has a fracture
problem. The main reason is that the proposed algorithm uses the OTSU algorithm to
adaptively adjust the gray level of the image during the binarization and bankline thinning
stages. At this time, the threshold calculated can ensure that the gray value variance
between the bankline area and the background area is the largest, but it cannot guarantee
that the threshold can separate the river bank completely and accurately. Therefore, it will
cause the detected bankline to break, as shown in Figs. 4 and 5.

In short, the proposed algorithm is very suitable for detecting bankline information
under strong speckle interference in GF-3 SAR images, but it needs to be improved, such as
from aspects of image preprocessing.

CONCLUSIONS

In view of the shortcomings of low detection accuracy and sensitivity to speckle of the
traditional difference operators, we propose a bankline detection algorithm for GF-3 SAR
images based on shearlet. The proposed algorithm makes full use of the characteristics of
the optimal sparsity and strong directional position of shearlet, and the detection
performance is well. Firstly, the non-local mean filter is used to preprocess GF-3 SAR
images, so as to reduce the interference of speckle on bankline detection. Secondly, shearlet
is used to detect the bankline. Finally, morphological processing is used to refine the
bankline and further eliminate the false bankline, leading to ideal bankline detection
results. We use three different regions of GF-3 SAR images to verify the effectiveness of the
proposed algorithm, and compare it with other five algorithms to analyze the performance
of the proposed algorithm in four aspects: anti-speckle, smoothness, completeness and
running speed. Experimental results show that the proposed algorithm is suitable for
bankline detection in GF-3 SAR images, and can ensure that the detected bankline is
continuous, and smooth, and the position is consistent with the original image. Therefore,
it is a very suitable algorithm for bankline detection in GF-3 SAR images.

ACKNOWLEDGEMENTS

We would like to thank China Centre for Resources Satellite Data and Application for
providing GF-3 SAR images.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

This work was funded by the National Natural Science Foundation of China (No.
61102163), the Key Laboratory of Land Satellite Remote Sensing Application Center,
Ministry of Natural Resources of the People’s Republic of China (No. KLSMNR-202004),
and the State Key Laboratory of Geo-Information Engineering (No. SKLGIE2019-M-3-5).
The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript.

Sun et al. (2021), Peerd Comput. Sci., DOl 10.7717/peerj-cs.611 20/23


http://dx.doi.org/10.7717/peerj-cs.611
https://peerj.com/computer-science/

PeerJ Computer Science

Grant Disclosures

The following grant information was disclosed by the authors:

National Natural Science Foundation of China: 61102163.

Key Laboratory of Land Satellite Remote Sensing Application Center, Ministry of Natural
Resources of the People’s Republic of China: KLSMNR-202004.

State Key Laboratory of Geo-Information Engineering: SKLGIE2019-M-3-5.

Competing Interests
Marcin Wozniak & Robertas Damasevicius are Academic Editors for Peer].

Author Contributions

e Zengguo Sun conceived and designed the experiments, prepared figures and/or tables,
authored or reviewed drafts of the paper, and approved the final draft.

e Guodong Zhao performed the experiments, prepared figures and/or tables, and
approved the final draft.

e Marcin Wozniak analyzed the data, authored or reviewed drafts of the paper, and
approved the final draft.

e Rafal Scherer performed the computation work, authored or reviewed drafts of the
paper, and approved the final draft.

e Robertas Damasevicius analyzed the data, authored or reviewed drafts of the paper, and
approved the final draft.

Data Availability
The following information was supplied regarding data availability:

Data are available at China Centre for Resources Satellite Data and Application,
and the image data used in the experiment in the database is available at GitHub:
https://github.com/Donlting/GF-3-SAR-images.

The code of bankline detection program is in the Supplemental File.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.611#supplemental-information.

REFERENCES

An Q, Pan Z, You H. 2018. Ship detection in gaofen-3 sar images based on sea clutter distribution
analysis and deep convolutional neural network. Sensors 18(2):334-354
DOI 10.3390/518020334.

Andrade-Loarca H, Kutyniok G, Oktem O. 2020. Shearlets as feature extractor for semantic
edge detection: the model-based and data-driven realm. Proceedings of the Royal Society A
476:1364-1390.

Buades A, Coll B, Morel JM. 2005. A non-local algorithm for image denoising. In: 2005 IEEE
Computer Society Conference on Computer Vision and Pattern Recognition. Vol. 2. Piscataway:
IEEE, 60-65.

Sun et al. (2021), Peerd Comput. Sci., DOI 10.7717/peerj-cs.611 21/23


https://github.com/Donlting/GF-3-SAR-images
http://dx.doi.org/10.7717/peerj-cs.611#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.611#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.611#supplemental-information
http://dx.doi.org/10.3390/s18020334
http://dx.doi.org/10.7717/peerj-cs.611
https://peerj.com/computer-science/

PeerJ Computer Science

Bubba TA, Kutyniok G, Lassas M, Mirz M, Samek W, Siltanen S, Srinivasan V. 2019. Learning
the invisible: a hybrid deep learning-shearlet framework for limited angle computed
tomography. Inverse Problems 35:64002.

De Oliveira BR, Carvalho-Ribeiro SM, Maia-Barbosa P. 2020. A multiscale analysis of land use
dynamics in the buffer zone of Rio Doce State Park, Minas Gerais, Brazil. Journal of
Environmental Planning and Management 63:935-957.

Easley G, Labate D, Lim W-Q. 2008. Sparse directional image representations using the discrete
shearlet transform. Applied and Computational Harmonic Analysis 25(1):25-46
DOI 10.1016/j.acha.2007.09.003.

Fadili JM, Starck J-L, Elad M, Donoho DL. 2010. Mcalab: reproducible research in signal and
image decomposition and inpainting. IEEE Computing in Science and Engineering 12:44-63.

Ghamisi P, Maggiori E, Li S, Souza R, Tarablaka Y, Moser G, De Giorgi A, Fang L, Chen Y,
Chi M, Serpico SB, Benediktsson JA. 2018. New frontiers in spectral-spatial hyperspectral
image classification: the latest advances based on mathematical morphology, markov random
fields, segmentation, sparse representation, and deep learning. IEEE Geoscience and Remote
Sensing Magazine 6:10-43.

Guo Y, Wang Y, Liu C, Gong S-R, Ji Y. 2016. Bankline extraction in remote sensing images using
principal curves. Journal on Communications 37:80-89.

Gherboudi I, Magagi R, Berg AA, Toth B. 2011. Soil moisture retrieval over agricultural fields
from multi-polarized and multi-angular RADARSAT-2 SAR data. Remote Sensing of
Environment 115:33-43.

He S, Zhou J, Chen S, Shu W, Luo H, Wen S. 2020. Spatial differential operation and edge
detection based on the geometric spin hall effect of light. Optics Letters 45(4):877-880
DOI 10.1364/0L.386224.

Isola P, Zhu JY, Zhou T, Efros AA. 2017. Image-to-image translation with conditional adversarial
networks. In: 2017 IEEE Computer Society Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 1125-1134.

Khambampati AK, Liu D, Konki SK, Kim KY. 2018. An automatic detection of the roi using otsu
thresholding in nonlinear difference EIT imaging. IEEE Sensors Journal 18(12):5133-5142
DOI 10.1109/JSEN.2018.2828312.

Li Y, Wang E-d, Duan Z-g, Cao H, Liu X-q. 2018. The bank line detection in field environment
based on wavelet decomposition. In: Current Trends in Computer Science and Mechanical
Automation. 557-565.

Lim WQ. 2010. The discrete shearlet transform: a new directional transform and compactly
supported shearlet frames. IEEE Transactions on Image Processing 19(5):1166-1180
DOI 10.1109/T1P.2010.2041410.

Liu BX, Wang FP, Yu CL. 2013. A ceramic crack test method based on the maximum variance
ratio of inter-class and intra-class. Applied Mechanics and Materials 633-634:372-376.

Liu L, Zhao C, Wu H, Gao R. 2013. Application of mathematical morphology in image
preprocessing of crop diseases. Agricultural Mechanization Research 35:180-183.

Lugman M, Shah UUH, Khan S, Akmal F. 2017. River channel dynamics detection using remote
sensing and GIS technologies: a case study of River Chenab in Indo-Pak Region. In: 2017 Fifth
International Conference on Aerospace Science and Engineering (ICASE). 1-5.

Mount NJ, Tate NJ, Sarker MH, Thorne CR. 2013. Evolutionary, multi-scale analysis of river
bank line retreat using continuous wavelet transforms: Jamuna river, Bangladesh.
Geomorphology 183(A5):82-95 DOI 10.1016/j.geomorph.2012.07.017.

Sun et al. (2021), Peerd Comput. Sci., DOI 10.7717/peerj-cs.611 22/23


http://dx.doi.org/10.1016/j.acha.2007.09.003
http://dx.doi.org/10.1364/OL.386224
http://dx.doi.org/10.1109/JSEN.2018.2828312
http://dx.doi.org/10.1109/TIP.2010.2041410
http://dx.doi.org/10.1016/j.geomorph.2012.07.017
http://dx.doi.org/10.7717/peerj-cs.611
https://peerj.com/computer-science/

PeerJ Computer Science

Patel VM, Easley GR, Healy DM. 2008. A new multiresolution generalized directional filter bank
design and application in image enhancement. In: 15th IEEE International Conference on Image
Processing. Piscataway: IEEE, 2816-2819.

Patel VM, Easley GR, Healy DM. 2009. Shearlet-based deconvolution. IEEE Transactions on
Image Processing 18(12):2673-2685 DOI 10.1109/TTP.2009.2029594.

Pierre F, Aujol J-F, Bugeau A, Steidl G, Ta V-T. 2017. Variational contrast enhancement of gray-
scale and rgb images. Journal of Mathematical Imaging and Vision 57:99-116.

Sakamat N, Abd Khalid NE, Azha IIN. 2018. Structuring elements of hit or miss to identify
pattern of benchmark latin alphabets strokes. Indonesian Journal of Electrical Engineering and
Computer Science 12(1):356-362 DOI 10.11591/ijeecs.v12.il.pp356-362.

Schmidt K, Ramon NT, Schwerdt M. 2018. Radiometric accuracy and stability of sentinel-1A
determined using point targets. International Journal of Microwave and Wireless Technologies
10:538-546.

Schug DA, Easley GR, O’Leary DP. 2011. Three-dimensional shearlet edge analysis.

In: International Society for Optics and Photonics. 805-808.

Shao W, Sheng Y, Sun J. 2017. Preliminary assessment of wind and wave retrieval from chinese
gaofen-3 SAR imagery. Sensors 17(8):1705-1717 DOI 10.3390/s17081705.

Shui PL, Chen D. 2012. Edge detector of sar images using gaussian-gamma-shaped bi-windows.
IEEE Geoscience and Remote Sensing Letters 9(5):846-850 DOI 10.1109/LGRS.2012.2184521.
Sun Z, Han CZ. 2010. Modeling high-resolution synthetic aperture radar images with heavy-tailed

distribution. Acta Physica Sinica 59:998-1008.

Sun Z, Lin D, Wei W, Wozniak M, Damasevicius R. 2020. Road detection based on shearlet for
gf-3 synthetic aperture radar images. IEEE Access 8:28133-28141.

Twele A, Cao W, Plank S, Martinis S. 2016. Sentinel-1-based flood mapping: a fully automated
processing chain. International Journal of Remote Sensing 37:2990-3004.

Wang FP, Shui PL. 2016. Noise-robust color edge detector using gradient matrix and anisotropic
gaussian directional derivative matrix. Pattern Recognition 52(12):346-357
DOI 10.1016/j.patcog.2015.11.001.

Xu G, Du S, Gong P, Li Z, Chen G, Song G. 2020. An improved method for pipeline leakage
localization with a single sensor based on modal acoustic emission and empirical mode
decomposition with hilbert transform. IEEE Sensors Journal 20:5480-5491.

Zhang Q. 2017. Overall design and key technologies of Gaofen-3 satellite. Journal of Surveying and
mapping 46:269-270.

Zhang F, Yao X, Tang H, Yin Q, Hu Y, Lei B. 2018. Multiple mode sar raw data simulation and
parallel acceleration for gaofen-3 mission. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing 11:2115-2126.

Sun et al. (2021), Peerd Comput. Sci., DOI 10.7717/peerj-cs.611 23/23


http://dx.doi.org/10.1109/TIP.2009.2029594
http://dx.doi.org/10.11591/ijeecs.v12.i1.pp356-362
http://dx.doi.org/10.3390/s17081705
http://dx.doi.org/10.1109/LGRS.2012.2184521
http://dx.doi.org/10.1016/j.patcog.2015.11.001
https://peerj.com/computer-science/
http://dx.doi.org/10.7717/peerj-cs.611

	Bankline detection of GF-3 SAR images based on shearlet
	Introduction
	Related work
	Methods
	Results
	Critical discussion
	Conclusions
	flink7
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


