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Abstract: As sp y e, substation point cloud data is vital for
management, anai toring. However, traditional recognition

for the point cloud based on symmetry and spatial
ings translation and rotation invariance. A new attribute

iations,, and a“/template database of 20 electrical devices is created. By
ing descriptor of a device’s point cloud with those in the template

other methods, achieving a 90% identification precision with an
time of 3.2 seconds per device. The method demonstrates robustness,
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1 Introduction

robot navigation, intellige ing, and\other fields (Sun et al., 2021). Especially in

infrastructure managemefitha ¢, high-precision 3D modelling can provide
more intuitive and al information, which can help intelligent
operation and m i ault detection. As a core component of the power

substation may cause the final structure to be inconsistent with the original
awings due to factors such as construction changes and equipment replacement;
ond the engineering drawings may be outdated and incomplete, making it difficult for
blueprint-based modelling method to guarantee high accuracy; in addition, the manual
omparison and manual modelling processes are cumbersome and error-prone, affecting
the efficiency and quality of modelling (Wu et al., 2018; Zhang et al., 2023).

Driven by advancements in laser scanning and building information modelling (BIM)
technologies, Zhang et al. (2024) and Ye et al. (2023) have highlighted that 3D
reconstruction utilising point cloud data has gradually become an effective solution.
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By using laser scanning and BIM technologies, more accurate 3D structural
information of substations can be captured, and discrepancies between design and actual
construction can be detected promptly. Studies have shown that this approach notably
enhances the precision and effectiveness of 3D modelling, particularly when handling
incomplete construction data and outdated design data (Ye et al., 2023; Hu, 2020).
Additionally, Ye et al. (2023) believe that the application of 3D modelling software (such
as 3DMax) is continuously optimised. By combining point cloud data with engineering
drawings, manual comparison errors in traditional methods can be effectively reso

2022). While AdaBoost performs excellently in classification
numerous weak classifiers leads to longer computation time

matching model is selected through Hough votin
with an average recognition time of 15.6 secon
This method improves matching efficiency an ognltlon ate by using histogram
similarity as a point cloud preprocessing ste
. 1s method outperforms the
AdaBoost algorithm in terms of computatie making it more suitable for real-time
recognltlon in substation equlpment scenarigs. vever, in cases with more complex
typés, issues with inaccurate similarity
measurement may arise, g afch and optimisation.
The device point S
does not complete

(Yuan et al., 2022). Their method focuses on
of substation equipment through segmentation
for subsequent equipment recognition and scene

er et al. (2021) optimised the feature weights of subspaces using particle
isation (PSO) and then used the K-nearest neighbour (KNN) algorithm for
tion (Yang et al., 2024). By dividing point cloud data into multiple subspaces,
ethod effectively reduces computational complexity and uses PSO to optimise
ture weights, thereby improving classification accuracy. However, this method is
sensitive to noise, especially when point cloud data is of poor quality or contains
significant background noise, which can affect recognition results. To address this, recent
studies have attempted to integrate deep learning models to enhance noise robustness, but
the issue of high algorithm complexity remains.




4 G. Yang et al.

Sun et al. (2022) first extract geometric features from the coloured point cloud, then
determine the optimal feature subset, and finally use the random forest algorithm to
classify the point cloud. Al-Durgham (2014) used the RANSAC algorithm to extract
semi-surface features for model preselection, followed by key point extraction based on
point cloud curvature information, and precise recognition through the iterative closest
point (ICP) algorithm. This method reduces computational load by initially extracting
features using RANSAC and achieves precise matching through ICP. Although this
method excels in recognition accuracy, the computation time is long, particulay
large-scale substation equipment point cloud data processing, where ICP
numerous iterations, resulting in poor real-time performance. Thus,
computation time while ensuring accuracy remains a significant research ¢

Numerous studies (Arastounia and Lichti, 2015; Arastounia
Arastounia and Lichti, 2014; Zhang et al., 2018) in leverage
equipment models to automatically extract specific equipment m
transformers and circuit breakers (Yu et al., 2021). The
knowledge with point cloud data to improve equipment rec

equipment models.
Zhang et al. (2024) divided the bounding b

segment as features for equipment 3D data reco n, achieving fast recognition speed,
but without considering the posture of the data. This method is
advantageous in terms of fast calculatien and hig nition efficiency, making it
suitable for real-time detection tasks. Ho does not effectively account for posture
changes (such as rotation and translation) reduce recognition accuracy when
dealing with equipment pomt C i ent postures. Therefore, future research can
enhance this method by J esinvariant features or employing posture
estimation techniques tg

This study intro, ces vative substation equipment 3D data identification
mitations of traditional 3D data recognition methods in

fgning a feature descriptor. This descriptor captures local spatial data
the equipment 3D model and remains stable across different viewpoints. This
d enhances the feature representation capability from the 3D data and ensures
ated recognition accuracy even with uneven 3D data density. This innovation not
nly strengthens the 3D model’s descriptive power but also reduces errors caused by
viewpoint changes, thus improving robustness.

In terms of recognition efficiency, the proposed method significantly enhances
recognition speed. Experimental results show that the average recognition time for each
equipment is only 3.2 seconds, which adequately satisfies real-time criteria of large-scale
substations. Compared with traditional equipment 3D model recognition algorithms, this
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approach demonstrates notable advantage during recognition performance, making it
especially suitable for environments with an array of equipment as well as large 3D
model data volumes. This method ensures both efficient processing speed and elevated
recognition accuracy, making substation real-time monitoring and maintenance more
efficient.

The key findings of this study are outlined as follows:

e A localised coordinate system construction method for equipment 3D data is
proposed, effectively avoiding the impact of posture variations (such as rotatj
scaling) and reducing errors during 3D data transformation.

e A stable and efficient feature descriptor is designed, combining the s

3D model recognition.

e  While ensuring high recognition accuracy, the
enhances recognition speed, with an approxi
per equipment, meeting the real-time monito

e recognition duration of 3.2 seconds
needs of large-scale substations.

2 Related work

automation inspection.
learning, and compute i€s, improving the precision, reliability, and
has become a hot research topic. This section
6n point cloud feature extraction, local coordinate

discussing the advantages and

ition. Over the years, scientists have introduced multiple feature
ods to enhance the precision and robustness of point cloud recognition.
2022) presented a point cloud-based feature extraction method based on local
hape descriptors. This approach combines the point cloud data’s normal direction,
ature, and local geometric features to effectively distinguish between different shapes
of equipment.

By calculating local curvature changes and normal vector changes, unique geometric
features of the equipment are extracted. However, while this method performs well with
standard point clouds, it is sensitive to noise, particularly when the point cloud is sparse
or occluded, resulting in significant accuracy degradation. To address the noise impact,
Li et al. (2023a) proposed a multi-scale voxel grid-based feature extraction method. This
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technique segments the point cloud into multi-scale grids and constructs feature
descriptors based on the geometric information within each voxel. Empirical findings
show that this approach efficiently reduces the impact of noise and enhances the
robustness of point cloud features, but it remains computationally complex, especially
when processing high-density point clouds, requiring greater computational resources.

In recent years, deep learning methods have seen extensive application to point cloud
feature extraction, with convolutional neural networks (CNNs) being particularly useful.
Sun et al. (2018) proposed a 3D convolutional neural network (3D-CNN)- based 8
extraction method for point clouds. This method models point cloud data u:
learning to automatically extract both local and global features, achieving
recognition accuracy. However, the method requires significant computati
especially when dealing with large point cloud datasets, leading b ttlenecks
processing speed and storage requirements.

robustness. Over the past few years, numerou
overcome this limitation. Wu et al. (2021) sugg an approach relying on the balance
and spatial density of the point cloud data to e cal coordinate system of
equipment. This technique first analyse the point cloud data and

combines the spatial distribution densi point cloud data in various directions to
deduce the directions of the coordinate ax

This approach can effe ariations in equipment shape and noise
interference, establishing pordinate system. However, when dealing

d shapes. Hu et al. (2023) proposed a deep
method. By training a self-supervised learning

for devices with i
learning-based poi
model, this
viewpoints, imprdving the alignment accuracy. While this method
1 calibration data, it requires significant training time and
hen dealing with large-scale data. To enhance robustness,
roposed a method based on adaptive coordinate systems for point

is method adjusts the coordinate system’s direction adaptively by

Template matching and recognition

Early template matching methods mainly used Euclidean distance as the similarity
metric. Zheng et al. (2023) employed Euclidean distance as the standard for point cloud
template matching, calculating the matching error between the feature representations of
the equipment for recognition and the templates in the template library. This method is
simple and effective, with relatively low computational complexity, but its performance
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is poor when dealing with significant shape changes, especially when equipment is
partially occluded or undergoes large morphological variations.

Over the past few years, deep learning techniques have found extensive application in
point cloud matching, particularly with the introduction of CNNs and GCNs, which have
significantly improved the accuracy and robustness of template matching. Liu et al.
(2019) proposed a point cloud template matching method based on deep convolutional
neural networks. By leveraging machine learning models to automatically deri

point clouds, but the training phase demands substantial annotated data,
required for training is quite extensive.

To address the issue of equipment point cloud variations, Z
introduced a point cloud approach relying on generative adversari
This method generates diverse point cloud data samples to e
template library, improving the robustness of template mat

resources.

In comparison to these methods, the appro
feature descriptors with template matching, re
enhancing the precision and robustness of equip

By combinirfg different types of data, recognition
in com| environments. The fusion of point cloud

ta, and using machine learning techniques for joint training, this method
ificantly improves recognition accuracy and robustness. This method is especially
effective in complex environments, such as when equipment is partially occluded or
when point cloud data is sparse, providing strong robustness.
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3 Method

This section introduces the proposed substation equipment point cloud recognition
method. In Section 3.1, an overview of the overall design process for equipment
recognition methods is provided. Then, the specific processes of the design are described
in detail in Sections 3.2, 3.3, 3.4 and 3.5.

3.1 Design process

The identification algorithm process of the point cloud of substation equipment
in Figure 1.

Figure 1 Flowchart of point cloud recognition of substation equipment

( Beginning \_, Point cloud of devices
e _/

to be recognized

Template Search

Firstly, establish the local coordinate system of th 1ce s poiiit cloud for identification.
This local coordinate system has translational an nvariance and is robust to
noise. This is a crucial step in ensul ice point cloud is accurately
identified.

Secondly, the feature descriptors of po I§'for computing devices. According to
the established local coording point cloud of the device, the point cloud is

projected to the xoy, x0zi €ach projection is finally converted into a

n this paper, the symmetry and distribution density of device point cloud in
ace, as shown in Figure 2. Since the substation scene is in an outdoor open
nment, the terrain is flat, and the substation equipment and the ground are vertical,
z-axis orientation of the local reference system of the equipment point cloud. And the
point cloud is subsequently mapped to the x-y plane to calculate the minimum enclosure
box of the projection, which is the rectangle with the smallest area in all enclosure boxes,
as shown in Figure 3. After obtaining the minimum surround frame of the device point
cloud, take the boundary of the surrounding frame as the x-axis and the longer edge as
the y-axis. Then establish the minimum surround box of the device point cloud as the
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bottom side, and take the centre of the minimum surround box as the origin of the local
coordinate system of the device point cloud, as illustrated in Figure 4.

Figure 2 Flowchart of establishing a local coordinate system of equipment point cloud

/ Enter the point cloud of /
the device to be recognized

Use the z-axis direction of the global coordinate system as the direction

of the z-axis of the local coordinate svstem of the device point cloud |

Project the device point cloud onto the xov plane to get the
minimum envelope of the projection Use the smaller edge of
the envelope as the x-axis and the longer edge as the v-axis

| Compute the symmetry of the point cld
in the xoz-plane and voz-plane

tem of the output
nt cloud P /

3

1
{

proportion between the two edges of the minimum enclosure is less than 1.1,
horizontal and vertical axes are judged for the first time; however, due to the
1bility of noise interference, further judgement is needed to identify the horizontal
d vertical axes. This requires analysing the symmetry of the device point cloud about
the yoz and xoz planes on the basis of the x and y axes determined in the first time.

As illustrated in Figure 5, if the device point cloud object has better symmetry about
the xoz plane, then the horizontal and vertical axes are modified; otherwise, the current
x-axis and y-axis are unchanged.
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Figure 4 Determination of x and y axes of the local coordinate system (see online version
for colours)

sym=0.145

sideration of the data density of the point cloud, the impact of noise,
ficiency. Through experimentation, the voxel size is defined as 0.1

i, J, k= 0. The plane p! splits the voxel grid into two sections, denoted as p/*
ere the number of voxels with V(i, j, k) = 1 in each of these sections is denoted
+ and n,, respectively. When the two symmetrical parts have V(i, j, k) = 1, the
voxel is considered to possess symmetry. The number of all symmetrical voxels in V' is
denoted as ng,. The symmetry of the object point cloud with respect to the plane p/ is

calculated according to equation (1).

nsm
sym(pl) = 5———= M
2-min (7, , 1, )
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After determining the x and y axes, the distribution density of the cloud of points in space
serves to identify the positive directions of the x and y axes. The cloud of points is split
into two parts by the xoz plane and the yoz plane, as shown in Figures 6(a) and 6(b). The
two sections separated by the xoz plane are labelled as Yy, and Y., respectively, while
the two sections separated by the yoz plane are labelled as X, and X, According to
equation (2), the volume densities of these four parts are calculated as follows:

density (P*) = S

Nycale

where 7, indicates the voxel count in part P*, where V(i j, k) =

overall count of voxels in part P*, including voxels, where V{1, j, k) = 1

Based on the calculated volume densities of these four parts, th
with the larger volume density is taken as the forward dire
coordinate axis. For example, for the two parts X,,, and X, di
the volume density of X, is greater than that of X, the

This local coordinate system is invariant unde
resistance to noise.

Figure 6 Determination of the positive dirgcti ) divided by the xoz plane
(b) divided by the yoz plane (c) e ent of the local reference coordinate system
(see online version for colours)

ap %

"S- |
" i
)i ¢
3 I
i I
o~

,,,,,,, -

(7 (¥, o) = 0.157

density{Xpo,) = 0.165

(b) (©

es a novel feature descriptor by combining the variations in the form of
ion equipment point cloud with the equipment image. The specific calculation
outlined as follows:

Segment the smallest bounding box for the equipment point cloud and divide it
into a 12 x 12 x 12 voxel grid, where the voxel size is
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l=—;

12
w
w=—; 3
B 3
_H
12

where L, W and H represent the dimensions (length, width, and height) o
minimum enclosure box for the equipment point cloud, respectively; /
denote the dimensions of each voxel.

A voxel space V'is established for the equipment point cloud obj
which a 3D spatial distribution matrix Mi»xi2x12 is obtained
point cloud object. Mi2x12x12 represents the spatial arrang

M(i, j, k) = 1; otherwise, M(i, j, k) = 0.

The equipment point cloud is mapped to th
in three two-dimensional distribution m

. xXoy XO. Yyoz
ces: M2,, M%%, and M{7,,.

37 M. j. k) %0,

M, jy=1" @
0, otherwise
oL
M= (i, j)= (5)
(6)

d into a feature representation v3, according to equation (7):

3" M), i<1z

12 .
‘ lM*(j, i), otherwise
j=

0

Each projection plane is converted into a 24-dimensional feature vector. Then,
the feature vectors of the three projection planes are concatenated to obtain the

final feature descriptor f'(vy,”, v3¢%, vy, ), with a dimensionality of 24 x 3 =72.
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3.4 Template matching

Since there is currently no publicly available dataset of point clouds in substation
scenarios, nor a public template library for substation electrical equipment, this paper
establishes a template library for electrical equipment, which includes 54 standard
electrical equipment templates. The standard electrical equipment includes categories
such as circuit breakers, disconnectors, and isolating switches. Each type of electrical
equipment is assigned a unique identification number. The feature descriptor g
template point cloud is calculated and stored together with the corresponding tg

template library is organised as a 54 x 72 two-dimensional matrix
structured format, facilitating retrieval. When the shape of a devic

supplemented to ensure its dynamic consistency.
During the template matching stage, after obtaining the f
target equipment point cloud, the similarity between this

representation of the target equipment point ¢
template is calculated according to equation (8)
two.

®)

of a/template in the template library; f;
ent point cloud to be identified.

0 scan parts from the Songshan 500 kV substation.

Compare with other methods

For each equipment point cloud to be identified, its feature descriptor is calculated and
then compared with the feature descriptors of all templates in the template library to find
the template with the highest similarity. This completes the recognition of the
equipment’s point cloud. Among the 90 tested equipment point clouds, 81 were correctly
recognised, while 9 were misidentified, resulting in a recognition accuracy of 90%. The
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average time to identify one equipment point cloud was 3.2 seconds, showing a
comparatively high recognition speed.

The method introduced in this study was evaluated against two other existing point
cloud of substation equipment recognition methods, and the findings are presented in
Table 1. The recognition accuracy of all three methods exceeds 85%, with the proposed
algorithm achieving 90%, marginally below the 92.33% performance reported in Yuan
et al. (2023), but higher than the 87.78% accuracy in Guo et al. (2019). Although there is
a minor variance in accuracy, the proposed algorithm has a recognition time o
3.20 seconds, which is considerably faster than the 19.41 seconds in Arasto
Lichti (2013) and 17.56 seconds in Ji et al. (2019).

The accuracy difference may be related to feature extraction and mo
The higher-accuracy method in Yuan et al. (2023) may have used mor
descriptors and deep learning models, while the proposed algorithm
extraction process, reducing computational complexity and thus gsi
recognition time. This makes it more suitable for applications

In terms of balancing efficiency and accuracy, the p

gives it a significant advantage in practical a
performance. Therefore, the proposed algorithm
equipment point cloud recognition.

ws good pptential for application in

Table 1 Comparison of different metho

Algorithm Recognition Recognition accuracy (%)

Proposed algorithm 90.00
Method in Guo et al. (2019, 87.78
Method in Hu (2020) 41 92.33
As shown in Ta the performance of our, GOOD (a), and VFH (b)

uracy, exhibiting strong overall advantages. Specifically, the
ih all test samples remained above 0.659 and reached a

ethod has strong recognition ability when retrieving matches, and
e missed detections. In addition, in terms of accuracy, the highest

(a) method performs relatively well in terms of recall rate, reaching a
of 0.719, indicating that it has a wide coverage of sample matching. However,
cision and accuracy are significantly lower than our method, with the highest being
03622 and 0.544, respectively, indicating that although this method can retrieve more
matching samples, it has more false detections and reduces the overall accuracy. On the
other hand, the accuracy of the VFH (b) method is relatively high, reaching a maximum
of 0.698, which is slightly better than that of GOOD (a), but the recall rate is generally
low, resulting in its limited effect in some sample matching tasks. In addition, the overall
accuracy of the VFH method is between GOOD (a) and our method, reaching a
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maximum of 0.568, which is still significantly lower than the 0.666 of our method.
Further analysis of the advantages of our method shows that it exhibits relatively stable
performance in all three indicators, especially while ensuring a high recall rate, it still
maintains a high precision and accuracy.

Table 2 Performance comparison with other existing methods
Our GOOD (a) VFH (b)
Precision Recall Accuracy  Precision Recall Accuracy  Precision Recall Acgh
0.696 0.721 0.640 0.503 0.615 0.410 0.575  0.629
0.651 0.659  0.552 0.516 0.581 0.400
0.687 0.706  0.619 0.589 0.719 0.544
0.710 0.738  0.666 0.622 0.613 0.497

0.702 0.727  0.650 0.607 0.671 0.527

4.3 Ablation experiments

To evaluate the resilience of the equipment point
this study, experiments were conducted under s
cloud density, and occlusions.

1

(d)

n point cloud density: the 90 equipment point cloud objects were divided into
layers along the z-axis at intervals of 0.5 m, and voxel down-sampling was applied to
each layer. The voxel size for the Oth layer was set as VoxelSizeo, and the voxel size
for the i layer was set as VoxelSize;. Different levels of down-sampling were
applied to the equipment point clouds by setting different VoxelSize values, as
illustrated in Figure 8.
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Figure 8 Equipment point cloud with different degree of uneven density, (a) original equipment
point cloud (b) 0.005 (c) 0.010 (d) 0.030 (see online version for colours)

T

(@ (b) (c)

3 Occlusion: a variable cube with a fixed angle was applied to se
of the equipment objects, as depicted in Figure 9. The rate of|

owsf the comparative results of the suggested algorithm and two other
pment point cloud recognition algorithms under conditions of noise,
gity, and occlusion. From Figure 10(a), it is observed that as the noise level in
loud increases, the recognition precision of all three methods drops rapidly. On
isc;free data, all three methods achieve good recognition performance, but under high
se levels, the proposed method achieves slightly superior to the other two methods.
is is because the method in Guo et al. (2019) uses the cosine value of the angle
between the centroid of the subspace and the centroid of the entire point cloud as the
subspace feature.
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Figure 10  Comparison of recognition accuracy of different algorithms, (a) under noise
conditions (b) when the point cloud density is uneven (c) under occlusion conditions
(see online version for colours)

100
80
60 —»— Proposed algorithm -
—e— Method in (Guo et al., 2019)
—#— Method in (Yuan et al., 2021)
40 \
; \§
0 T 1
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(a)
100
“ N‘\* .
60 —— Propos -
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40 \
201
T
0.01 0.02 0.03
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(b)

\ —— Proposed algorithm
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~m— Method in (Yuan et al., 2021)

\

>
15 30 45 60
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When the point cloud is noisy, the characteristics of the subspaces containing noise points
deviate from 0. If the point cloud contains too numerous noise points, which results in
significant changes to the subspace feature vectors, making it difficult to effectively
recognise the point cloud. The method in (Yuan et al., 2023) predicts the template by
identifying the planar characteristics of the equipment point cloud. However, since
substation equipment is generally symmetrical along the central axis, the extraction of
planar features requires high precision. When the point cloud contains a large amount of
noise, the planar features of the equipment point cloud may fail to select the cg
template, leading to recognition errors. In contrast, the descriptor introduced in this
leverages the existence of points in the 2D grid of each projection plane, w
mitigate the negative impact of noise on recognition.

From Figure 10(b), it can be seen that the proposed equip
recognition algorithm maintains an identification accuracy of over
point cloud density is uneven, showing significant advanta
recognition methods. The method in Guo et al. (2019) uses t
between the centroid of the subspace and the centroid of]

Consequently, as the sampling level increases,
The method in Yuan et al. (2023) uses the RAN algorithm ffo extract planar features.

hat once the occlusion rate exceeds 30%, the
recognition accur; ethods decreases. This is due to the presence of some

cloud, the p vectors €xtracted by the RANSAC algorithm in the method of
ipaccurate, leading to a decline in recognition accuracy. The
3) is more affected by occlusion because when occlusion

t point cloud based on its shape, which provides strong descriptive ability.
when occlusion is present, the shape of the point cloud changes to some extent,
ipg to a decrease in recognition accuracy. Nonetheless, it still outperforms the other
methods overall.

In order to solve the significant performance degradation under high occlusion rate
(more than 30%), we will explore the improved feature extraction algorithm, which can
develop an algorithm that can adjust the strategy adaptively according to the occlusion
situation. When high occlusion rate is detected, it automatically shifts to focus on local
feature extraction. An in-depth analysis of the unblocked local point cloud area extracts
representative local features to make up for the lack of overall shape features. Multi-scale
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feature fusion can also be used, which shows different performance of point cloud
features at different scales. When high occlusion rate is combined with large-scale
features to grasp the general information of the overall structure, small-scale features can
be used to capture the details of the unblocked part, and the two can be effectively fused
to enhance the expression ability of feature descriptors to the occluded point cloud. In
terms of optimising the data processing flow, the occluded point cloud data can be
enhanced and repaired before identification.

With the help of a generative adversarial network (GAN)-based method, the ocg
part of the data can be generated according to the characteristics of the unocclud

visual image data can be combined, and its rich texture
complementary to the geometric information of point.c

cloud recognition and improve the accuracy.
On the other hand, if the point cloud data is

to gain a more comprehensive understa cloud scene and enhance the
recognition ability of the occluded de mantic segmentation technology

1shed by utilising the balance and spatial distribution of the point cloud of the
ipiment in space. Second, a feature descriptor is defined based on the differences in the
metric structure of the point cloud of the equipment and the equipment view. This
descriptor is used for the description and recognition of point clouds. A template library
containing 54 template point clouds is created, and the feature descriptors of the target
equipment point cloud are matched with those in the template library to find the template
with the smallest matching error, thereby completely identifying the equipment point
cloud. Finally, experiments validate the effectiveness and advantages of the suggested




20 G. Yang et al.

approach. The recognition accuracy reaches 90%, and the average time to recognise a
single piece of equipment is 3.2 seconds, effectively balancing recognition accuracy and
efficiency. When the target point cloud’s density is uneven, the proposed method can still
sustain a recognition accuracy of over 70%. Moreover, the established local coordinate
system of the equipment point cloud can be used to calculate the transformation matrix
linking the target point cloud and the template point cloud, facilitating subsequent 3D
reconstruction of substation scenarios.
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