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Abstract. Due to the susceptibility of images to various factors such as scale changes, imaging conditions, and
image noise, traditional feature point matching methods are difficult to achieve ideal matching accuracy,
leading to many challenges in the automatic analysis and processing of power tower images. To improve the
matching accuracy of similar feature points in aerial images of electric power tower, this study proposes a
method for matching similar feature points in aerial images of electric power tower based on a vertex ring
neighborhood, addressing the problem of large matching errors caused by factors such as scale and imaging
conditions. This method first adopts the feature point extraction technique of electric power tower image based
on decomposition and filtering, and constructs the Laplacian pyramid of the original image. Subsequently, filter
banks are used to decompose the pyramid image in different directions, extract local extremum points as
candidate feature point sets, and merge them to obtain the final feature point set. On this basis, taking into
account the spatial relationships and geometric characteristics around the feature points, a texture mapping
algorithm based on vertex ring neighborhood and patch classification is applied to construct a vertex ring
neighborhood structure and extract geometrically representative electric power tower features. Finally, by
using a texture feature point matching method based on the principle of similarity, the similarity between
the real-time image and the reference image features is calculated for matching, and combined with the Babbitt
coefficient to remove mismatched feature points, accurate matching of similar feature points in aerial electric
power tower images is achieved. The experimental results show that this method has a mean square error of
less than 0.1 Pixel in matching similar texture feature points of aerial power tower images under various work-
ing conditions, significantly improving the matching accuracy and providing an effective tool for automatic
analysis and processing of power tower images.

Keywords: Electric power tower, Aerial images, Vertex one-ring neighborhood, Similar feature point match-

ing, Laplace pyramid, Filters, Babbitt coefficients.

1 Introduction

The matching technology of similar feature points in aerial
images of electric power tower plays a crucial role in the
operation, maintenance, and monitoring of the power
industry [1]. However, this technology often faces many
challenges in practical applications. Due to differences in
image scale, imaging conditions, and other factors, the
feature point matching of aerial electric power tower images
often has significant errors, which not only affects the
accurate positioning of power facilities, but also may pose
potential risks to the safety monitoring of power lines
[2-4]. The change in image scale leads to changes in the
size fand position of feature points in the image, thereby
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affecting the accuracy of matching. Differences in imaging
conditions, including camera models, lens focal lengths,
exposure times, etc., also lead to changes in the expression
and distribution patterns of image feature points. In addi-
tion, factors such as changes in lighting, viewing angles,
and noise and distortion in the image can increase the diffi-
culty of feature point extraction and matching, making the
matching results susceptible to interference and resulting in
false or missed matches. During the inspection process of
power towers, if the matching of image feature points is
inaccurate, it will cause inspection personnel to be unable
to accurately determine the status of the tower, thereby
missing the timely detection and handling of potential
safety hazards. In addition, although some existing feature
point matching methods can achieve the extraction and
matching of image feature points to a certain extent, there
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are still some shortcomings. Some methods generate feature
descriptors with high sub dimensions, which increases the
difficulty of storage and matching; Some methods encode
image features into fixed length binary strings, resulting
in the loss of some detailed information; There are also some
methods that mainly describe based on the grayscale differ-
ences of images, which cannot fully capture the complex
texture and detail information of images. These issues have
limited the widespread application of feature point match-
ing technology in the power industry.

In the process of image feature point extraction and
matching, some existing feature point matching methods
have been studied at a certain level. For example, Sourabh
et al. [5] studied the Scale-Invariant Feature Transform
(SIFT) based optical remote sensing image matching
method. By extracting key points in the image and generat-
ing feature descriptors with rotation and scale invariance
high precision matching is realized in remote sensing images
with different viewing angles and scales. However, the
feature description sub dimension generated by SIFT algo-
rithm is higher, usually reaching 128 dimensions or higher.
This increases the difficulty of storage and matching. De
et al. [6] studied a real-time aerial image mosaic matching
method based on parallel hash. This method extracts fea-
tures from each aerial image through parallel computing,
codes the extracted features, converts high-dimensional fea-
ture vectors into low-dimensional hash codes, and quickly
finds potential matching pairs by comparing the similarity
between different image hash codes. But the hash method
usually encodes image features into fixed length binary
strings, which may lead to the loss of some details. And if
there are serious problems such as blurring, noise or distor-
tion in aerial images, it may lead to inaccurate hash coding,
thus affecting the matching effect. Meddeber et al. [7]
proposed an image feature matching method based on the
fast Haar-k nearest neighbor algorithm when studying the
photometric and geometric stitching problems of remote
sensing images. Using the efficient calculation of Haar fea-
tures and the k-d tree data structure, they realized fast
matching of image features, and had certain robustness to
interference factors such as light changes, scale changes,
and partial occlusion in the image. Through reasonable fea-
ture extraction and matching strategy, it can achieve more
stable matching results in complex environments. However,
Haar features are mainly described based on the gray differ-
ence of the image, which may not fully capture the complex
texture and detail information of the image. In practical
applications, appropriate feature extraction and matching
algorithms need to be selected according to specific needs
and scene characteristics to achieve better matching results.
Ekanayake and Lei [§] studied the point matching method
based on Support Vector Regression (SVR). SVR algorithm
can achieve accurate fitting of image feature sample data by
finding the optimal hyperplane, so it has high accuracy in
point matching tasks. The performance of SVR algorithm
is affected by many parameters, such as penalty coefficient,
kernel function parameters, etc. The selection of parameters
needs to be adjusted and optimized according to specific
tasks, otherwise the matching performance may be
degraded or unstable. Luo [9] proposed a path planning

method for climbing robots based on 3D CAD models to
address the problems of low intelligence and low work
efficiency during power tower maintenance and repair. This
method extracts geometric information from SAT files,
constructs tower skeletons using OPENGL, and imple-
ments global path planning, significantly improving intelli-
gence and work efficiency. But this method relies on the 3D
CAD model of the power tower, and the accuracy of the
model directly affects the accuracy and reliability of path
planning.

Based on the shortcomings of existing research, this
paper proposes a method for matching similar feature
points of aerial electric power tower images based on vertex
ring neighborhood to improve the matching accuracy of
similar feature points. Firstly, by delving into the local
and global information of image feature points, more robust
feature descriptors are constructed to improve the accuracy
and robustness of matching; Secondly, by utilizing the
vertex ring neighborhood structure, the spatial relation-
ships and geometric characteristics around the feature
points are fully considered, further enhancing the expressive
power of the feature descriptors; Finally, by combining the
texture feature point matching method based on the princi-
ple of similarity and the Babbitt coefficient to remove mis-
matches, high-precision matching of power tower images
was achieved under different scales and imaging conditions.
In summary, the proposed method for matching similar
feature points in aerial power tower images based on vertex
ring neighborhood aims to construct more robust feature
descriptors by deeply mining the local and global informa-
tion of image feature points, in order to achieve high-
precision matching of power tower images under different
scales and imaging conditions, and provide strong support
for intelligent operation and maintenance in the power
industry.

2 Aerial electric power tower image similar
feature point matching method

2.1 Decomposition and filtering based feature point
extraction method for aerial electric power tower
images

The Laplace decomposition of the aerial electric power
tower image will be continuously subband decomposition
of its bandpass image, and when the directional filter bank
is applied to these bandpass subbands, it can be decom-
posed into directional subbands, and then the directional
information can be effectively obtained [10]. Although the
directional filter bank can realize the multi-directional
decomposition of the image, but due to its lack of multi-
resolution characteristics, the low-frequency component of
the image is not well handled, and if the directional filter
bank is used directly to decompose the image, the low-
frequency information will be unevenly distributed into
the various directional subbands [11]. In the electric power
tower image, most of the feature information exists in the
middle and high frequency regions, so the low frequency
part will weaken the ability to capture the directional
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information, and the usual processing method is to remove
the low frequency component of the image [12]. The most
direct way to solve this problem here is to remove the
low-pass component.

In order to extract the feature points in different scales
and directions of the aerial electric power tower image, the
Laplace pyramid of the original image is constructed,
the low-frequency components are removed [13], and the
Laplace pyramid is decomposed in multiple directions
using a multidirectional filter bank to extract the feature
points in the subbands of each direction. Laplacian pyramid
is a multi-resolution image representation method that
constructs a series of image layers of different scales by per-
forming continuous Gaussian smoothing and downsampling
operations on the image. Each layer of the image represents
the information of the original image at a certain scale.
Firstly, starting from the original image, a Gaussian pyra-
mid is constructed through a series of Gaussian smoothing
and downsampling operations. Each layer of the Gaussian
pyramid is obtained by Gaussian smoothing and downsam-
pling the image from the previous layer. Each layer of the
Laplacian pyramid is calculated by subtracting the current
layer image from the previous layer image of the Gaussian
pyramid. This difference image represents the high-
frequency part of the image at the current scale, namely
the edges and details of the image. In the Laplacian
pyramid, the bottom layer contains most of the detailed
information of the image, while the higher layers, the more
blurry image becomes, representing more low-frequency
information. In practical operation, removing low-frequency
components is achieved by simply ignoring the upper layers
of the Laplacian pyramid. These upper layers mainly
contain low-frequency information of the image, which is
not necessary for feature point extraction and may even
introduce interference. Therefore, in subsequent processing,
only focus on layers that retain high-frequency information.
In order to remove low-frequency components, it is chosen to
only retain the high-frequency part of the Laplacian pyra-
mid and ignore the upper layer containing low-frequency
information. In practical applications, based on the charac-
teristics of the image and analysis requirements, the number
of reserved layers can be selected to fully reflect the struc-
tural information of the power tower. After removing the
low-frequency components, perform multi-directional
filtering on the retained high-frequency parts. A multi-
directional filter bank decomposes an image into multiple
directional sub bands, each containing information about
the image in that direction. Perform feature point detection
in various directional sub bands to extract significant struc-
tural or key points. Due to the fact that feature points may
have responses in different directions, but the response posi-
tions may deviate, it is necessary to merge and optimize the
extracted multi-directional candidate feature points. By set-
ting a sliding window, merge the candidate feature points
within the window, and determine the final feature point
position based on their weights and coordinates. During
the filtering process, some feature points only respond
significantly in one direction, and cannot be extracted or
have weak responses in other sub bands. These points are
identified as isolated points. Isolation points are caused by

noise or specific textures in the image, which may not be
very helpful for subsequent image analysis or recognition
tasks, and are therefore removed during the merging
process.

The Laplace pyramid decomposition [14] was performed
on the original aerial electric power tower image, and then
for the wth layer image in the pyramid, perform multidirec-
tional decomposition, get the decomposed image on direc-
tion b. Denote the image obtained from the above process
as A" and then extract the local poles as candidate feature
points. In this paper, the extracted feature points of aerial
electric power tower image are defined to satisfy:

Q' (2, ) = {<x, 0| 2 = 2N y>} 1)
Ny =3 3 AL 2

Among them, v(w@, w) is the size of the feature point extrac-
tion window; the @, is the lower threshold. N’(=,y) is
the set of candidate feature points extracted in the direction
b of layer w, the final full set of feature points obtained as
Q" (z,y); (4, j) is pixel pairs.

The feature points in different directions are obtained
by filtering, usually a feature point can respond in different
directions, due to the feature point extraction in different
directions, the position of the same point responding in each
direction will have deviation, in order to merge these feature
points, it is necessary to extract the set of 8-direction
candidate feature points N Z,(x, y) perform merge optimiza-
tion [15].

Set the sliding window of size v X w, if the value of the
window is too small (e.g., 3 x 3 pixels), the candidate
feature points extracted in each direction cannot be com-
pletely merged, and if the value of the window is too large
(e.g., 7 x 7 pixels), it is easy to contain the isolated noise
points extracted, so a sliding window of 5 x 5 pixels can
be used to merge the feature points in each direction and
reduce the interference of the isolated points.

Suppose there are four candidate feature points in a
window of size 5 Xx 5 pixels, 2 candidate points
@ € N°(2,9), ¢,y € N°(x,y), on the direction b = 1 are
extracted, merge the candidate points in the same direction,
and get g, € N f’u(:r, y), determine its weight as 2, then
merge the candidate points in other directions and deter-
mine the weights, and finally determine the final location
of the feature point based on the weights and coordinates
of the merged points in each direction [16]. Generally, set
the window with ¢ candidate feature points, which are
taken from ¢ directions, where in the filtering direction b,
can extract g, candidate feature points. If ¢ > J, combine
N’ (x,y) and get its sub-pixel coordinates as:

@) = (E2E) =120 @

&p &
After the candidate feature points in the same direction
are merged, the sub-pixel coordinates of the feature points
are then determined from the merged points in each
direction as:
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(20, 4) = (¥7%)

The Laplace transform is performed on the aerial electric
power tower image to obtain the high frequency portion.
In the process of performing the filtering a portion of the
feature points respond only within a certain direction, i.e.,
when ¢ = 1, the point cannot be extracted in other direction
subbands, these points are labeled as isolated points [17]. In
image processing, especially when filtering aerial images of
power towers, the formation of isolated points is an impor-
tant phenomenon. Firstly, Laplace transform is applied to
aerial images of power towers to extract high-frequency
information, such as edges and details, from the images.
These high-frequency components contain the structural
information of power towers, including their lines, edges,
etc. Next, filter the extracted high-frequency part. The
filtering here includes directional filtering, bandpass filter-
ing, etc., aiming to further extract specific directional infor-
mation from the image. In the process of directional
filtering, the image is decomposed into multiple directional
subbands, each containing information about the image in
that direction. Perform feature point detection in various
directional subbands. Feature points are prominent struc-
tural or key points in an image that have high contrast or
specific geometric characteristics. When a feature point
has a significant response only in one directional subband
and cannot be extracted or has a weak response in other
directional subbands, it is judged as an isolated point.
The formation of isolated points is due to certain specific
structures or texture information in the image being only
prominent in one direction, while being suppressed or
blurred in other directions. After identifying the isolated
points, further processing is carried out to obtain the final
feature point set of aerial power tower images. Use a merg-
ing process function to integrate feature point information
from various directional subbands. This function weights
or filters feature points based on their strength, position,
direction, and other attributes to obtain a more accurate
and stable set of feature points. During the merging process,
remove feature points that have been identified as isolated
points. Because isolated points are only caused by noise or
specific textures in the image, they may not be very helpful
for subsequent image analysis or recognition tasks. After
merging and removing isolated points, the final feature
point set of aerial power tower images was obtained. This
feature point set contains significant and stable structural
information in the image, which is used for subsequent
image matching, recognition, or analysis tasks. Then the
final aerial electric power tower image feature point set is
determined as:

(4)

8

Qw(wv y) = ﬂ (xbv yb)f(@z;(wa y)) . (5)

b=1
Among them, fis the merge process function.

2.2 Texture mapping algorithms based on vertex one-
loop neighborhood and facet classification

Considering the set Qu(x, y) of image feature points
extracted in Section 2.1, the feature points cannot directly

reflect the geometric characteristics of the original image
target. In the decomposition and filtering method, the
extracted feature points may be unevenly distributed in
the image, leading to sparse feature points in some regions,
while in other regions, feature points are dense, affecting the
accuracy of subsequent feature matching and positioning.
One ring neighborhood of a vertex [18] is an important con-
cept in graph theory, computer graphics, computer vision
and other fields. It describes the set of vertices directly adja-
cent to a given vertex in a graph or grid structure, and the
connection between these vertices and a given vertex. The
texture mapping method based on vertex loop neighbor-
hood and triangular patch classification plays an important
role in the matching of similar feature points of aerial elec-
tric power tower images. This method takes into account
the spatial relationship and geometric characteristics
around the feature points, which helps to extract more rep-
resentative and robust features. Therefore, this paper uses a
texture mapping algorithm based on vertex loop neighbor-
hood and patch classification to map and extract texture
feature points with spatial and geometric features from
the feature point set of aerial electric power tower images
for subsequent feature point matching.

The triangular faceted slice classification technique
further enhances the accuracy of texture mapping, which
can better capture and represent the local details and shape
features of the image by texture mapping the feature points
of the aerial electric power tower image when the target of
the aerial electric power tower image has deformation. This
method is especially suitable for aerial electric power tower
images, because the structure of the electric power tower
often has clear geometric shape and texture features. These
geometric and texture features can be more accurately
described by triangular facet classification and play a key
role in the matching process [19].

In this paper, the initial aerial electric power tower
image feature point data is processed before the similar fea-
ture point matching the aerial electric power tower image.
The main purposes of processing this data are:

2.2.1 Find the one-ring neighborhood of each vertex
in the feature points of the aerial electric power
tower image

In the set of feature points Q,(z, y), vertex @ its one-loop
neighborhood of the red vertex consists of all the neighbor-
ing vertices that are directly connected to it, as shown in
Figure 1. The one-ring neighborhood of the red vertex con-
sists of six blue vertices, and the three pink vertices do not
belong to the one-ring neighborhood of the red vertex.

2.2.2 Classification of triangular facets

The specific criteria and process for classifying triangular
facets are based on their geometric characteristics and their
representation in three-dimensional models or images.
Generally speaking, the classification of triangular facets
is based on their pose, intersection, or other geometric
properties. In pose based classification, a fully horizontal
triangular patch is a triangular patch with three com-
pletely horizontal edges. This type of surface is stable on



The Author(s): Science and Technology for Energy Transition 80, 3 (2025) 5

Fig. 1. Vertex one ring neighborhood.

a horizontal plane and is not easily deformed by gravity. A
horizontal triangular surface is a triangular surface with
only one side parallel to the horizontal plane. This type of
patch has one edge in a suspended state and requires addi-
tional support. A regular triangular surface is a triangular
surface with three sides that are not parallel to the horizon-
tal plane. These types of patches have more complex
geometric shapes and contain more shape features. In the
classification based on intersection (assuming intersection
with the slice plane), completely non intersecting triangular
facets are triangular facets that do not intersect with the
slice plane. A triangular surface with intersecting vertices
is a triangular surface with only one vertex intersecting
the slice plane. A triangular surface with two intersect-
ing vertices is a triangular surface with two vertices
intersecting the slice plane. A triangular surface with a
vertex and an edge intersecting is a triangular surface with
a vertex and an edge intersecting the slice plane. A triangu-
lar surface with two intersecting edges is a triangular
surface with two edges intersecting the slice plane. A trian-
gular surface with three intersecting vertices is a triangular
surface with all three vertices intersecting the slice plane. In
the classification based on the direction of the normal vector
(for 3D models), the horizontally downward triangular sur-
face is parallel to the normal vector and Z-axis, and the sur-
face is in an absolute suspended state. The downward
sloping triangular surface is at a certain angle between
the normal vector and the Z-axis. When the angle is less
than a certain threshold, a support structure needs to be
added. By classifying, different types of triangular patches
can be more accurately identified, thereby capturing and
representing local details of the image more precisely. In
the power tower image, the complete horizontal triangular
patch represents the bottom or platform part of the tower,
while the inclined triangular patch represents the slant sup-
port or inclined part of the tower. In 3D modeling, the con-
struction process of the model is optimized through
classification. For triangular facets that require the addition
of supporting structures, they should be identified and pro-
cessed in advance during the modeling process to avoid
deformation or collapse during printing or manufacturing.
Different types of triangular facets have different shape
characteristics. By classifying, more effectively extracting
and utilizing these features to enhance the representational
power of images or models. In image processing, the classi-
fication information of triangular patches is used to extract
feature information such as edges, contours, or textures.

2 4 6

Fig. 2. Initial patch classification.

Different types of triangular facets have different shape
characteristics. By classifying, more effectively extracting
and utilizing these features to enhance the representational
power of images or models. In image processing, the classi-
fication information of triangular patches is used to extract
feature information such as edges, contours, or textures.

Since each facet that constitutes the initial aerial electric
power tower image is a triangular facet, thus the facets are
categorized into four classes in this paper. As shown in
Figure 2, the red rectangular dots indicate the set of feature
points Q(z, y) directly access to vertices with valid texture
information.

For individual vertices that cannot obtain effective
texture due to occlusion, deformation, etc. [20], the approx-
imate texture information of these points will be solved
using a texture mapping method based on the one-ring
neighborhood of vertices and facet classification. In this
paper, the approximate texture information is obtained
by solving the approximate texture coordinates of a vertex
[21]. During the texture mapping process of aerial images of
power towers, due to factors such as occlusion and deforma-
tion, the texture information of some feature points cannot
be directly obtained. To solve this problem, a texture map-
ping method based on vertex ring neighborhood and patch
classification is adopted. Vertex ring neighborhood is an
important concept in graph theory, computer graphics,
and computer vision, which describes the set of vertices
directly adjacent to a given vertex in a graph or mesh struc-
ture, as well as the connection relationships between these
vertices and the given vertex. In aerial images of power
towers, the vertex ring neighborhood of feature points
contains other directly connected feature points, and the
spatial relationships and geometric characteristics between
these feature points are crucial for extracting representative
and robust texture features. Patch classification technology
further enhances the accuracy of texture mapping. In aerial
images of power towers, each patch is treated as a patch
and classified based on its geometric shape and texture fea-
tures. By classification, the geometric shape and texture
features of power towers can be more accurately described
which plays a key role in the subsequent texture mapping
process. When a feature point cannot directly obtain
texture information due to occlusion or deformation, the
texture information of other feature points in its vertex ring
neighborhood is used for approximation. The distance
between the feature point and each feature point in its
vertex ring neighborhood, and assigning different weights
based on the distance size. Then, using these weights and
the texture information of adjacent vertices with known
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texture coordinates, the approximate texture coordinates of
the feature point are solved through a weighted average
method. Firstly, feature points are extracted from aerial
images of power towers and classified based on their geomet-
ric shape and texture features. For each feature point,
construct its vertex ring neighborhood, that is, find other
feature points directly connected to it. For feature points
that directly obtain texture information, record their
texture coordinates; for feature points that cannot directly
obtain texture information, approximate solutions are
obtained using the texture information of other feature
points in their vertex ring neighborhood. Map the calculated
texture coordinates onto the corresponding feature points to
form a complete texture mapping map. After the texture
mapping is completed, methods such as the Babbitt coeffi-
cient are used to remove mismatched points to ensure the
accuracy of feature point matching. The approximate
texture coordinates are solved as follows:

Assuming the vertices, the @ is the set of feature points
of the aerial electric power tower image Q,,(z, y) in which a
valid texture-informative vertex with residual information,
which is contained in a one-ring neighborhood, is contained
m vertex, denoted as ¢(1 < j < m), the distance between
vertex () with the vertices @), is C, the smaller the value
C,, vertex @) the closer the texture coordinate values are
to the vertices (); texture coordinates, which means the
closer the texture information of the two vertices is. How-
ever, if only the texture coordinates of the two vertices
are used, the C; takes the minimum value when the vertex,
the @); texture coordinates, to approximate the vertices @
texture coordinates, which will produce a large error. For
this reason, in this paper, we synthesize the vertices, the
@ in a one-ring neighborhood that have all vertices reason-
able texture coordinate values ([0, 0] ~ [1, 1]) (i.e., texture
information is known) to compute the approximate texture
coordinates of the vertices Q.

Set the approximate texture coordinates for the vertices
Q(uz, uy, uz) in the feature point set to Q(hz, hy), which is
solved for using the following equation Q(hx, hy), which
gives the vertex () of all the approximate texture coordi-
nates, to get all the texture features " of the one-ring neigh-
borhood of the vertices of the representative electric power
tower image. Among them, «, denotes the impact factor,
the smaller the C,, the larger the value of impact factor o,

c,
RiRE) o
QUiz, ) = 3 2, ( Qs Q) (7)

Among them, @y, and Qj, are the jth approximate texture
pixel coordinates, the j € m.

The innovation and advantage of this method is that
the problem is not solved by processing the texture image,
but by calculating the approximate texture coordinates of
the vertices in the feature point set Q.(z, y), and then
obtaining their approximate texture information, so as to
extract the geometric representative texture characteristic
points of the aerial electric power tower image.

2.3 Texture feature point matching based on the
similarity principle

Considering that the methods based on vertex one-loop
neighborhood and face-sheet classification may involve a
large number of computations and complex data process-
ing, in order to improve the speed of final feature point
matching, the relative stability of triangles is utilized to
introduce them into the feature matching algorithm. In this
paper, two triangles are constructed in the real-time graph
and the reference graph, respectively, by the hexadecimal
group, and the principle of similar triangles is utilized to
design a new feature matching method. Firstly, using the
method described in Section 2.2, extract texture feature
points from both the real-time image and the reference
image. These feature points usually have significant texture
information and high contrast, which is beneficial for the
subsequent matching process. Select three texture feature
points from the real-time image and reference image respec-
tively, and construct two triangles. According to the princi-
ple of similar triangles, if two triangles are similar, the
proportion between their corresponding sides should be
equal, and the degree between their corresponding angles
should be equal. In practical applications, due to the scaling
and rotation changes in images, matching is performed
using the characteristic that these changes do not affect
the similarity of triangles. Determine whether two triangles
are similar by calculating their side length ratio and angle
relationship. If they are similar, then the points in the
real-time graph match the points in the reference graph.
By utilizing the relative stability of triangles for feature
matching, complex calculations and data processing pro-
cesses are avoided, thereby improving the Matching Speed
(MS). The principle of similar triangles makes this method
highly adaptable to image scaling and rotation changes,
and to some extent overcomes the interference of image
deformation and noise. By constructing multiple triangles
for matching verification, the accuracy of matching can
be further improved and the false matching rate can be
reduced.

Combined with the principle of similar triangles, assum-
ing in the real-time graphs ¢, the texture feature points of
the three vertices obtained by the method mapping in
Section 2.2 are ; € Q", @ € Q" and @, € Q", the
matched points in reference chart P are, respectively P;
P, and P,. Then in the real-time graph ¢, regardless of
the presence or absence of proportional and rotational
changes, the triangle formed by @), @ and @, with the
triangle formed by P;, P, and P, should all be similar.

The sides of the two triangles can be expressed sepa-
rately as:

Aij = Qj - Qk
AQ]'U = Qj - Q@ (8)
AQ}C’U = Qk - Q’u
APy =P;— Py
AP, =P;,— P, . (9)

Aphu:Ph_Pu
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Then, by the principle of similar triangles, there should

have:
||APihr|| HAPWH ||APhu||

(10)

For each hex (Q;, P;, Qy, Py, Q. P,), define the similarity of
the two triangles, set y;i(v, w) is when the aerial electric
power tower image feature points, the @); and P; paired
and @), and P, paired, the similarity of the triangle formed
by @, Qrand @, with the triangle formed by P;, P, and P,

Hypothesis y;(v, u) is zero, then it is denoted the trian-
gle formed by an aerial electric power tower image feature
point @, @ and @, with the triangle formed by P; P
and P, are exactly similar, i.e., they represent the pairs of
feature points of the aerial electric power tower image
(Qu, P,) should be given (Qj, P;, Qr Pj) with maximum
support. Along with y,(v, u) increase, the degree of sup-
port should decrease.

Make the degree of support for (Q,, P.) to (@, Pi Q
Py) is:

1
1+ ’Vjikh(Qm PU)}Z .

In the formula, (@, P,) represents the similarity differ-
ence between the triangle composed of feature points i, j, &,
h and the triangle composed of feature points. The value of
support 7(jun( @ Pu)) is between 0 and 1, with a larger
value indicating that the two triangles are more similar
and have higher support.

Requires that when the aerial electric power tower
image feature points, the (); and P; paired, and when @
and P; paired, @), only matches the P, with the greatest
support for (Q;, P;, Qk, Pp), which can obtain the support
degree maxn(jus( Q. P,)). Take the average of the sums
P,, obtained the initial match metric value (Q;, P; Q
P h) is:

RO(Q]'7P7?7 Qk:7 Ph) = Z maXn(Vjikh(Qm Pu)) (12)

vFEjvEk

"(ij]kh(Qm Pu)) (11)

The initial matching metric value RU(QJ, P;, Qp, Py) is cal-
culated by averaging the support of all possible triangle
combinations.

The initial matching measure of the feature point to the

(Q; P)) is:
Rg(@ja PL) = max RO(Qj7 P’i7 Qk? Ph)~ (13)

In the sth iteration, the (Q,, P,) to (@} P;, @k, Pp) the value
of the matching metric, while relying on the difference in
position between @, and P,, and the initial match metric
value R*'(Q,, P,) at the s — 1th iteration. In order to
reflect the interaction of these two factors, the smallest of
them is taken, so that the value of the matching measure is:

Ri(Qm Pu) = Imax RS(Q]" Pia Qka Ph)~ (14)

The matching metric value R:(Q,, P,) is the smaller of the
positional difference and the initial matching metric value,
which reflects the combined effect of positional and initial
matching metrics.

In order to avoid the problem caused by the improper
selection of the threshold c,, the basic point relaxation algo-
rithm can use the following method to determine whether
the iteration of the matching measurement ends.

Definition:

n m n m

=220 > D IR(Q Pi Qu Pa) = RTHQ Py Qi P

j=1 =1 k#j k#i

(15)

Among them, n represents the total number of feature
points in the reference map. Then when ¢, < A, iteration
terminated. 1 is a predetermined very small positive
number.

In order to avoid the problem of mis-matching, this
paper introduces the Bartlett’s coefficient to eliminate the
mis-matched points. The Babbitt coefficient calculates the
similarity between two feature points by comparing their
kernel weighted Hu histograms. Hu histogram is a com-
monly used image feature representation method, which is
calculated based on the moment features of the image and
has rotation, scaling, and translation invariance. Kernel
weighting is used to enhance the local information of feature
points and improve the accuracy of matching. When the
kernel weighted Hu histograms of two feature points are
more similar, their Babbitt coefficients are closer to 1. This
means that the more consistent the representation of these
two feature points in the image, the more likely they are
to be the correct matching pair. On the contrary, if the
Babbitt coefficient of two feature points is low, their similar-
ity is low and they are mismatched feature points. In order
to eliminate mismatched feature points, a threshold is set to
distinguish between feature points with high similarity
(correct matching) and feature points with low similarity
(false matching). Due to differences in feature point distribu-
tion and similarity between different images, using a fixed
threshold is not always effective. To solve this problem,
the dynamic threshold is calculated based on the distribu-
tion of the Babbitt coefficient. Firstly, calculate the Babbitt
coefficients of all matching feature points and sort them.
Then, observing the sorted Babbitt coefficient array, it
was found that the Babbitt coefficients of mismatched
feature points are usually much lower than those of other
feature points. Therefore, utilizing this feature to construct
a template and calculate the gradient of the Babbitt coeffi-
cient array. The gradient reflects the rate of change of the
Babbitt coefficient array, that is, the change in feature point
similarity. By selecting the maximum gradient as the thresh-
old, it effectively eliminates the mis-matched points with
Babbitt coefficients much lower than other feature points.
This is because the maximum gradient usually marks a
significant change in the similarity distribution, which is
the boundary between correct and incorrect matches.

The value of the Babbitt coefficient lies within 0~1, and
the higher its value, the higher the similarity of the feature
points of the aerial electric power tower image, the calcula-
tion method of the Babbitt coefficient ¢ is:

0
c=1c.> \/$,Po (16)



8 The Author(s): Science and Technology for Energy Transition 80, 3 (2025)

Among them, ¢, P, represent the kernel weighted Hu
histogram of the overlapping area of feature points after
the initial matching of similar feature points of aerial elec-
tric power tower images. o € O is the total number of
matched aerial electric power tower image feature points.
The value of the Babbitt coefficient ¢ is between 0 and 1,
with higher values indicating that the two feature points
are more similar.

After the calculation of o, it is necessary to calculate the
threshold of the comparison, if ¢ is less than the threshold
value, it indicates that the feature points are matched incor-
rectly and need to be eliminated. The setting of the thresh-
old is the key to the rejection of the mis-matched points. In
this paper, the dynamic threshold is calculated according to
the distribution of ¢. In order to calculate the threshold
value, the bar coefficients of all the matched feature points
are sorted, and the Babbitt coefficients of the mismatched
feature points are much lower than the Babbitt coefficients
of other feature points. After sorting the similarity of the
feature points, the gradient of the array of Babbitt coeffi-
cients reflects the correctness or incorrectness of the feature
point matches. To compute the gradient, the template L is
constructed:

L=[1,1,1,1,1,—-1,-1,-1,—1,1]. (17)

Computing the gradient FE of the array of Babbitt
coefficients:

E(o) =) Lo. (18)

Selecting the maximum gradient as the false match rejec-
tion threshold:

7 =max {E(0)}. (19)

When false matches are rejected, if ¢ < 1, retaining feature
pairs, ¢ > 1, culling feature point pairs. Gradient E reflects
the rate of change of the Babbitt coefficient array, that is,
the change in feature point similarity. By selecting the max-
imum gradient as the threshold, we eliminate the mis-
matched points with Babbitt coefficients much lower than
other feature points.

3 Experimental analysis
3.1 Experimental design

On the basis of 3D model library, a simple 3D model retrie-
val prototype system based on B/S structure is designed
and implemented experimentally. The main structure of
the prototype system is shown in Figure 3.

In Figure 3, after the query model submitted by the user
is uploaded to the server, the shape features of the 3D
model are firstly extracted by the feature extraction module
and stored as a feature file, and then the similarity match-
ing module utilizes the method in this paper to match the
feature file with the feature file in the feature file library
in the server for similarity calculation to get the retrieval
result set. This retrieval result set is actually just an index

Submit Query

i

Result Return

: Search result
Feature extraction .
Index table P display
module
module
Feature file > Similarity > Retrieve
matching module result set
Feature file library
Feature extraction ¢ 3D Model
module Library

Fig. 3. A prototype system for 3D model retrieval based on B/S
structure.

set of 3D models, so in the retrieval result display module, it
needs to access the index table and the 3D model library to
form a display page that can be browsed by the user, and
finally the result page is returned to the user. The aerial
power tower image dataset is derived from actual aerial pro-
jects and covers power tower images from different weather
conditions, time periods, and geographical locations. The
images of various types of power towers, such as straight
line power towers and corner power towers, as well as back-
ground environments of different levels of complexity. The
3D model library contains 3D models corresponding to
aerial images of power towers, which have been finely
constructed to accurately reflect the structural and texture
features of power towers. The 3D model is stored in a com-
mon 3D file format for subsequent feature extraction and
matching operations. The feature point dataset obtained
a large amount of feature point data by extracting feature
points from aerial images of power towers. The feature
point dataset contains information such as the position,
direction, scale, and corresponding texture features of
feature points. Used for training matching algorithms, opti-
mizing parameter settings, and evaluating matching perfor-
mance. In order to test the performance of the method
under different lighting conditions, multiple aerial images
of power towers with uneven lighting were randomly
selected as the test set. These images contain areas that
are too bright, too dark, and alternate between light and
dark, posing challenges for feature extraction and matching.
In the feature extraction stage, appropriate image filtering
algorithms were used to improve image clarity, and reason-
able feature point detection parameters were set. Then, the
method proposed in this article is used for feature point
matching, and the Root Mean Square Error (RMSE) and
Matching Success Rate (MSR) of the matching results are
calculated. In order to test the scale invariance of the
method, aerial images of power towers were scaled at differ-
ent scales. By changing the size of the image, power tower
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Table 1. Experimental parameters.

Parameter

Value/Range

Gaussian pyramid layers

Laplacian pyramid layers

Direction filter group direction number

Feature point extraction window size

Sliding window size

Template size for calculating Babbitt coefficient threshold
Selection of dynamic threshold for Babbitt coefficient

Feature file storage format
Display method of search results

Floors 3-5
Same number of layers as Gaussian pyramid
8 directions
5 x 5 pixels
5 x 5 pixels
5 X 5
Select the value at the maximum
gradient as the threshold
Binary, Text
Image list

images captured at different distances were simulated.
In the feature extraction stage, keep the feature point
detection parameters unchanged to test the scale invariance
of the method. Then, perform feature point matching and
calculate the RMSE and MSR of the matching results. To
test the rotational invariance of the method, aerial images
of power towers were rotated at different angles. By
rotating the image, simulated images of power towers taken
from different perspectives. Maintain the feature point
detection parameters unchanged during the feature extrac-
tion stage to test the rotational invariance of the method.
Then, perform feature point matching and calculate the
RMSE, MSR, and MS of the matching results. The experi-
ment used high-performance computers for data processing
and calculation, ensuring the smooth progress of the exper-
iment. The experiment was developed based on open-source
libraries such as Python and OpenCV, and implemented
features extraction, matching, and performance evaluation.
The B/S structure prototype system in the experiment was
deployed within the local area network, ensuring the
stability and security of data transmission. The specific
experimental parameters involved are shown in Table 1.

To verify the effectiveness of the method proposed in
this paper, a feature point matching experiment was con-
ducted using the linear power tower shown in Figure 4 as
an example. The aerial image is affected by weather and
has poor imaging quality, which poses certain challenges.

As shown in Figure 4, the aerial image of this linear elec-
tric power tower is affected by the weather, resulting in
poor imaging quality of the aerial image.

In the experiment, RMSE is used as the index to mea-
sure the matching accuracy. RMSE is defined as:

m

Yty —) +(5+y-v)

J=0

RMSE = (20)

m

Among them, (z;, y;) and (x’j, y’j) represent the coordinates
of the texture feature points in the image to be matched,
and the coordinates of the texture feature points with the
same name in the reference image, respectively. m repre-
sents the number of feature points, the 7 € m.

Fig. 4. Aerial images of straight electric power towers.

3.2 The methodology in this paper uses performance
tests

3.2.1 Similar feature point matching effect in uneven
illumination

Uneven lighting is a common challenge in the process of
retrieving 3D model maps from aerial electric power tower
images. Uneven illumination may cause some parts of the
image to be too bright or too dark, thus affecting the accu-
racy of feature extraction and matching. In order to test the
performance of the proposed method under uneven lighting
conditions, when extracting features from aerial images of
power towers under uneven lighting conditions, multiple
aerial images of power towers with uneven lighting were
selected as the test set to ensure that the images contained
the complete structure and texture information of the
power towers. In the feature extraction stage, appropriate
image filtering algorithms are used to improve image
clarity, and reasonable feature point detection parameters
are set. The image filtering effect is shown in Figure 5,
and the labeling diagram of the extracted core feature
points is shown in Figure 6.

As shown in Figures 5 and 6, when the method in this
paper is used to extract features from aerial electric power
tower images, filtering can effectively improve the image
clarity, and feature extraction of prominent positions such
as corners and endpoints of electric power towers is accu-
rate. Figure 7 shows the matching effect of similar feature
points when the light is uneven.
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Fig. 6. Schematic diagram of marking after extracting the core
feature points of the image.
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Fig. 7. Matching effect of similar feature points under uneven
lighting conditions.

As shown in Figure 7, the method of this paper can
accurately match the corresponding points in the 3D model
map when retrieving the 3D model map of the aerial electric
power tower image with uneven illumination. Perform sim-
ilarity calculation between the extracted feature points and
the feature file library in the server to obtain matching
results. In order to quantify the matching accuracy, RMSE
is used as the measurement index, and the calculation
formula is shown in (20). Figure 8 shows the change of
the mean square error of the matching result of the feature
point location after matching similar texture feature points
by this method in this case.

As shown in Figure 8, when the light is uneven, the
method in this paper matches the similar feature points of
aerial electric power tower images, and the mean square
error of the matching result of the feature point position
is within 0.1 Pixel, and the matching result is accurate.

3.2.2 Effectiveness of similar feature point matching
with scale invariance

In order to test the scale invariance of the method proposed
in this paper, aerial images of power towers were scaled at

Mean squared error

Fig. 8. Mean squared error of similar feature point matching
results under uneven illumination.
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Fig. 9. Scale invariance experimental results.

Mean squared error

Fig. 10. Mean squared error of similar feature point matching
results with scale invariance.

different scales and similar feature point matching experi-
ments were conducted. The experimental setup is similar
to that of uneven lighting, but with the addition of image
scale processing. In the feature extraction stage, keep the
feature point detection parameters unchanged to test the
scale invariance of the method. When the scale of 3D model
of aerial electric power tower image occurs, the experimen-
tal results of similar texture feature point matching are
shown in Figure 9, and Figure 10 shows the change of
mean-square error of similar feature point matching results
of this paper’s method for scale invariance.

As shown in Figures 9 and 10, when the scale of the
three-dimensional model of the aerial electric power tower
image occurs, the matching result is accurate from the
visual perspective after the scale invariant similar texture
feature points are matched using the method in this paper;
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Fig. 11. Experimental results of matching similar texture feature points.

From the perspective of mean square error test results, the
matching error is still controlled within 0.1 Pixel, which can
achieve high-precision matching of similar texture feature
points in aerial electric power tower images.

3.2.3 The effect of matching similar feature points with
rotational invariance

In order to test the rotational invariance of the method pro-
posed in this article, aerial images of power towers were
rotated at different angles and similar feature point match-
ing experiments were conducted. In the feature extraction
stage, the feature point detection parameters are also kept
unchanged to test the rotational invariance of the method.
Rotational invariance plays an important role in similar
feature point matching, which can help the method to
better deal with the image rotation problem and improve
the accuracy and reliability of the matching. The experi-
mental results of similar texture feature point matching of
this paper’s method in this case are shown in Figure 11,
and Figure 12 is the change of the mean square error of
the matching results of the similar feature points.

As shown in Figures 11 and 12, the rotation invariant
similar feature point matching experiment, the rotation
invariant similar texture feature point matching effect is
ideal, the visual matching effect is accurate, and the mean
square error of the matching result does not exceed 0.1 Pixel.

3.3 Similar feature point matching accuracy
performance test

In order to deeply test the method of this paper in the same
kind of matching method, whether there is the use of advan-
tages, experiments selected aerial photography electric
power tower image contour of a feature segment, which
has two texture feature points (referred to as contour 1,
contour 2), and at the same time selected two sampling
contour of the same feature segment of the eight points,
the curvature value of each point is shown in Table 2.

Set the curvature tolerance value within £0.1 to com-
pare the matching accuracy of different methods. In feature
point matching, the selection of curvature tolerance value
needs to balance the accuracy and robustness of the match-
ing. A too small tolerance value leads to overly strict match-
ing, resulting in missing some correct matching pairs;

Mean squared error

Fig. 12. Mean squared error of similar feature point matching
results with rotational invariance.

Table 2. Details of contour curvature in aerial electric
power tower images.

Target profile Outline 1 Outline 2
0.824 0.813 0.837
0.769 0.764 0.649
0.802 0.798 0.698
0.688 0.675 0.544
0.453 0.469 0.237
0.362 0.298 0.447
0.639 0.628 0.369
0.537 0.548 0.786

Excessive tolerance values introduce incorrect matching
pairs. The curvature tolerance value of +0.1 was found in
experiments to improve the robustness of matching while
ensuring a certain level of accuracy. In addition, through
feature point matching experiments on a large number of
images, it was found that £0.1 is a suitable threshold that
provides stable matching results under different lighting
conditions and image deformations, and provides a reason-
able benchmark for comparison after comparing multiple
tolerance values. The methods described in this article
and literatures [5-8| were used to match similar feature
points in the image under uneven lighting conditions. The
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Table 3. Changes in RMSE of curvature matching for similar feature points in images.

Target Proposed Reference [5] Reference [6] Reference [7] Reference [8]
profile method method method method method
Outline 1 Outline 2 Outline 1 Outline 2 Outline 1 Outline 2 Outline 1 Outline 2 Outline 1 Outline 2
0.824 0.01 0.01 0.14 0.18 0.11 0.12 0.22 0.24 0.28 0.29
0.769 0.01 0.02 0.15 0.19 0.12 0.12 0.24 0.27 0.29 0.31
0.802 0.02 0.01 0.17 0.17 0.13 0.12 0.27 0.26 0.28 0.32
0.688 0.01 0.01 0.18 0.19 0.12 0.11 0.26 0.24 0.28 0.33
0.453 0.02 0.02 0.14 0.17 0.13 0.13 0.25 0.27 0.29 0.31
0.362 0.01 0.01 0.15 0.17 0.12 0.11 0.25 0.26 0.28 0.32
0.639 0.01 0.02 0.17 0.18 0.13 0.13 0.25 0.29 0.28 0.32
0.537 0.01 0.02 0.15 0.19 0.11 0.11 0.25 0.22 0.28 0.32
Table 4. Performance comparison under different conditions.
Different conditions Method RMSE MSR/% MS/images/s
Light variation Proposed method 3.2 92.5 25
Reference [5] method 4.5 85.0 20
Reference [6] method 4.0 88.0 22
Reference [7] method 3.8 90.0 23
Reference [8] method 3.5 91.0 24
Scale scaling Proposed method 2.8 94.0 24
Reference [5] method 4.2 83.0 19
Reference 6] method 3.9 86.0 21
Reference [7] method 3.6 89.0 22
Reference [8] method 3.3 92.0 23
Angle rotation Proposed method 3.0 93.5 24
Reference [5] method 4.8 80.0 18
Reference 6] method 4.3 84.0 20
Reference [7] method 3.9 87.0 21
Reference [8] method 3.4 91.0 23

RMSE of the curvature of the feature points is shown in
Table 3.

Analyzing the data in Table 3, it can be seen that, in the
working condition of uneven illumination, the RMSE of
feature point curvature of this paper’s method, the litera-
ture [5] method, the literature [6] method, the literature
[7] method, and the literature [8] method after matching
the feature points of the similar texture of the image is
significantly different, but after the use of this paper’s
method, the RMSE of the feature point curvature matching
is in the range from 0.01 to 0.02, and the literature [5]
method, Literature [6], literature [7], and literature [8],
the RMSE of feature point curvature matching is larger
than that of this paper’s method, which indicates that this
paper’s method has a higher accuracy of feature point
curvature matching under the condition of uneven illumina-
tion. In contrast, the RMSE of feature point curvature
matching of the methods described in [5-8] are larger than

that of this method under the same conditions, which
indicates that the matching accuracy of these methods is
relatively low. Uneven lighting is a common problem in
image processing, which can cause certain areas in the
image to be too bright or too dark, thereby affecting the
accurate extraction of feature points. In this case, the posi-
tion, size, and shape of the feature points may change,
which in turn affects the subsequent matching process. This
article adopts a certain lighting preprocessing technique or
a robust feature extraction algorithm to stably extract
feature points under uneven lighting conditions, while
maintaining the accuracy of their curvature and other attri-
butes. This article adopts advanced matching algorithms to
maintain high matching accuracy under uneven lighting
conditions. In addition, this method also incorporates other
information to improve the robustness of matching. This
method has undergone extensive experimentation and
optimization, maintaining high performance in various
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scenarios and conditions. In addition, this method also con-
siders other factors that may affect the matching accuracy,
thereby improving its generalization ability. In practical
applications, this method maintains high matching accu-
racy while also having high computational efficiency and
low memory usage. This gives the method proposed in this
article greater advantages in practical applications.

In order to further demonstrate the superiority of our
method and verify its comprehensive performance under
different lighting conditions, scales, and rotation angles.
Select multiple sets of aerial images of power towers and
perform light changes, scale scaling, and angle rotation
processing separately. Keep the parameter settings of each
method unchanged to fairly compare their performance.
Similarly, the methods from references [5-8| were selected
as comparison objects. In addition to RMSE, MSR, and
MS are introduced as evaluation metrics. The experimental
results are shown in Table 4.

According to the analysis in Table 4, the method pro-
posed in this paper has significant performance advantages
in processing aerial images of power towers, especially in
terms of comprehensive performance under different light-
ing conditions, scaling at different scales, and rotation
angles. Among them, under the condition of lighting
changes, the RMSE of our method is the lowest, the MSR
is the highest, and the MS is relatively fast, indicating that
its performance under lighting changes is better than other
methods. Under scaling conditions, our method also per-
forms well, with the lowest RMSE, highest MSR, and stable
MS. Under the condition of angular rotation, the method
proposed in this paper still maintains a high performance
advantage, with RMSE and MSR outperforming other
methods, and the MS remains unchanged. This is mainly
due to the advanced algorithms and optimized parameter
settings used in this method, which have a much higher
matching success rate than other methods, indicating its
higher stability and accuracy in processing complex images.
Although there are differences in MS between different
methods, the method proposed in this paper maintains a
relatively fast MS while ensuring high performance, which
is of great significance for real-time requirements in practi-
cal applications. Therefore, the method proposed in this
article has broad application prospects in practical
applications.

4 Conclusion

The method of matching similar feature points in aerial
electric power tower images based on a vertex ring neigh-
borhood is an efficient feature extraction and matching
method designed specifically for aerial electric power tower
images. This method deeply explores the local features and
structural information of electric power tower images,
extracts geometrically representative electric power tower
feature points through a unique vertex one ring neighbor-
hood strategy, and uses accurate similarity measurement
to achieve effective feature point matching.

In summary, this method demonstrated the following
significant conclusions in the experiment:

1. By utilizing a vertex ring neighborhood, this method
can accurately capture local features and structural
details of electric power tower images, ensuring that
the extracted feature points are both representative
and stable.

2. When facing the problem of matching similar texture
feature points in complex situations such as uneven
lighting, scale changes, and rotation changes, this
method performs well and can strictly control the
position matching error of texture feature points
within 0.1 Pixel.

3. Compared with similar methods, under the same
conditions, the method proposed in this paper shows
a lower RMSE in feature point curvature matching
of aerial electric power tower images, proving its
higher applicability and reliability in processing com-
plex scenes such as aerial electric power tower images.

However, although this method has achieved significant
results in experiments, there are still some potential limita-
tions. Although this method performs well in feature extrac-
tion and matching, its computational complexity is
relatively high. This can result in longer processing times
when dealing with large-scale image datasets. Some param-
eters in this method may have a significant impact on the
results. Therefore, in practical applications, it is necessary
to carefully adjust these parameters to achieve the best
results. To address the issue of high computational com-
plexity, attempt to optimize the algorithm structure and
reduce unnecessary computational overhead. To reduce
parameter sensitivity, a self-adaptive parameter adjustment
mechanism is studied. This mechanism automatically
adjusts parameter values based on the characteristics of
the input image, thus achieving the best matching effect
without manual intervention. In addition to vertex neigh-
borhood features, other types of features such as color fea-
tures and texture features can also be fused to improve
the accuracy and robustness of matching. By fusing multi-
ple features, useful information in the image can be further
explored to improve matching performance.
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