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Abstract: In order to maintain a ski resort efficiently, regular inspections of the cableways are essential.
However, there are some difficulties in discovering and observing the cable car cableways in the
ski resort. This paper proposes a high-precision segmentation and extraction method based on the
3D laser point cloud data collected by airborne lidar to address these problems. In this method,
first, an elevation filtering algorithm is used to remove ground points and low-height vegetation,
followed by preliminary segmentation of the cableway using the spatial distribution characteristics
of the point cloud. The ropeway segmentation and extraction are then completed using the least
squares-principal component combination analysis method for parameter fitting. Additionally, we
selected three samples of data from the National Alpine Ski Center to be used as test objects. The
real value is determined by the number of point clouds manually deducted by CloudCompare. The
extraction accuracy is defined as the ratio of the number of point clouds extracted by the algorithm to
the number of point clouds manually extracted. While the environmental complexities of the samples
differ, the algorithm proposed in this paper is capable of segmenting and extracting cableways with
great accuracy, achieving a comprehensive and effective extraction accuracy rate of 90.59%, which is
sufficient to meet the project’s requirements.

Keywords: ropeway of cable car; adaptation; segmentation and extraction; spatial distribution
characteristics; least squares-principal component analysis; extraction accuracy

1. Introduction

Globally, the ski industry has experienced rapid growth in recent years [1-3]. Whether
it is the number of people participating in skiing or the number of new ski resorts, new
records have been set [4-7]. Moreover, many ski resorts are equipped with multiple
cableways of different types in order to improve user experiences. For the safety of
customers, regular inspection and maintenance of cable cars are integral to the daily
operation and maintenance of a ski resort. A significant part of the daily maintenance
process involves the observation and inspection of cable car cables. In severe cases, faulty
or damaged cables can result in cable cars malfunctioning and the cableway breaking,
resulting in a serious safety accident. Figure 1 illustrates the distribution of cables.

Ropeway detection of cable cars can be accomplished in two ways [8-10]. Maintenance
personnel can either observe with their naked eyes on the ground or use handheld devices
to conduct manual inspections from a helicopter as the first measure. However, this
detection method has several disadvantages, including the need for a large amount of
manpower, material resources, and financial resources. As a second option, maintenance
personnel may use drones equipped with smart sensors to carry out intelligent detection,
in order to collect various types of data such as images and point clouds. This method is
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highly intelligent, convenient to operate, low cost, and easy to implement [11,12]. However,
current mainstream image-based detection methods have many limitations, including
the difficulty of segmenting cableways due to complex backgrounds and the inability to
identify them due to blurry images or low pixel counts [13,14]. Therefore, based on the
high-precision point cloud data collected by the UAV-borne 3D lidar system, many of
the limitations of other detection methods can be overcome through its high positioning
accuracy and strong anti-interference capability [15-18].

Many scholars have recently conducted research on the segmentation, detection, and
information extraction of airborne lidar point clouds [19-22]. A support vector machine
(SVM) classifier was used by Zhang et al. to identify cables, but there was a problem
with misclassification when vegetation was planted below the cables [23]. The algorithm
developed by Jiwa et al. began with meshing the point cloud, was then transformed using
the Hough transform, and then point cloud features were used to extract cables, but the
robustness of the algorithm was heavily reliant on the density of the point cloud [24]. A
spatial grid and clustering method were used by Cheng et al. to extract cables; however,
this method requires a large number of empirical values and cannot be fully automated [25].
The filtering method was used by Yu et al. in order to eliminate ground points, vegetation
points, and building points; a Hough transform was then applied in order to separate a
single cable [26]. This method will have classification errors regarding vegetation or other
small objects under the cable. Based on the spatial dimension characteristics of the cable
combined with the Hough transform method, Chen et al. were able to extract the cable
after filtering out the ground points; however, this method requires calculating eigenvalues
for each point, and there is incomplete segmentation at the rod body connection [27].
Furthermore, research on orthogonal polynomials will assist in the extraction of cable
characteristics [28,29].

Figure 1. Schematic diagram of the distribution of cables and the surrounding environment (Z;;4x
and Z,,;,, representing the maximum and minimum values of the elevation).

A method for high-precision segmentation and extraction of ropeways based on an
adaptive algorithm is proposed in this paper in response to the difficult problem of ropeway
observation and maintenance. This method consists of two stages: preprocessing cableway
data and segmenting and extracting cableway data. At the preprocessing stage, the original
ropeway data are filtered and the preliminary segmentation of the cableway is primarily
performed through adaptive processing. During the cableway segmentation and extraction
stage, the high-precision segmentation and extraction of the cableway are completed; the
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ropeway point clouds are separated from the non-ropeway point clouds and saved in
separate files.
In summary, our main contributions are as follows:

e  We introduce spatial geometric distribution and an entropy function. The segmented
upper part is further segmented based on the principle of spatial geometric distribution
and the minimization of the entropy function.

e  We propose a comprehensive analysis. The final cable extraction is achieved by
combining the least squares method and the principal component analysis method.

e  We carried out experimental verification. Three groups of samples were selected as
the experimental objects, and the experimental results confirmed the efficacy of the
proposed method as well as its reliability.

2. Methodology
2.1. Qverview

There are difficult problems associated with the observation and maintenance of
cableways in ski resorts on a daily basis. Considering the above situation, we propose a
high-precision segmentation and extraction method that provides convenience for the daily
maintenance of the cableway. The raw point cloud is segmented based on an elevation
threshold into upper and lower parts (Section 2.2.1).

Based on the spatial geometric distribution characteristics of the point clouds, the up-
per part of the point cloud is further segmented to complete the preliminary segmentation
of the cables (Section 2.2.2). Finally, we use a combination of least squares and the principal
component analysis to complete the final cable extraction (Section 2.3). The full pipeline is
illustrated in Figure 2.
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Figure 2. Diagram of the system’s working principle. In addition, there are different colors in the
gradient bar (mm =) in the point cloud data set that represent different altitudes.

2.2. Preprocessing of Ropeway Data

The cable car cableway of the ski resort is a typical artificial construction, which has
the following characteristics when viewed from the point cloud perspective:

e In general, the ropeway extends linearly in a narrow and long shape, with a length
much greater than a width;

e  There are no obvious objects around the cableway from a local perspective, and the
individual cables are parallel to each other and maintain a certain distance from one
another;

e  While cableway points have a discontinuous distribution in the vertical direction, they
are closely connected in the horizontal direction.
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Preprocessing operations on the original point cloud data are required in order to
segment and extract the ropeways based on the above distribution characteristics. These
operations include object removal, noise filtering, etc.

In the preprocessing section of this paper, the elevation filtering method is first applied
in order to remove ground points and low object points. In addition to the ropeway point
clouds, the filtered point clouds contain some tower points, high vegetation points, and
noise points. In the next step, the cableway is preliminarily segmented based on the features
of the point cloud in terms of spatial dimensions.

2.2.1. Filtering by Elevation

Elevation filtering is intended to remove the vast majority of ground objects from the
complex original point cloud data, laying the groundwork for subsequent segmentation
and extraction. In contrast to towers and ground object points, cableways are discontinuous
in the vertical direction. In elevation filtering, low-ground objects and ground points are
removed, linear structures (such as rivers and roads) are eliminated from the results of the
cableway extraction, and redundant data are reduced. The following are the steps involved
in the implementation:

e  The meshing of point clouds. This is divided into grids and all points within each
grid are normalized to the horizontal plane of the grid’s lowest point, as shown in
Figure 3a;

e Asshown in Figure 3b, the elevation threshold can be determined by drawing the
“elevation-point-figure map” of the normalized point cloud;

e  Finally, the points within the target area and the points outside the target area are
segmented based on their elevation threshold, as shown in Figure 3c.

l )Gauss mean = 2.745082 / std.dev. = 1.632313 [1010 classes]

(D)o

Figure 3. An overview of the elevation filtering process on raw point cloud data: (a) normalized
point clouds; (b) elevation-point-figure maps; and (c) elevation filtering effects (white and color).

2.2.2. Preliminary Segmentation of the Ropeway

After elevation filtering, the non-ground points include towers and some high-ground
objects in addition to ropeway points. The tower consists of regular polygonal metal
patches, while the point cloud in the local area has a regular surface pattern. The cableway
can be described as a flexible cable chain. There is a linear distribution of point clouds in
the local area, while vegetation points are irregular and scattered. Therefore, the cableway
points can be extracted based on the geometric distribution of the point cloud space. By
examining the three eigenvalues A1, A and A3(A; > Ay > A3) of the point set covariance
matrix in the neighborhood of R, we can determine the geometric distribution character-
istics of spatial points. When A1 = A; >> A3, the target point shows a planar distribution
feature, such as roads and towers, etc.; when A1 > Ay = A3, the target point shows a linear
distribution feature, such as cableway and road boundary, etc. When A = A; = A3, the
target point can be divided into scattered and irregularly distributed point clouds, such
as vegetation.

If a fixed neighborhood radius is used to estimate the local geometric features of
points, it will result in large calculation errors, which will affect the segmentation results of
the target points due to the uneven distribution of density in the point cloud. In order to
determine the optimal neighborhood radius for solving the eigenvalue of each laser point,
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the probability (a1p, 42p, a3p) dimension characteristics of the three dimensions to which
the target point belongs are defined as follows:

o100 0) = (L8, ST
1D, 42D, 43D N/ YA/ v,

In Formula (1), a1p + a2p + a3p = 1, Shannon entropy defines the amount of informa-
tion contained in the neighborhood of this point as follows:

)

Ef = —ajp Ln(a1p) — azp Ln(azp) — asp Ln(azp) 2)

As described in Formula (2), Ef represents the amount of entropy contained in the
neighborhood of the point, and the smaller this value, the less information the neighborhood
contains, which means the more singular the dimensional feature of the point. The radius
R with the minimum value of the function Ey is the best neighborhood radius for this point
when the radius interval [Rpin, Rmax] and radius increment AR are set. The eigenvalue
of each point is calculated using the adaptive neighborhood radius, and the preliminary
extraction of the cableway point cloud is based on the relationship between the eigenvalues.
The neighborhood radius interval should be selected based on the spatial range of the
points showing the three characteristics. Radius increments should be based on the volume
of point cloud data and the performance of the computer. The smaller the increment, the
more time-consuming the process will be. In most cases, the radius increment for the
filtered cableway point cloud extraction is 0.5, and the neighborhood radius interval is
[1.4,2.8].

2.3. Extraction of Ropeways

Further segmentation and extraction are performed on the cableway point cloud that
has been initially obtained. By minimizing the sum of squared errors, the least squares
method determines the best function-matching relationship between variables [30-33].
The results are affected by some “unfavorable” data since the method uses all data for
calculations during data fitting. The principal component analysis (PCA) method was
proposed by Hoppe in order to evaluate each sampling point’s “neighborhood” as well as to
calculate normal vectors and plane fittings [34-39]. A PCA can be understood as geometric
optimization of least squares, or as an equivalent of maximum likelihood estimation, and it
is more accurate and efficient than least squares methods. This method is, therefore, widely
used in the fitting of planes. A combination of the two algorithms is presented in this paper
in order to mitigate the influence of “unfavorable” factors on point cloud data and increase
the accuracy of feature extraction.

2.3.1. Least Square Method

Based on the assumption that the three-dimensional plane point data are {P;(xj, yi, zi) ;
i=1,...,n}, the fitting plane is defined as follows:

ax+by+cz+d=0 3)

As shown in Formula (3), 4, b, and c are plane parameters, d is the distance between
the 3D scanning data point and the fitting plane, which is expressed as z = f(x, y); variance
cumulative minimization in the z direction is as follows:

n n n
min Z riz = min Z d%,i = min Z(Zi — 21)2 4)
i=1 i=1 i=1
A residual ri(dy;) is a measure of the vertical distance between the fitted point 2; and the
point z;. By using Formula (5), we determine the minimum of } ;; = (axij + by + czij + d)z
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under the constraints of a? + b% + ¢? = 1, which is the eigenvector M that corresponds to
the minimum eigenvalue of matrix C.

1 n

Caxz = - Y (pi—p)(pi—p)" ©)
i=1
1 T
M= -3 (i v 1) (i, 3 23 1) ©)

ij
2.3.2. Analyses Based on Principal Components

According to Formula (7), the covariance matrix of n points in a 3D point cloud data
set {Pi(xi,¥i,zi);i=1,...,n} can be calculated as follows:

1 & R R
Caxz = Y (i = P)(pi—P) @)
i=1
The plane equation would be as follows:
xcosa +ycosPB+zcosy+p=0 8)

ax+by+cz:d,a2+b2+czzl 9)

In this case, cos &, cos 5, cos y represent the cosines of the normal vector direction at
point (x,y,z) on the plane, while |p| represents the distance from the origin to the plane.
This is where Formula (8) is transformed into Formula (9), and the calculation of the plane
equation is converted into the calculation of the four parameters 4, b, ¢, and d. Data points
(xi, i, zi) are distanced from the plane as follows:

d; = |ax; + by; + cz; — d| (10)

As a result, the problem of fitting the best plane to find the normal vector (min Yy dlz)
becomes the problem of finding the extremum:

F=yd-a(@sprdo1) ()
i=0

Formula (12) is obtained by calculating the partial derivative of f for the four unknown
parameters a, b, ¢, d, and bringing the parameter d into Formula (11).

di =la(xi —%)+b(yi —7) +c(zi —2)| (12)
Y AxiAx; Y AxiAyi Y AxiAz; a a
Y AxiAyi Y AyiAy; Y AyidAz; b | =A| 0D (13)
Y AxiAzy Y AyiAzi Y AziAz; c c

As a result of the above formula, the parameter (a, b, C)T of the solution position can
be viewed as an eigenvector, which corresponds to the eigenvalue A, while the coefficient
matrix represents the equivalent formula for the covariance matrix. Using Formula (9) and
the characteristic equation Ax = Ax, Formula (14) can be derived.

n n
A=Y (aAx; + bAy; + cAz)? = ) d? (14)
i=1 i=1

1

The best plane fitting requires min Y_d?, which is the eigenvector A corresponding
to the smallest eigenvalue of the coefficient matrix (a,b,c)! and also the solution vector
corresponding to the smallest eigendecomposition of the covariance matrix (7).
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2.3.3. Comprehensive Analysis

(1) By utilizing the least squares method to fit the plane, we can obtain the plane formula
ax + by + cz +d = 0 and the distance d between each point of the point cloud and the
fitting plane.

(2) The error o of the distance d obtained from (1) can be calculated for fitting the plane
point cloud. If each point d; is far from 2c, delete it, otherwise keep it.

(38) By performing a principal component analysis on the noise-removed point cloud data,
the parameters of the fitting plane are obtained, and the eigenvalues are sorted by the
basis size.

(4) The ropeway point cloud is segmented and extracted according to the linear features
of the points, and the extracted ropeway points are saved as ropeway points and the
non-ropeway points as out-ropeway points.

3. Experiment and Results
3.1. Preparation of Experiments

To conduct this algorithm verification experiment, we selected Visual Studio 2019
as the development environment and PCL 1.11.1 as the dependent library, as shown in
Table 1. This experimental platform has the following hardware configurations: an Intel
i5 processor, 32GB of memory, and a Windows 11 operating system. We selected three
samples from the point cloud of the National Alpine Skiing Center of the Beijing Winter
Olympics to verify the cableway segmentation and extraction algorithm proposed in this
study. The basic conditions of the three sample point clouds are shown in Table 2.

Table 1. Models and configuration parameters of software and hardware used in the test experiment.

Category Configuration
Operating System Win 11
Software Point-cloud Processing Library PCL1.11.1
Support Platform Visual Studio 2019
CPU Intel(R)Core(TM)i5-9400F
Hardware Memory DDR4 32 GB
Graphics Card Nvidia GTX 1080 Ti 11 GB

Table 2. The basic situation of each group of test sample data.

Data Name Sample Number Number of Ropeways Number of Points
Group One 1 4 1,018,921
Group Two 2 4 485,735
Group Three 3 4 557,785

Three sets of ropeway sample data are segmented and extracted using the proposed
method during the experiment. The original sample point cloud, the preprocessed point
cloud, and the final extracted cableway point cloud are presented from both front and side
angles for convenience of presentation. As well, the number of cableway point clouds
extracted in this paper is counted, and the cableway point clouds are manually extracted
with CloudCompare, then the two results are compared to determine the accuracy rate.

3.2. Experimental Results and Analysis

The three point cloud samples taken from the National Alpine Skiing Center of the
Beijing Winter Olympics were extracted sequentially using the method proposed in this
paper. Following the processing of the first set of sample data, the results are shown in
Figure 4a—d.
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Raw Point Cloud 4’7 Data Pre-processing —’7 Data Post-processing 4’7 Result comparison 4{

Front

Figure 4. There are the front and side views of the first set of sample point clouds (order from left
to right): (a) before segmentation and extraction; (b) after preprocessing; (c) after completion of
segmentation and extraction; and (d) the comparison display (marked as white and color).

Additionally, a gradient color is assigned to each sample point cloud based on its
elevation. In Figure 4a, the front and side views of the first group of samples are shown
before cableway segmentation and extraction. There is no doubt that the vegetation in the
first group of samples is dense and some trees are tall, which presents great challenges in
the extraction process. An illustration of the first set of samples after preliminary extraction
is shown in Figure 4b. As shown in the figure, the point cloud obtained after preprocessing
does not only include cables but also towers and vegetation point clouds that need to
be further segmented and extracted. Based on the first set of samples, Figure 4c shows
the front and side of the cableway segmented and extracted. From the figure, it is clear
that whether viewed from the front or the side, the cableway point cloud has been well
segmented and extracted. By fusing the two point clouds with different colors, the extracted
ropeway and non-ropeway parts can be visually distinguished. In Figure 4d, the merged
ropeway (white point) and non-ropeway (colored point) point clouds are represented as
front and side views. As can be seen from the results of the first group of sample tests,
the method proposed in this paper is effective in separating ropeway and non-ropeway
components.

The second set of samples is then tested separately. When the proposed cableway point
cloud segmentation and extraction algorithm is applied to the second group of samples,
the following processing results are obtained as shown in Figure 5a—d.

As shown in Figure 5a, the second set of sample data is shown from both the front and
side. The cableway will be difficult to extract due to some sporadic vegetation and trees in
the picture. In Figure 5b, the front and side views of the second set of sample data after
preprocessing are shown. The preprocessed data results are clearly superior, except for the
cableway point cloud, which has only a few towers and vegetation point clouds. From the
final segmentation and extraction of the second set of sample data, Figure 5c illustrates the
front and side views of the cableway point cloud. The processing effect of this group of
samples appears to be excellent. In Figure 5d, the ropeway point cloud (white) is compared
with the non-ropeway point cloud (color). As can be seen intuitively, the method proposed
in this paper still maintains good results in terms of segmenting and extracting cableway
point clouds for the second set of test samples.
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Raw Point Cloud 4’7 Data Pre-processing —’7 Data Post-processing 4’7 Result comparison 4{

Front

Figure 5. The front and side of the second set of sample point clouds (order from left to right):
(a) before segmentation and extraction; (b) after preprocessing; (c) following segmentation and
extraction; (d) displaying the results of the comparison (marked as white and color).

During the third set of test samples, we increased the complexity of the scene and the
difficulty of processing the data. As part of the third set of data, tall light poles and trees
with heights near the tower are also included, increasing the difficulty of segmenting and
extracting cableways. The results of the data processing for the third group of samples are
shown in Figure 6a—d.

Raw Point Cloud 4’7 Data Pre-processing 4’7 Data Post-processing 4’7 Result comparison 4{

Front

Figure 6. Views of the third group of sample point clouds from the front and side (order from left
to right): (a) before segmentation and extraction; (b) after preprocessing; (c) after segmentation and
extraction; (d) the comparison display (marked in white and colored).

Here are the front and side views of the third group of sample point clouds before
data processing is performed, as shown in Figure 6a. This set of data contains a number
of elements, including light poles and trees. Following data preprocessing, Figure 6b
illustrates the front and side views of the data. There are still some light poles, towers, and
vegetation point clouds that require further processing in the processed data. The Figure 6¢
shows the front and side views of the cableway point cloud obtained after segmentation
and extraction. By this point, the ropeway segmentation and extraction of the third group
of test samples have been completed. A comparison between the ropeway point cloud
(white) and the non-ropeway point cloud (color) can be seen in Figure 6d. Performing
ropeway segmentation and extraction on the third group of test samples demonstrates that
the method proposed in this paper still performs at a high level.
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Next, the data will be compared with the cableway point cloud (considered to be the
real value) extracted manually in order to quantitatively examine the extraction effect of
the proposed method on the cableway point cloud in the three groups of test samples. As
shown in Table 3 and Figure 7, the results of the data comparison are presented.

Table 3. Statistical table showing the accuracy rate of ropeway point cloud segmentation and extraction.

Data Name Sample Number of Number of Real Accuracy
Number Extracted Points Points Rate/%
1-1 1764 1873 94.18
1-2 1634 1766 92.53
Group One 1-3 1572 1711 91.88
1-4 4951 5452 90.81
1-all 12,027 10,802 89.81
2-1 303 322 94.10
2-2 204 238 85.71
Group Two 2-3 248 288 86.11
2-4 1573 1695 92.80
2-all 2328 2543 91.54
3-1 185 226 81.86
3-2 342 385 88.83
Group Three 3-3 311 329 94.53
3-4 1620 1778 91.11
3-all 2458 2718 90.43
(a) Number-4 (b)% ]
10,0004 NN Number-3 o1 ; —
e ]~
8,000+ 92 4 09 33
4951 ;\;\ 1 2.5 \:]88\
3 90 1 90.81
é 6,000 3 N 1 89.81
£ Q gg ]
4,000+ k\ ;‘3 86 -
7 844 —— Group One
2,000 A o 0 1 Groug Two
i S % 5 USR] 82 ] Group Three
0 Y RS e o Y Y Y Y
Group One Group Two Group Three Number-1 Number-2 ~ Number-3 ~ Number-4  Number-all

Figure 7. Data analysis chart: (a) represents the proportion of each sample within each group;
(b) shows the change in extraction accuracy in each group.

Three groups of sample point cloud data sets are processed using the ropeway seg-
mentation and extraction method presented in this paper; the results of each group are
compared with the real values in turn so that the accuracy of data extraction can be eval-
uated. Additionally, the extraction accuracy of the four cables in the three groups of test
samples was compared as part of the comparison process. Table 3 and Figure 7 show that
the extraction accuracy rate for each cable in the first group of test samples exceeds 90%,
while the overall extraction rate reaches 89.81%; In the second group of samples, each
cable’s accuracy rate was maintained above 85%, and the overall accuracy rate was 91.54%;
Other than the first cable extraction accuracy rate of 81.86%, all other lines in the third
group of samples have accuracy rates above 88%, and the overall accuracy rate is 90.43%.
Accordingly, the effective extraction rate of this algorithm can reach 90.59%, maintaining a
high level of extraction accuracy.

In order to further verify the effectiveness of the method proposed in this paper, we
conducted cable extraction tests on five groups of samples sequentially using RF, GBDT,
SVM, VBF-Net, and the proposed method. The extraction accuracy and extraction time
of the test results are presented in Tables 4 and 5, respectively (bold indicates the optimal
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result, underline indicates the suboptimal result, the arrow pointing up indicates that the
larger the value is, the better, and the arrow pointing down indicates the smaller the value
is, the better).

Table 4. Accuracy statistics of cable extraction for five groups of samples by different methods (bold
indicates the optimal result, underline indicates the suboptimal result, the arrow pointing up indicates
that the larger the value is, the better, and the arrow pointing down indicates the smaller the value is,
the better).

Accuracy Rate/% 7
Name
RF GBDT SVM VBF-Net OURS
Number-1 68.52 92.88 67.74 78.30 92.52
Number-2 75.44 80.39 72.13 73.62 95.08
Number-3 76.09 67.08 43.66 65.05 83.43
Number-4 86.38 84.26 78.55 86.82 92.18
Number-5 75.20 67.24 73.03 64.93 85.27

Table 5. Time-consuming statistics of cable extraction for five groups of samples by different methods
(bold indicates the optimal result, underline indicates the suboptimal result, the arrow pointing up
indicates that the larger the value is, the better, and the arrow pointing down indicates the smaller
the value is, the better).

Time/ms |
Name
RF GBDT SVM VBEF-Net OURS
Number-1 54.81 55.92 73.49 45.01 28.48
Number-2 73.25 65.63 65.33 38.69 33.25
Number-3 37.61 34.84 29.34 19.92 25.11
Number-4 87.62 70.22 67.20 83.53 42.74
Number-5 78.23 47.50 39.41 40.63 37.29

To facilitate the comparison of the extraction effects of different methods, a data analy-
sis chart is generated, as shown in Figure 8. We found that our proposed method provides
better results in terms of cable extraction accuracy and extraction time consumption.
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Figure 8. Processing results of different methods when processing sample data: (a) extraction
accuracy; (b) time-consuming.

The data processing of the above three groups of test samples was carried out using
the self-adaptive high-precision segmentation and extraction algorithm presented in this
paper. However, despite the differences in scene complexities among the groups of samples,
the proposed method has a good segmentation effect, a high level of statistical accuracy,
and is capable of accurately extracting the ropeway. Compared to other methods, the
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method presented in this paper has the advantage of being able to adjust the segmentation
parameters adaptively as well as extract cableways fast and accurately. However, it should
be noted that when selecting the elevation threshold, it must be classified according to the
intended use. Otherwise, over-segmentation or under-segmentation may occur.

4. Conclusions

In order to locate and observe the cableway in the ski resort, this paper proposes an
adaptive algorithm based on 3D point cloud data collected by airborne lidar to segment
and extract the cableway with high precision. In this method, the process consists of two
steps: preprocessing the ropeway data and segmenting and extracting the ropeway data.
The cableway data preprocessing stage primarily focuses on denoising and pre-segmenting
point cloud data based on spatial geometric distribution; the cableway data segmentation—
extraction stage primarily focuses on completing the final snow track extraction based on
the LS-PCA combination analysis method.

During the experimental verification stage, the three samples selected were all taken
from the Beijing Winter Olympics National Alpine Skiing Center. Despite the differences in
complexity between the three groups of samples, the algorithm described in this paper is
capable of accurately segmenting and extracting the ropeway point cloud from the complex
point cloud. Moreover, it has been determined that this algorithm can achieve an effective
extraction rate of 90.59% based on the comprehensive test results. Consequently, compared
to other methods, the expected result was achieved and lays the foundation for future
inspections and maintenance of the cable car ropeways. In the future, we will increase our
research on the semantic annotation and reconstruction of cables.
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