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ABSTRACT Automatic detection of building edge information from high-resolution remote sensing images
can more accurately obtain building distribution information, which is of great significance for urban
land planning, urban building planning and population estimation. The satellite image will be affected by
atmospheric interference and noise, we preprocess the image to eliminate the atmospheric interference such
as atmospheric correction and radiometric calibration, and utilize a new total variation and wavelet adaptive
thresholding hybrid filter proposed in this paper to achieve the filtering of noise while retaining the image
edge detail information. The traditional detection operator is prone to the problems of scattered edge points,
discontinuity or misjudgment of too many edge points in the detection results due to the limitations of
directions, template sizes. Therefore, this paper proposes a new 16-direction 5 × 5 size Sobel operator to
replace the previous Sobel operator with only horizontal and vertical directions, using these 16 directions to
calculate the gradient of each pixel points. And each direction template is extracted to each direction contour
image for weighted fusion. Thus, the edge information of different angles can be extracted, and the all-round
information edge extraction of the image can be realized. By comparing the experimental visual effect and the
evaluation criteria of the data results, the SNR, PSNR, AUC, and FOM values of the improved algorithm are
much higher than other algorithms, with the advantage of higher image detection edge positioning accuracy,
more complete contour lines and stronger anti-interference ability.

INDEX TERMS Edge detection, multi-directional, remote sensing images, Sobel operator, total variance,
wavelet adaptive threshold.

I. INTRODUCTION
With the continuous development of digital information tech-
nology, edge detection technology takes the image to be
detected as a carrier for information transfer, extracts the use-
ful signal of the image to be detected, and is used to realize the
precise positioning of the edge of the target image [1]. Edge
detection is the main feature extraction tool used for image
analysis and pattern recognition [2]. Good edge detection can
quickly and accurately identify image edge information, pro-
viding rich intrinsic information about image orientation, step
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attributes and shape. Edge detection technology is utilized to
mine the rich feature information in satellite images for urban
planning [3], city mapping [4], change detection and other
fields [5], [6], [7].

In recent decades, the detection of buildings, roads and
other common features in China and many other countries
has been mainly based on manual field mapping, which has
the disadvantages of high cost and time-consuming. With
the continuous development of remote sensing and space
technology, remote sensing can provide detailed information
on common features [8], while the capability of satellites
to acquire ground feature information has been improved.
At present, the spatial resolution of many satellites has

VOLUME 11, 2023

 2023 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 135979

https://orcid.org/0000-0003-2481-0318
https://orcid.org/0000-0002-0982-5282


L. Shi, Y. Zhao: Edge Detection of HRRS Image Based on Multi-Directional Improved Sobel Operator

reached the sub-meter level, and satellite images have rich
spatial and geometric features [9], making it possible to use
remote sensing satellite images to detect feature edge infor-
mation. At the same time, relying on computer technology,
it is possible to realize the extraction of inland feature infor-
mation in the required area in a very short time. In order
to reduce labor cost and time loss, accurately identifying
feature edges of features from high-resolution remote sensing
(HRS) images and extracting building edges from them is an
important challenge and also a research hotspot in the field of
remote sensing [10].

In recent years, researchers have been proposing different
algorithms to realize the extraction of feature information
edges from high-resolution remote sensing images, but there
are still problems such as low accuracy and incomplete edge
detection [11], [12], [13], [14]. Traditional edge detection
algorithms include Prewitt [15], Roberts [16], Sobel [17],
Canny [18], Log [19] operators and so on. These operators
usually use spatial convolutionmethods that utilize a template
convolution kernel to be convolved with the image to extract
edges. These operators have a wide range of applicability
and fast computation speed, but less consideration is given
to the image edge direction features, and it is easy to lose
the edge detail information [15]. Tavakoli et al. [20] devised
a hierarchical scheme that iteratively adjusts the probabil-
ity of being assigned to different features, resulting in a
kind of decision tree that recognizes edges of buildings and
roads in satellite imagery, but it is generally ineffective and
fails to recognize small-area edge features. Zhang et al. [11]
added two direction information of 45◦ and 135◦ on the
basis of the Sobel algorithm, so that the detection accuracy
has been improved, but the improvement effect is general.
Han et al. [21] expanded the original Sobel algorithm direc-
tion template to eight directions, the ability of edge detection
is improved, but it is sensitive to noise and prone to iden-
tify pseudo edges. Chetia et al. [22] iteratively form a new
image by firstly iterating the gray value and pixel coordi-
nates of the image, and then expand the Sobel algorithm,
which has only horizontal and vertical orientations, to four
horizontal, vertical, 45◦, and 135◦ orientations to obtain the
final edge detection result by using the non-maximum value
suppression. This algorithm improves the circuit complexity,
but does not take into account the noise affecting the edge
information, and the noise immunity is poor. Liu et al. [23]
expand the eight-direction Sobel operator on the basis of
Chetia and utilize the double-threshold detection method.
Kong et al. [24] apply the improved genetic algorithm to
different images to obtain different thresholds for the Sobel
edge detection, and the resulting edge continuity is good, but
the noise immunity is poor, and the detection accuracy is
not high. Robertas et al. [25] used good random projection
and kernel density estimation to identify the outliers in the
two-dimensional projection of image point features as sig-
nificant image points, and the method can identify part of
the information content. Xie et al. [26] proposed an edge

detection algorithm to solve the blurring of edges and object
boundaries using a deep learning model with full convolution
neural networks and deep supervised networks. Li et al. [27]
combined the traditional operator and deep learning methods,
but this method needs to manually sort the samples according
to the relative value of the image classification probability,
which is manually labor-intensive and can not identify the
specific detail information.

Another part of the researchers will improve the algorithm
based on improving the noise immunity of the image
to improve the detection accuracy of the algorithm.
Topno et al [12] performed median filtering on the image
before the edge detection, filtered out the pretzel noise in the
image, and then detected the edge of the image by using the
Canny algorithm, which has a general effect. Sung et al. [13]
processed the image first using a bilateral filter that reduces
the blurring of image edges, then utilized the Canny oper-
ator, and finally processed the results using morphological
properties. The edge region obtained by this algorithm is
continuously faulted. Shekhar et al. [28] processed the image
using Gaussian filter and then chose different scales of Sigma
values and thresholds for edge detection. The algorithm
considered too few directions of information and the detec-
tion accuracy was average. Tian et al. [29] proposed a
weighted kernel paradigm minimization denoising algorithm
to improve the noise immunity of the Sobel algorithm so as
to optimize the edge detection effect. Although the algorithm
has strong noise immunity, it does not take into account the
multi-directional edge information of the image, and there is
still room for improvement in the edge detection effect of the
image.

The main purpose of this paper is to propose an edge detec-
tion algorithm for HRS images, especially for the problems
such as incomplete recognition of edge information and easy
omission of small region information. The presence of noise
in HRS images affects the integrity of edge detection, so in
this paper, a hybrid filter with total variation (TV) andwavelet
adaptive threshold denoising (WATD) is proposed for filter-
ing noise in HRS images to improve the noise immunity of the
algorithm. This paper also expands the direction template to
16 directions on the basis of the Sobel algorithm, proposes a
new type of 5×5 gradient template according to the different
weight distributions, and then refines the edges by using
non-maximum value suppression and 2D otsu thresholding to
obtain the final detection results. The experiment proves that
the algorithm has a good ability to suppress noise, can obtain
clear edges in noisy images, and has a good edge detection
ability, thus verifying the effectiveness and accuracy of the
algorithm.

In Section II, we describe in detail the hybrid total variation
and wavelet adaptive threshold denoising methods. We intro-
duce the novel 16-direction Sobel algorithm in Section III.
The results and analysis of different denoising methods and
different edge detection algorithms for different images are
obtained in Section IV and concluded in Section V.
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II. THE HYBRID DENOISING WITH WAVELET ADAPTIVE
THRESHOLDING AND TOTAL VARIATIONAL
The realization of HRS image denoising needs to maintain
image edges and important feature information in order to
achieve more accurate edge information detection. Wavelet
thresholding denoising is prone to cause edge blurring, and
the total variation denoising suffers from insufficient denois-
ing of smooth regions of the image. Therefore, we propose
a hybrid denoising method with total variation and improved
wavelet adaptive threshold denoising.

A. THE WAVELET ADAPTIVE THRESHOLDING DENOISING
The principle of wavelet thresholding noise reduction [30] is
to estimate the threshold value after wavelet decomposition of
the image containing noise, where the larger coefficients are
mainly real and useful information, while those smaller coef-
ficients are most likely to be noise information. The wavelet
coefficients associated with noise are processed using the
shrinkage principle, which means that the coefficients are
appropriately weighted or set to zero, and then the recalcu-
lated wavelet coefficients are combined with the image to
perform wavelet reconstruction, so that the denoised image
can be obtained [31].

It is assumed that the noisy image Y = (yn)n∈[1,n] is
an observation of the original image X = (xn)n∈[1,n], and
then Y = X + σ 2Z . Where, σ 2 is the noise variance and
Z = (Zn)n∈[1,n] is an independent identically distributed
Gaussian white noise. The noisy image after wavelet trans-
form can be represented in the wavelet domain as Wi =

Fi+σ 2Zi, i ∈ [1, n].Wi, Fi are the wavelet coefficients of the
noise-containing image and the original image, respectively,
and the white noise Zi remains white noise in the wavelet
domain after the white noise transform Zi. The correlation
process is then performed on Wi, and the denoised image Wi
is obtained by the reconstruction X ′ after the process.
The common shrinkage principles are soft threshold func-

tion and hard threshold function methods, where the soft
threshold function [32] is

W̃Soft =

{
sgn (W ) (|W | − T ) , |W | > T
0 , |W | ≤ T ,

(1)

and the hard threshold function [33] is

W̃Hard =

{
W , |W | > T
0, |W | ≤ T .

(2)

where, W is the wavelet transform coefficients of the noisy
image, W̃ is the wavelet coefficients processed by the thresh-
old function and T is the threshold value.
The image processed by the soft threshold function causes

some degree of blurring of edges and other phenomena. The
hard threshold function does not change the wavelet coeffi-
cients in this part, but it is not continuous at the threshold
point, and the image processed by this threshold function will
have oscillations and pseudo-Gibbs effect [33].

Therefore, a wavelet adaptive threshold denoising function
is proposed, which is expressed as follows:

W̃Adaptive =

{
sgn (W ) λ (|W | − φT )

0.
(3)

where, λ =


1 , |W | ≥ T
T

T−T0
, T0 ≤ |W |

0 , |W | < T0
< T ,T0 = θT , θ is a

random parameter, W is the wavelet transform coefficients
of the noisy image, W̃ is the wavelet coefficients processed
by the threshold function and T is the threshold value.

The wavelet adaptive thresholdingmethod is used to shrink
to 0, and the threshold function is adjusted by introducing
the weight function, which can keep the image edge details
and filter out the noise at the same time, so that the image is
smoother and has better continuity. At the same time, we use
the GGD model to estimate the threshold value, the coeffi-
cients of the subbands other than LL of the image wavelet
decomposition are basically symmetrically distributed near 0,
and a spike is formed at the zero point. Therefore, it can be
described by the zero-mean generalized Gaussian distribution
GGD [34]:

GGβ,σx (x) = C (β, σx) e−(∂(β,σx )|x|)β , (4)

where, −∞ < x < +∞, σx > 0, β > 0,

∂ (β, σx) = σ−1
x

[
0(3/β)
0(1/β)

] 1
2
, C (β, σx) =

β∂(β,σx )
20(1/β)

. 0 (t) =

−∞∫
0
e−uu(t−1)du is the 0 function, β is the shape parameter

of GGD, and σx is the standardized variance. Obviously,
β = 1 is Laplace distribution and β = 2 is Gaussian
distribution.

A threshold expression for the GGD model was given by
Chang et al. [35]:

T = σ 2
√

∂, (5)

where ∂ is the standard deviation of the signal,
√

∂ = 1/σx ,
and hence T =

rσ 2
n

σx
. σ 2

n is the noise variance, and r is the
adjustable parameter.

By utilizing the robust median estimate σ 2
n proposed by

Donoho [30]:

σ 2
n = Median (|Wx (i, j)|) /0.6745,Wx (i, j) ∈ HH1, (6)

For the standard deviation σx , the value of σx varies with
the scale, and the variance of the images at different spatial
locations within the same wavelet decomposition subband
varies with a large difference. Therefore, it is not reasonable
to use the same σx estimation within the same subband, which
can easily lead to the loss of image detail information. For
this reason, this paper adopts a variance estimation method
characterized by spatial local adaptation. It is assumed that
the variance of the domain coefficients of the wavelet coef-
ficients is strongly correlated, and the variance estimation
is performed based on the local domain information of the

VOLUME 11, 2023 135981



L. Shi, Y. Zhao: Edge Detection of HRRS Image Based on Multi-Directional Improved Sobel Operator

wavelet subband coefficients in terms of subbands. The cur-
rent wavelet subband coefficients are assumed as Wx (i, j),
and the variance of their local domain is defined as follows:

σ 2
y (i, j) =

1
M

∑
(k,r)∈N(i,j)

W 2
x (k, r), (7)

where, N (i, j) is the local domain window centered on
Wx (i, j) andM is the number of wavelet subband coefficients
in window N (i, j). The signal variance of the coefficients is:

σx (i, j) =

√
max

(
σ 2
y (i, j) − σ 2

n , 0
)
, (8)

The final adaptive optimal threshold T is obtained as:

T =
rσ 2

n

σx (i, j)
. (9)

B. THE TOTAL VARIATION MODEL DENOISING
The anisotropic diffusion equation of partial differential
equation is introduced into the total variation model [36] for
image denoising. While smoothing the noise, the edge can be
preserved and some details of the image can be preserved.

We assume that image X(i,j) is the original image, Z(i,j) is
the Gaussian noise, and Yn (i, j) is the image containing the
noise as shown in the following equation:

Yn (i, j) = X (i, j) + Z (i, j) , (10)

The total variant of the image X(i,j) is defined as [37]:

TV (X) =

∫
ω

|∇X |dxdy+
σ

2

∫
ω

(X − Xn)2dxdy. (11)

where, X is the image without noise, Xn is the observed noisy
image,

∫
ω

|∇X |dxdy is the regular term, which mainly serves

to suppress the noise.
∫
ω

(X − Xn)2dxdy is the fidelity term,

which mainly serves to retain the original characteristics of
the image in order to remove the noise as close as possible to
the original image σ > 0 is the parameter that balances the
regular term and the fidelity term.

The Eq.(11) is transformed into the solution of the equation
∂X
∂t = −div

(
∇X

|∇Xn|

)
+ σ (X − Xn), so as to solve the corre-

sponding functional Euler-Lagrange equation:

−∇

(
∇X

|∇Xn|

)
+ σ (X − Xn) = 0. (12)

According to Eq. (12), the diffusion coefficient is 1
|∇X |

.
In this paper, the number of iterations is set to 15 and 1

|∇X |
to

0.03. In the edge region of the image, the gradient modulus
is larger and the diffusion coefficient is smaller, thus better
protecting the edge information of the image. In the flat
region of the image, the gradient modulus value is smaller
and the diffusion coefficient is larger to smooth out the noise
in the image as much as possible.

C. HYBRID DENOISING WITH WAVELET ADAPTIVE
THRESHOLDING AND TOTAL VARIATION MODELING
The wavelet threshold denoising method can remove
Gaussian noise and has a very good effect in the flat area of
the image. However, selecting an inappropriate threshold will
excessively affect the wavelet coefficients, resulting in image
edge blur and image distortion. The total variation method
will not affect the image edge information, but the noise
processing effect in the flat area of the image is not good,
and the pseudo-edge phenomenon is easy to occur. Therefore,
we propose a hybrid denoising method of wavelet adaptive
threshold denoising and total variation model based on the
characteristics that wavelet threshold has good denoising
effect in flat area and total variation model can protect image
edge information. It can not only completely filter out noise,
but also the image edge information can be preserved with
better continuity.

The steps and method flow chart of wavelet adap-
tive threshold denoising and total variation model hybrid
denoising are as follows:

(1) Using wavelet adaptive threshold denoising and total
variation denoising model to denoise the HRS image con-
taining noise, the denoised image W and T are obtained
respectively.

(2) A layer of wavelet decomposition is performed on the
image W denoised by wavelet adaptive threshold denois-
ing method and the image T denoised by total variation
model using Haar’s small fundamental wavelet in wavelet
decomposition, respectively. And then a low-low frequency
decomposition sub-image CA1 and CA2, a low-high fre-
quency decomposition sub-image CH1 and CH2, a high-low
frequency decomposition sub-image CV1, CV2 and a high-
frequency sub-image CD1, CD2 are obtained, respectively.

(3) Choosing the low-frequency sub-image CA1 with good
denoising effect and the high-frequency sub-images CH2,
CV2, CD2 with complete edge information to form new
4 sub-images.

(4) Reconstruct the new 4 sub-images using wavelet
inverse transform to get the final image with complete edge
information and better denoising effect.

III. THE NOVEL 16-DIRECTION SOBEL OPERATOR EDGE
DETECTION
A. TRADITIONAL SOBEL OPERATOR
Assuming that the original image X function is P (x, y), the
gradient P′ (x, y) of the image at (x,y) is a vector representing
the direction and magnitude as shown in (13).

P′ (x, y) =
∂P
∂x
m+

∂P
∂y
n, (13)

where, m and n denote the horizontal vectors in the x and y
directions, respectively.

The edge data of image X at ( x, y ) is represented by the
amplitude Grad of the gradient operator. The amplitude Grad
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FIGURE 1. The flowchart of the hybrid denoising method of WATD and TV
modeling.

and the direction are shown as follows [17]:

Grad =

[(
∂P
∂x

)2

+

(
∂P
∂y

)2
] 1

2

, (14)

θ = arctan
[(

∂P
∂y

)
÷

(
∂P
∂x

)]
. (15)

We assume that the original image

X =

 f (x − 1, y− 1) f (x, y− 1) f (x + 1, y− 1)
f (x − 1, y) f (x, y) f (x + 1, y)

f (x − 1, y+ 1) f (x, y+ 1) f (x + 1, y+ 1)

 .

The vertical and horizontal gradients of the Sobel operator
are Gx and Gy [23], which denote the gray values of the
edge detection image in the vertical and horizontal directions,
respectively.

Gx = Sobelx × A

= f (x + 1, y− 1) + 2f (x + 1, y) + f (x + 1, y+ 1)

− f (x − 1, y− 1) − 2f (x − 1, y) − f (x − 1, y+ 1)

=

 1 0 −1
2 0 −2
1 0 −1

 , (16)

Gy = Sobely × A

= f (x − 1, y+ 1) + 2f (x, y+ 1) + f (x + 1, y+ 1)

− f (x − 1, y− 1) − 2f (x − 1, y) − f (x + 1, y− 1)

=

 1 2 1
0 0 0

−1 −2 −1

 . (17)

Thus, the horizontal and vertical convolution kernel tem-
plates for the Sobel operator are shown below.

The traditional Sobel operator calculates the extreme value
at the edge according to the weighted difference between the
upper and lower, left and right adjacent points, so as to detect
the edge and obtain a more continuous edge. Since the Sobel
operator only considers the gradients in the horizontal and
vertical directions, the edge gradient information is too little,
resulting in incomplete edge detection.

B. EDGE DETECTION ALGORITHM BASED ON
16-DIRECTION SOBEL OPERATOR
The traditional Sobel operator utilizes a convolutional kernel
of 3 × 3 size in the X and Y directions as a gradient tem-
plate, which can only detect the edges in the horizontal and
vertical directions, with low edge localization accuracy, and
some detail information is lost, making the edges somewhat
blurred. By extending Sobel to four direction detection tem-
plates of 0◦, 45◦, 90◦ and 135◦ [5] (as shown in Fig. 3),
the obtained edge information is significantly improved, but
there are still some problems of missed detection and poor
noise immunity. The common convolution kernel sizes used
for edge detection are 3×3, 5×5 and 7×7. The size of 5× 5
convolution kernel is more effective than 3 × 3 convolution
kernel in feature extraction. Under the same noise intensity,
the 5 × 5 convolutional kernel is more noise-resistant and
more suitable for remote sensing images containing more
complex feature information, realizing a smoother image
effect and helping to subsequently extract clearer edge fea-
tures. The features extracted by 5× 5 convolution kernel will
be more accurate than 7 × 7 size, 7 × 7 convolution kernel
will ignore some detailed information in the image, so it is
not the larger the convolution kernel the better. 7 × 7 size
convolution kernel will take longer to process the image,
it is not applicable to remote sensing images. Therefore,
we propose a new 16-direction 5× 5 size convolution kernel
as a gradient operator, the larger value of the center point of
the 5 × 5 size gradient operator can enhance the response
of the edge, and the change of the surrounding value controls
the sensitivity of the edge detection can capture the change
of more pixel values, and detect more subtle edges, providing
more accurate edge detection results. The 5 × 5 size of the
gradient operator can capture more information in the image,
and extend the operator templates to 0◦, 22.5◦, 45◦, 67.5◦,
90◦, 112.5◦, 135◦, 157.5◦, 180◦, 202.5◦, 225◦, 247.5◦, 270◦,
292.5◦, 315◦ and 337.5◦ for these 16 directions, iterating
multiple directions can obtain edge information in multiple
directions. This algorithm is verified by simulated images to
detect more complete edge information, continuous and clear
contour lines, and better noise immunity.

The common Sobel operator in Fig.2 is usually used for
natural images. The size of the convolution kernel is too close,
which is not suitable for HRS images containing complex
ground object information, and the edge information extrac-
tion of HRS images is incomplete. Therefore, according to
the different city distances from the template to the center
template at different positions, the weights under different
coordinates are related to the city distance. We propose a
novel Sobel operator with 5 × 5 convolution kernel in the 0◦

and 90◦ directions as shown in the following equation:

Sobelx =
[
1 4 6 4 1

]
∗


0

−1
0
1
0


VOLUME 11, 2023 135983
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FIGURE 2. The convolution kernel templates: (a) The horizontal 0◦

direction template. (b) The vertical 90◦ direction template.

=


0 0 0 0 0

−1 −4 −6 −4 −1
0 0 0 0 0
1 4 6 4 1
0 0 0 0 0

 , (18)

Sobely =


1
4
6
4
1

 ∗
[
0 −1 0 1 0

]

=


0 −1 0 1 0
0 −4 0 4 0
0 −6 0 6 0
0 −4 0 4 0
0 −1 0 1 0

 . (19)

The novel 5 × 5 convolutional kernel proposed in this
paper can capture more target pixel information, better detect
longer edges and larger object boundaries in HRS images,
and capture more detailed textures at the same time. The
5× 5 convolutional kernel has better robustness to noise and
subtle changes when processing images.

The new Sobel operator convolution kernel template for
different directions is obtained by rotating Sobelx in 16 direc-
tions as shown below:

The gray values of each pixel in 16 directions are combined
to obtain the gray value of each pixel in the image:

G =

√
G2
0 + G2

22.5 + G2
45 + · · · + G2

292.5 + G2
315 + G2

337.5.

(20)

The main steps of the multi- directional improved Sobel
operator (MISA) for the pre-processed image edge detection
method are as follows:

(1) The matrix [M ]n is used to represent the detection
templates in the above 16 directions, where n is the detection
direction of the template, and the value of n is 1, 2, · · ·, 16.

[M ]n =



Mn
−x,−y · · · Mn

−x,y
. . . . .

.

... Mn
0,0

...

. .
. . . .

Mn
x,−y . . . Mn

x,y


. (21)

(2) Assuming thatG (i, j) is a pre-processed denoised HRS
image, the matrix [G (i, j)]m is a 5× 5 size window matrix of

FIGURE 3. The convolutional kernel template: (a) 0◦ direction template.
(b) 45◦ direction template. (c) 90◦ direction template. (d) 135◦ direction
template.

the denoised HRS image, where m=5;

G (i, j)m=



g (i− x, j− y) · · · g (i− x, j+ y)
. . . . .

.

... g (i, j)
...

. .
. . . .

g (i+ x, j− y) · · · g (i+ x, j+ y)


.

(22)

(3) The 16-direction gradient operator detection tem-
plate [M ]n is sequentially shifted by one pixel position on
the remote sensing image G (i, j) in sequence, respectively.
Then convolve [M ]n and the corresponding window matrix
[G (i, j)]m with the following convolution operation:

Gn (i, j) =

k∑
−k

l∑
−l

g (i+ x, j+ y)Mn
x,y. (23)

where, Gn (i, j) is the value of the pixel at the center point of
the windowmatrix corresponding to the detection template in
the nth direction, and the value of n is 1, 2, · · ·, 16. The center
pixel point (i,j) is at a distance k from both sides of the image
in the horizontal direction and l from both sides of the image
in the vertical direction.

(4) To obtain the maximum of the absolute values of the
16 gradient values by comparison, which will be used as the
new pixel value of the center point (i,j) of the window matrix,
as follows:

g (i, j) = max [|gn (i, j)|] . (24)

(5) Using non-maximal suppression of output edges and
choosing the 2D Otsu thresholding method to set an appro-
priate threshold T, making a comparison of the gray scale size
with the gray scale value g (i, j) of the new pixel point.If the
size of the g (i, j) value is not less than T, the pixel point is
considered to be an image edge point and the pixel point is
output as 1 and otherwise is output as 0.

IV. EXPERIMENTAL RESULTS AND ANALYSIS
In this paper, the HRS images from Gaofen-1 and
WorldView-3 satellites are selected as the experimental data,
mainly for the purpose of realizing the accurate detection of
the edges of the HRS images, and extracting the information
of the image features. In order to remove the interference of
the atmosphere on image edge detection, we first selected the
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FIGURE 4. Sixteen directional convolutional kernel templates: (a) 0◦

inspection template. (b) 22.5◦ inspection template. (c) 45◦ inspection
template. (d) 67.5◦ inspection template. (e) 90◦ inspection template.
(f) 112.5◦ inspection template. (g) 135◦ inspection template. (h) 157.5◦

inspection template. (i) 180◦ inspection template. (j) 202.5◦ inspection
template. (k) 225◦ inspection template. (l) 247.5◦ inspection template.
(m) 270◦ inspection template. (n) 292.5◦ inspection template. (o) 315◦

inspection template. (p) 337.5◦ inspection template.

Gaofen-1 and WorldView-3 satellite images with 0% cloud
shadow as the dataset in this comparison experiment, and then
pre-processing operations such as atmospheric correction and

radiometric calibration were carried out on the dataset, so as
to remove the influence of the atmosphere and clouds on the
clarity of the images.

A. EFFECTIVENESS AND ANALYSIS OF DIFFERENT
DENOISING METHODS
The acquisition of HRS satellite images is prone to noise,
in order to verify the effectiveness of the novel total varia-
tion (TV) and wavelet adaptive thresholding (WATD) hybrid
denoising method proposed in this paper, the method pro-
posed in this paper and other four common denoising
methods [32], [33], [38], [39] are applied to four HRS images
for comparison experiments respectively. Test figure A is
a WorldView-3 satellite image of 395 × 532 pixel size
with 0.4m spatial resolution. Test figure B is a Gaofen-1
satellite image with 250 × 252 pixel size and 2m spatial
resolution. Test figure C is a WorldView-3 satellite image of
243 × 257 pixels. Test figure D is a 194 × 177 pixel size
Gaofen-1 satellite image. Test figure E is a 442 × 492 pixel
size WorldView-3 satellite image. The result maps obtained
from Test figure A, B, C, D, E according to different denois-
ing methods are shown in Fig. 5, 6, 7, 8, 9.

By analyzing the Fig. 5 - 9 visually, we found that the
hard threshold denoising method will have the phenomenon
of local jitter and discontinuity at the threshold, which will
interfere with the detection of edge information. The soft
threshold denoising method is continuous but has a large
error, and the color of the processed image is too dark, which
causes serious interference to the subsequent image edge
detection. The compromise threshold denoising method can
effectively filter out the noise, but introduces artifacts, result-
ing in localized distortion of the image and blurred edges.
Although the global threshold denoising method can retain
the image edge feature information, the denoising effect is not
good in the smooth part of the image. The novel hybrid total
variation and wavelet adaptive threshold method proposed in
this paper can not only retain the image edge feature informa-
tion, but also filter out the Gaussian noise without producing
artifacts.

In order to quantitatively analyze and compare the detec-
tion results of different denoising methods in the experiments
from the data, we measure the average degree of differ-
ence between the denoised image and the real image by
using the mean absolute error (MAE), the mean square
error (MSE) [40] and the normalized mean square error
(NMSE) [41].The smaller the MAE, MSE and NMSE, the
better the denoising effect is. Meanwhile, the signal-to-noise
ratio (SNR) [42] is utilized to measure the relative intensity
between the useful information and noise in the image, thus
reflecting the clarity of the image. The peak signal-to-noise
ratio (PSNR) [40], [43] is used as an image quality evaluation
metric to convert the image quality into a numerical value.
The higher the PSNR, the better the image quality and the
lower the distortion level. The data comparison and analysis
of the result graphs of Test figures A-E under different denois-
ing methods using the five evaluation indexes of MAE, MSE,
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FIGURE 5. The results of different denoising algorithms on the Test
figure A. (a) Image with Gaussian noise. (b) Hard threshold denoising
result graph. (c) Soft threshold denoising result map. (d) Folding
threshold denoising result graph. (e) Global threshold denoising result
map. (f) Novel TV and WATD hybrid denoising result plot.

NMSE, SNR and PSNR are shown in Table 1 - 5.

MAE =

m−1∑
i=0

n−1∑
j=0

|R (i, j) − P (i, j)|

m× n
, (25)

MSE =
1

m× n

m−1∑
i=0

n−1∑
j=0

[R (i, j) − P (i, j)]2, (26)

NMSE =

m−1∑
i=0

n−1∑
j=0

[R (i, j) − P (i, j)]2

m−1∑
i=0

n−1∑
j=0

[P (i, j)]2
, (27)

SNR = 10 log10

m−1∑
i=0

n−1∑
j=0

[P (i, j)]2

m−1∑
i=0

n−1∑
j=0

[R (i, j) − P (i, j)]2
, (28)

PSNR = 10 · log10

(
MAX2

R

MSE

)
. (29)

where, m is the total number of pixels in the real image R,
n is the total number of pixels in the denoised image P, and
MAXR is the maximum possible pixel value of the real image.
By comparing and analyzing the data in Table 1-4, the

hybrid denoisingmethod proposed in this paper has the small-
est MAE,MSE and NMSE and the largest SNR and PSNR on
both Test figure A-E, which indicates that the noise filtering
effect is the best, the image quality is the best, the distortion
is the lowest, and the impact on the detailed features of the
edges of the information in the image is the smallest.

FIGURE 6. The results of different denoising algorithms on the Test
figure B. (a) Image with Gaussian noise. (b) Hard threshold denoising
result graph. (c) Soft threshold denoising result map. (d) Folding
threshold denoising result graph. (e) Global threshold denoising result
map. (f) Novel TV and WATD hybrid denoising result plot.

FIGURE 7. The results of different denoising algorithms on the Test
figure C. (a) Image with Gaussian noise. (b) Hard threshold denoising
result graph. (c) Soft threshold denoising result map. (d) Folding
threshold denoising result graph. (e) Global threshold denoising result
map. (f) Novel TV and WATD hybrid denoising result plot.

B. RESULTS AND ANALYSIS OF DIFFERENT EDGE
DETECTION METHODS
We compare the edge detection algorithm proposed in this
paper with the common edge detection algorithms to con-
stitute a comparison experiment in order to verify that the
edge detection algorithm proposed in this paper has the best
detection effect. We choose the traditional edge detection
algorithms Canny [18] and Sobel [17], an ICA algorithm [12]
using median filter for noise filtering is proposed on the basis
of Canny algorithm, an algorithm for Hed [26] based on deep
learning, an algorithm combining Hed and Sobel detectors
(ISA1) [27], an improved Sobel algorithm with a 4-direction
3 × 3 convolution kernel (ISA2) [11] and an 8-direction
5 × 5 size of the improved Sobel algorithm (ISA3) [21]
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FIGURE 8. The results of different denoising algorithms on the Test
figure D. (a) Image with Gaussian noise. (b) Hard threshold denoising
result graph. (c) Soft threshold denoising result map. (d) Folding
threshold denoising result graph. (e) Global threshold denoising result
map. (f) Novel TV and WATD hybrid denoising result plot.

FIGURE 9. The results of different denoising algorithms on the Test
figure E. (a) Image with Gaussian noise. (b) Hard threshold denoising
result graph. (c) Soft threshold denoising result map. (d) Folding
threshold denoising result graph. (e) Global threshold denoising result
map. (f) Novel TV and WATD hybrid denoising result plot.

are respectively proposed on the basis of Sobel algorithm
for comparison experiments. We quantitatively analyze the
visual effect of the resultant maps of different edge detection
methods in comparative experiments as well as the data on
the selection of Eqs. (25)-(29), a quantitative metric of the
performance merits of an improved edge detection operator,
and the ROC curves [44].
Based on the objective quantized edge detection operator

metric proposed by Pratt [44], a new improved edge detection
operator quantization metric is proposed, as shown in the
following equation:

FOM =
1

max {PR,PA}

PA∑
P=1

1
1 + ∂d2

, ∂ =
1
9
. (30)

TABLE 1. Test figure A objective data results of different denoising
methods.

where, PR is the total number of edge pixel points in the real
edge image. PA is the total number of edge pixel points in
the actual detected edge image. ∂ is the scale factor. d is
the Euclidean distance from the line connecting the actual
detected edge points to the real edge points. The larger the
value of FOM, the better the detection performance.

We introduce the quantitative evaluation criterion of
accuracy error for evaluating the performance of edge detec-
tion algorithms. In order to verify the authenticity of the
detected pixels, ground truth edge images need to be utilized.
We assume that NTP and NFP are the total number of detected
true edge and false edge pixel points, respectively.Nedge is the
total number of edge pixels, andNNon−edge is the total number
of non-edge pixels. the larger the area AUC under the ROC
curve is, the higher the edge detection accuracy is, and the
closer the detection result is to the true value on the ground.
FPR and TPR are used as the horizontal and vertical axes of
the ROC curve, respectively.

TPR = 1 −
NTP
Nedge

, (31)

FPR =
NTP

NNon−edge
. (32)

The visual effect and quantitative metrics data of the Test
figure A for different edge detection algorithms are shown
in Fig. 10 and Table 6, respectively. Through analyzing the
results of different edge detection algorithms in the visual
effect of the preprocessed Test figure A, we can find that the
ISA1 and ISA2 can detect most of the edge information of
the image, but the output edges are wide, and it is difficult to
detect the edge information of the small region. ISA3 has too
wide output edges, with a large number of discrete points,
not enough smooth edges, and poor detection effect. The
boundary of Canny and ICA detection results is blurred from
the background data, and the data on the contour line ismessy,
there is still room for improvement. Sobel has a large number
of incomplete edge information detection problems, and the
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TABLE 2. Test figure B objective data results of different denoising
methods.

TABLE 3. Test figure C objective data results of different denoising
methods.

detection effect is not good. Hed can only detect the edges of
large buildings, can not recognize the details of small areas
of edge features, and the edge detection effect is not good.
TheMISA algorithm proposed in this paper has a good visual
effect and no noise. The contour is clear, the edge is fine, and
the anti-creation performance is good.

Analyzing the detection results quantitatively, we can find
that the edge detection algorithms proposed in this paper have
the lowest values of MAE, MSE, NMSE, and the highest
values of SNR, PSNR, which indicates that the resultant
map of MISA algorithm is the closest to the real edge map.
The value of FOM is the highest compared to the other
algorithms, which indicates that the detection performance
of MISA algorithm is the best, and the value of AUC is
the largest, which indicates that the edge detection results
are the most accurate. The FOM values of ISA1, ISA2, and
ISA3 algorithms are lower, although they can detect the edge
information of large buildings, but the edge line is too wide,
and it is difficult to detect the detail area. The values of
various evaluation indexes of Canny and Hed algorithms
correspond to the analyzed results of the visual effect, but

TABLE 4. Test figure D objective data results of different denoising
methods.

TABLE 5. Test figure E objective data results of different denoising
methods.

there is still room for improvement. The MAE, MSE, and
NMSE values of ICA algorithm are the largest, and the SNR,
PSNR, and FOM values are the smallest, which indicates that
ICA algorithm has the worst detection performance. Sobel
algorithm has lower FOM values and higher MAS, MSE,
NMSE values, which indicates that only using the gradient
information in the horizontal and vertical directions can not
accurately detect the feature information of complex remote
sensing images.

Through the analysis of the comparative experimental
results of the Test figure B in Fig. 11, we found that the
Sobel algorithm only can detect the edge features of large
buildings, and cannot detect the edge features of the detailed
feature information, with low detection accuracy. Although
ICA operator can detect a large amount of edge information,
but there are still a large number of leakage detection, the
detection effect is not good. The boundary between the con-
tour line and the background data of the detection results of
the Canny algorithm is blurred, the details can not be detected,
and the accuracy of the detection results is not high. Hed
detector can detect most of the edge information, but it is
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FIGURE 10. The results of different edge detection algorithms on Test
figure A. (A) Real edge map. (B) MISA algorithm. (C) Canny operator.
(D) Sobel operator. (E) ICA algorithm. (F) Hed operator. (G) ISA1 operator.
(H) ISA2 algorithm. (I) ISA3 algorithm.

weak for edge feature extraction of detail information. ISA1
can only detect the main edge features, which is not effective.
The output edges of ISA2 and ISA3 are too thick, and there
are a lot of noise points. The noise immunity is not high,
the detection effect is not good, and the detail information
processing is difficult. The MISA algorithm proposed in this
paper can detect a large amount of detailed information,
which is not disturbed by noise, and the visual detection effect
is the best.

Through the analysis of the comparative experimental
results using different evaluation indexes for the Test figure B
in the Table 7, we can find that the performance of the MISA
edge detection operator proposed in this paper is still the
best, the MAE, MSE, NMSE values of MISA are the lowest,
which indicates that the detected edge error is the smallest.
The SNR, PSNR values are the largest, which indicates that
the MISA operator has the lowest misdetections rate and the
best detection performance.The FOM values and AUC values
of MISA are the largest, indicating that the detected edge
image is the most similar to the real edge map on the ground
and has the best effect. By analyzing the seven evaluation

TABLE 6. The evaluation metrics of different edge detection algorithms
on the test figure A.

FIGURE 11. The results of different edge detection algorithms on Test
figure B. (A) Real edge map. (B) MISA algorithm. (C) Canny operator.
(D) Sobel operator. (E) ICA algorithm. (F) Hed operator. (G) ISA1 operator.
(H) ISA2 algorithm. (I) ISA3 algorithm.

metrics of Hed, ISA1, ISA2, and ISA3 algorithms, we find
that their edge detection results are worse than the MISA
algorithm, and there are some room for improvement. The
MAE, MSE and NMSE values of Canny and ICA algo-
rithms are too large, and the edge detection errors are very
large, which make the detection performance bad. The SNR,
PSNR values of Sobel algorithm is too low, and the detection
performance is bad.

Visually, we can find that in the Fig. 12 theMISA algorithm
is the closest to the real edge map of the ground, the edge
contour line is more fine, can detect a large number of detail
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TABLE 7. The evaluation metrics of different edge detection algorithms
on the test figure B.

FIGURE 12. The results of different edge detection algorithms on Test
figure C. (A) Real edge map. (B) MISA algorithm. (C) Canny operator.
(D) Sobel operator. (E) ICA algorithm. (F) Hed operator. (G) ISA1 operator.
(H) ISA2 algorithm. (I) ISA3 algorithm.

areas, the detection effect is the best, and the edge detection
accuracy is the highest. The Canny operator can detect a
large number of edge features, but for the detail areas of the
feature extraction ability is poor. The Sobel, ICA, and ISA3
algorithm detection results have a large error, the leakage rate
is too high. The Hed, ISA1 and ISA2 operators can detect
more edge features, but the output contour line is thicker, the
detail area features are fuzzy, and the detection effect is not
good.

TABLE 8. The evaluation metrics of different edge detection algorithms
on the test figure C.

Analyzing the edge detection results of different algo-
rithms in the Test figure C by using Table 8, the MISA
algorithm has the smallest values of MAE, MSE, NMSE,
and the largest values of SNR, PSNR, FOM and AUC. The
MAE, MSE, NMSE values of Canny and ICA algorithms are
the largest, indicating that the detection errors are larger. The
AUC values of ISA1, ISA2, and ISA3 algorithms are lower,
indicating that the detection results are different from the real
edge. The Sobel and Hed algorithms have too small SNR,
PSNR values, which indicates that the false detection rates
are too high and the detection performance are not good.

By analyzing the visual effect of the Test figure image D
in Fig. 13, we can find that the edge image detected by the
MISA algorithm is the closest to the real edge image, with
clear contour lines, and performs the best in terms of visual
effect. The Canny, Sobel, and ICA algorithms have a large
number of omissions in their visual effect, and there are faults
in the contour lines of the edges, so the detection effect are
not good. The Hed, ISA1, ISA2 and ISA3 can detect part of
the information, and the contour line are coarse and the effect
are not good.

The data analysis of different algorithm result maps in
the comparison experiments through Table 9. The MISA
algorithm proposed in this paper has the smallest values of
MAE, MSE, NMSE, and the largest values of SNR, PSNR,
FOM and AUC, which indicates that the detection result of
MISA algorithm is the closest to the real value of the ground,
and the detection edge error is the smallest, which is the same
with the result on the visual effect. The MAE, MSE, NMSE
values of Canny, Sobel, and ICA are larger, which indicates
that the edge detection errors are larger. The MAE, MSE and
NMSE values of Hed, ISA1, ISA2 and ISA3 algorithms are
slightly higher than those of MISA algorithm. And the SNR,
PSNR, FOM, and AUC values are lower than those of MISA
algorithm, so there are still room for improvement.

Visually, the MISA algorithm proposed in this paper is
the closest to the real edge map on the ground, the edge
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FIGURE 13. The results of different edge detection algorithms on Test
figure D. (A) Real edge map. (B) MISA algorithm. (C) Canny operator.
(D) Sobel operator. (E) ICA algorithm. (F) Hed operator. (G) ISA1 operator.
(H) ISA2 algorithm. (I) ISA3 algorithm.

TABLE 9. The evaluation metrics of different edge detection algorithms
on the test figure D.

contour lines are clearly visible, and the edge features are
also accurately extracted for the detailed areas around the
airplane. By observing Fig. 14, we can obviously find that
the edge detection results of Canny and ICA algorithms have
discontinuous contour lines. Sobel algorithm can detect the
main information edge, but the extraction of edge informa-
tion for the detail region is weak, there is some room for
improvement. Hed algorithm can detect the majority of the
edge information, but there are a large number of missed
detections, which affects the detection accuracy. The ISA1
can detect some of the edge features, but the edge contour
lines are thicker, which is not good. The ISA1 and ISA2

FIGURE 14. The results of different edge detection algorithms on Test
figure E. (A) Real edge map. (B) MISA algorithm. (C) Canny operator.
(D) Sobel operator. (E) ICA algorithm. (F) Hed operator. (G) ISA1 operator.
(H) ISA2 algorithm. (I) ISA3algorithm.

TABLE 10. The evaluation metrics of different edge detection algorithms
on the test figure E.

algorithm has very poor visual effect, and the edge detection
accuracy is not high.

By analyzing the data in Table 10, the MAE, MSE, NMSE
values of MISA are the smallest, indicating that the MISA
algorithm has the smallest error in detecting the edges. The
values of SNR, PSNR, FOM and ROC are the largest in
the comparative experiments, which indicates that the MISA
algorithm has the smallest false positive detection rate, is the
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most similar to the real edge maps on the ground, and has
the best detection performance. The Canny, Sobel, ICA, Hed,
ISA1 and ISA2 algorithms have larger MAE, MSE, NMSE,
which indicates that there is a large number of errors and
the results are not good. The FOM and AUC values of ISA3
algorithm are small, which indicates that the difference with
the real edge map is large and the detection performance is
ordinary.

In the comparison experiments, both in the visual effects
and qualitative analysis, the edge detection result maps of the
MISA algorithm proposed in this paper are the closest to the
real edge maps on the ground, with the highest edge detection
completeness, and clear and continuous contour lines.

V. CONCLUSION
According to the characteristics of HRS images which are
rich in a large amount of noise and feature information,
we propose a hybrid denoising method with total variation
and wavelet adaptive threshold, and a novel Sobel edge detec-
tion algorithm based on multi-directions to detect feature
edges on remote sensing images, so as to propose useful
feature information. No matter on the visual effect or data
analysis, the hybrid denoising filter proposed in this paper
has the best effect to filter out the noise while retaining the
image edge feature information without generating pseudo
edges. The multi-directional Sobel algorithm edge detection
algorithm proposed in this paper has the highest SNR, PSNR,
FOM and AUC values and the smallest MAE, MSE and
NMSE values in the comparison experiments, which indi-
cates that the algorithm in this paper is the most effective and
has continuous edges, strong noise immunity, and is more
effective in recognizing the detailed regions. The method
proposed in this paper lacks a high-level numerical model to
extract semantic features of images. In the future, we will
combine the deep learning neural network to realize the
elimination of texture interference.
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