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Abstract
Point cloud is the definition of point set in three-dimensional (3D) space. It has become one of the most 
important data formats of 3D representation. 3D laser scanner can acquire the spatial point information 
of 3D objects accurately and quickly. 3D point cloud can restore the surface information of 3D objects 
and maintain the detailed characteristics of 3D entities, therefore, it is widely implicated in unmanned 
driving, protection of ancient buildings, digital city, terrain detection, urban and rural planning, reverse 
engineering, and scene reconstruction. Recently, 3D point cloud technology was applied to transformer 
substation automatic modeling, using a variety of techniques at various stages. Therefore, the current 
study summarizes different point cloud processing techniques in the substation modeling process, mainly 
constituting 4 parts: substation point cloud pretreatment, substation equipment segmentation, affiliated 
facilities segmentation, and substation equipment identification. In this article, we’ll define root cause 
analysis, outline common techniques, walk through a template methodology to address the problems of 
substation point cloud modeling.
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1 INTRODUCTION
Substation, a core component of power system, plays a 

vital role in realizing power conversion and transmission. 
The maintainance and detection efficiency of substation 
is closely associated with the safe and stable operation of 
the power system[1]. The stable operation of substations is 
essential for people’s normal production and life. In order 
to improve the stable operational level and adapt to the 
increasingly complex maintenance work of substations, smart 
substations[2,3] have begun to emerge and gradually become 
the focus of research. On the one hand, it is equipped with 
computer-aided monitoring of the operation status of each 

piece of equipment in the substation. On the other hand, the 
smart substation constitutes a three-dimensional (3D) scene, 
and the visualization effect is more intuitive. Managers can 
understand the overall structure and details of a substation 
more conveniently and quickly through the 3D model, 
which provides great convenience for the daily operation and 
maintenance of the substation. In building a smart substation, 
the most critical step is establishing a high-quality 3D model 
of the substation to restore the real scene of the substation.

In summary, 3D modeling and digital management 
of substations have become the developmental direction 
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of smart substations in the future, which can improve the 
operation and maintenance efficiency of substations and 
speed up the reconstruction of substations.

Many experts and scholars have researched the 3D 
modeling of substations and bagged some achievements. 
Quintana and Mendoza put forward four requirements to 
establish the 3D models of electrical equipment[4]. Different 
countries proposed different standards for substation 
modeling[5]. Wang et al.[6] used two-dimensional (2D) images 
to realize the modeling of substations. Specifically, they 
used Yolov5 visual detection algorithm to identify the key 
components of a substation. However, this method can only 
identify equipment but cannot realize the reconstruction of 
electrical equipment. Maas and Vosselman used a parameter 
primitive library matching method for 3D modeling 
composed of point clouds[7]. However, the developed 
approach is not sensitive to the quality of point cloud data, 
and the accuracy is greatly affected by the model category in 
the parameter model library. Sun et al.[8] exploited mapping 
and 2D images to establish a 3D model of a substation. 
This method builds a 3D model by calculating the mapping 
data, avoiding the shortcomings of the large amount of data 
collected by a 3D laser scanner. Wang et al.[9] combined the 
3D model of the substation with operation management to 
form a 3D virtual digital visualization system, which unravels 
the problem of 2D inability to display relevant information. 
The traditional 3D modeling method cannot ensure 
consistency between the size and position of equipment 
with the actual scene when modeling substation equipment. 
Besides this, other limitations in the traditional 3D modeling 
method include long modeling time, complex operation, low 
modeling efficiency, and high environmental requirements[10]. 
With the rapid development of laser scanning technology, 3D 
image processing has gradually become a research hotspot.

The 3D point cloud is one of the main representations of 
3D images. 3D laser scanners can accurately and quickly 
obtain spatial point information of a 3D object surface[11]. 
The collection of these spatial points data is called a 3D point 
cloud. The 3D point cloud can restore the surface information 
of 3D objects and maintain the detailed characteristics of the 
3D entity itself; therefore, it is widely exploited in unmanned 
driving, ancient building protection, digital city, terrain 
detection, urban and rural planning, reverse engineering and 
scene reconstruction and other fields[12-14].

Hao et al.[15] used a 3D laser scanner to obtain the cloud 
data of a substation. Firstly divided areas based on the 
complexity of space area. Then used iterative closest point 
(ICP) algorithm to register the point cloud of the substation. 
Finally employed Trimble Realworks and 3DMAX software 
to realize the modeling and visualization of the substation 
scene; however, were unable to realize the automatic 
modeling of substations. Gonzalez et al.[16] proposed the use 
of a photographic scanning system and lidar system for 3D 

modeling of substations. This method integrates the data 
obtained by the photographic scanning system with that of 
lidar and uses point cloud data to generate the CAD models. 
However, this method is limited by the image field of view 
and can only semi-automatically develop CAD models with 
user interaction. Wu et al.[17] extracted various substation 
equipment by detecting the internal topology structure of the 
laser point cloud data of substation, matching the equipment 
with standard templates in the database to complete the 
identification, and finally realizing the reconstruction of 
the substation, but this method cannot realize electrical 
equipment automatic recognition. Wu et al.[18] proposed a 
method for extracting substation equipment based on laser 
point cloud. First uses a multi-scale morphological filtering 
algorithm to cluster and segment the ground point cloud, 
followed by substation equipment extraction based on the 
dimensional features of the point cloud. Liu et al.[19] used 
the spatial data of substations collected by ground 3D laser 
scanners to achieve 3D spatial modeling. The complex 
geometric data is quickly obtained from buildings, objects, 
etc. using a ground 3D laser scanner, and a triangular mesh is 
established to generate a 3D surface model. Li et al.[20] studied 
automatic surface reconstruction based on point cloud data 
and realized the rapid automatic reconstruction of the 3D 
model of the substation.

3D point cloud object preprocessing steps mainly include 
point cloud reduction and point cloud denoising. The amount 
of point cloud data obtained by 3D laser scanners is huge 
and contains many redundant points[21]. The unsimplified 
point cloud data greatly impacts the subsequent processing 
efficiency and feature extraction. Therefore, the substation 
equipment should be simplified without losing a lot of 
detailed features. At present, the reduction methods of 
point cloud data can be classified into two types: One is a 
simplified algorithm based on 3D space division, such as the 
bounding box method, uniform sampling method, triangular 
mesh method, etc. The other is a simplified method that 
acts directly on points, such as random sampling, curvature 
sampling, etc. The substation reconstruction process based on 
point cloud is shown in Figure 1.

2 SUBSTATION POINT CLOUD PREPROCE- 
SSING
2.1 Reduction Algorithm Based on 3D Space Division

The core idea of the simplification algorithm based 
on 3D space division is to construct a polygonal mesh, 
judge the mesh for redundancy according to the prescribed 
principles, and finally delete the points in the redundant 
mesh to reduce the point cloud. The disadvantage is that the 
mesh construction will consume a lot of time. Filip et al.[22] 
proposed the bounding box method to simplify the point 
cloud data. This method can quickly realize the simplification 
of the point cloud, however, the algorithm loses feature 
points readily in a dense point cloud and is not suitable for 
the point cloud data with uneven distribution. The method 
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Figure 1. Substation reconstruction process.

firstly establishes the minimum oriented bounding box 
(OBB) of the point cloud, then divides the OBB into several 
small cubes of equal sizes according to the segmentation 
accuracy, and finally uses the center of a small cube to 
represent all the points inside it to simplify the point cloud 
data. Lee et al.[23] proposed a non-uniform grid method, 
which classifies a big grid into multiple small grids until 
the normal vector deviation of the data points in each small 
grid reaches below the threshold. The algorithm exhibits 
elevated time complexity, but the simplified objects have 
better information about geometric characteristics. Chen 
et al.[24] introduce triangulation meshing, which can reduce 
the point cloud by reducing the number of meshes. Zhou et 
al.[25] used octree structure to complete the spatial division of 
point cloud data. The normal angle of the point cloud in grid 
is used as the simplification basis, and the points closest to 
the average normal vector in each bounding box are retained 
to complete the simplification of the point cloud. Li et al.[26] 
proposed a point cloud simplification method that can retain 
the characteristics of objects. The method firstly voxelized 
point cloud data. Then extracts the plane voxels according to 
the point cloud normal vector, subsequently, the non-planar 
voxels are assessed. Finally, the feature points of the point 
cloud are preserved.

2.2 Reduction Algorithm Based on Point
The point-based simplification algorithm directly 

simplifies point cloud without constructing its topological 
structure. Sun et al.[27] proposed a random sampling method 
to simplify point cloud data. The random sampling method 
firstly creates a random function containing all point cloud 
data. It then deletes the point cloud data corresponding to 
the random number generated by a random function. The 
deleting operation continues until it reaches the required 
reduction rate Because the algorithm generates number 
randomly, the point cloud data differs from one another 
after every simplification. In addition, when the original 
point cloud is simplified by a random sampling method, 
defects might appear that badly impact the quality of 
simplification in the simplified point cloud. Similarly, Lee 
and Woo put forward a uniform sampling method[28]. This 
method simplifies the point cloud by taking the closest 
distance from starting points generated randomly to any 
point of point cloud set as the criterion. This approach has 
the benefit of evenly distributing simplified points due to 
the uniform sampling procedure and the simplified points 
distributed near the border. The disadvantage is that the 
distance between sets needs to be calculated repeatedly 
every time for sampling points, which causes high time 
consumption. Usually, the curvature can reflect the changes 
of point-cloud’s surface. Han et al.[29] simplified the point 
cloud by employing the curvature feature, based on the fact 
that the areas of high curvature contain more shape features. 
In their algorithm, the curvature of all points is extracted, 
and the mean value of curvature is calculated first. Then, the 
point cloud is simplified according to the set simplification 
principle to realize the downsampling of point cloud. The 
curvature-based point cloud simplification algorithm can 
better retain the shape feature of 3D object. However, 
due to the small curvature value of the flat region of point 
cloud, all the points in the region may be deleted when the 
curvature-based method is applied to this region, resulting 
in a missing point cloud.

2.3 Methods for Point Cloud Denoising
When a 3D laser scanner scans a substation scene, 

the obtained point cloud data inevitably contains noise 
points mostly due to the scanner fault, the environment’s 
interference and the substation equipment’s material. The 
existence of noise points will affect the subsequent process 
of point cloud, so the noise points need to be removed. 
Currently, two point cloud denoising approaches are 
available: statistics-based and neighborhood-based filtering 
technology.

2.3.1 Statistics-based Filtering Technology
Since statistical concepts apply to the properties of 

point cloud, many scholars introduce statistical methods to 
study point cloud filtering technique. Gaussian filtering is a 
widely used method that calculates the Euclidean distance 
between a point of interest and its neighborhood. Gaussian 
weight will be determined according to the distance to 
filter outliers[30]. In median filtering method, point cloud 
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data is usually scanned in a window, and the data in the 
window is sorted according to the value of one coordinate. 
The intermediate value of the sorted data is taken as the 
corresponding coordinate value of the window output[31]. 

Avron et al.[32] introduced L1-sparse-paradigm into point 
cloud filtering algorithm. The algorithm minimizes residual 
function by weighted L1, and retains points according to 
the local flatness criterion to keep the features of sharp 
areas. Although this approach provides reasonable results, 
the points on edge could not be accurately recovered. Zhang 
et al.[33] used the k-d tree algorithm to organize point cloud 
data, and calculated the normal distribution function of the 
distance between noise points and their neighboring points. 
This method can filter out the isolated noise points in point 
cloud.

2.3.2 Neighborhood-based Filtering Technology
Neighborhood-based filtering technology uses the 

similarity between points and neighborhood points to 
denoise. Tomasi et al.[34] extended bilateral filtering from 
2D image filtering to 3D point cloud filtering. Bilateral filter 
can be regarded as a smooth filter that can retain marginal 
points and the details of point cloud, but the algorithm’s 
performance is not ideal for outlier denoising. Cao et al.[35] 
divided point cloud data into feature and non-feature 
points by analyzing the point’s neighborhood. This method 
avoids the excessive smoothness of the bilateral filtering 
algorithm, but it is unsuitable for 3D objects with complex 
shapes, such as electrical equipment. Song et al.[36] proposed 
a denoising algorithm combining improved C-means 
clustering algorithm and traditional bilateral filtering 
algorithm, which classifies noise into large scale noise and 
small scale noise to process, respectively, but the algorithm 
ran slowly. 

3 SUBSTATION POINT CLOUD SEGMEN- 
TATION
3.1 Segmentation of Large Scenes

In realizing substation automatic modeling, automatic 
identification of all kinds of equipment directly from the 
point cloud is challenging because of the complexity of 
substation scenes. Therefore, processing individual electrical 
devices in the following steps necessitates clustering and 
segmenting the point clouds after denoising[37]. At present, 
point cloud segmentation methods mainly include random 
sampling consistency segmentation, Euclidean clustering 
segmentation, density clustering segmentation, and regional 
growth segmentation[38]. Due to the huge amount of point 
cloud data of substation, the irregular shapes of substation 
equipment, and adhesion of appendages such as wires 
and pedestals with the leading equipment, the feature 
differentiation of substation equipment is not obvious, 
which is challenging for segmentation.

Fang et al.[39] put forward a substation segmentation 
method based on random forest. For substation point cloud 

obtained, this method first transfers point cloud to voxel 
space, then the voxels of similar density are merged, and the 
random forest algorithm is used to classify edge points to 
merge the equipment’s edge so that segmentation of single 
electrical equipment is completed. Arastounia and Lichti 
extracted and identified transformers in the substation[40]. 
To realize the extraction of transformers, they proposed six 
strategies to remove fence, cable, circuit breaker, casing and 
bus tube, then realized the classification and identification 
of transformers depending on random sample consensus 
(RANSAC) algorithm. This method only applies to these 
relatively simple substation scenes and performs poorly 
in complex scenes. Guo et al.[41] put forward a kind of 
efficient and voxel-based substation scene segmentation 
method. In the segmentation process, the algorithm firstly 
removes the ground point cloud according to elevation 
differences, slices it and clusters it in horizontal direction, 
then perform reclustering by using vertical clustering 
to complete the segmentation. However, this method is 
operated without removing wires in the clustering process, 
so the segmentation accuracy is not high. Vanegas et 
al.[42] proposed an effective automatic point segmentation 
and extraction method for the large-scale point cloud of 
Manhattan-style buildings, but its application is only limited 
to building objects with sharp edges. Wang et al.[43] used an 
implicit shape model to describe objects, and used Hough 
forest architecture to block and detect point cloud images 
of city. Cyclic and distance weight voting mechanisms 
were also proposed in their method. Similarly, Douillard 
applied geometric features to segmentation. The method 
has extremely strict requirements on point cloud model. It 
can easily cause over-segmentation on application to rough 
physical point clud[44].

3.2 Segmentation of Affiliated Facilities
Substation equipment usually stands on foundation beds 

and is connected with affiliated facilities, such as wires or 
straight poles. The above-affiliated facilities interfere with 
identifying substation equipment, so should be segmented 
and removed. The main task of affiliated facilities 
segmentation is to cluster an original point cloud set 
according to specific criteria to separate affiliated facilities 
from electrical equipment[45]. At present, 3D point cloud 
segmentation methods can be divided into five categories: 
edge-based method, region-based method, model-fitting-
based method, clustering-based method, and deep-learning-
based method.

Rabbani et al.[46] segmented 3D point cloud data of 
industrial sites using smoothing constraint algorithm. 
However, the method focus was limited to segmenting 
smoothly connected areas, rather than identifying individual 
objects in the sites. Jaehong et al.[47] realized the removal 
of substation equipment’s wires through many binarization 
aerial photos. This approach is based on the differences 
between cables and the surrounding environment in 
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binarization picture to segment wires. However, this method 
is unsuitable for 3D point cloud data and cannot segment 
wires and foundation beds in the 3D substation point cloud. 
Polewski et al.[48] exploited constrained random scenarios 
to improve 3D point cloud data for the segmentation of 
falling tree stems. The positions of falling tree stems are 
fixed on ground, while the positions of affiliated facilities 
of substation equipment are not fixed, making algorithm 
not applicable for the division of wires or foundation beds. 
Sun firstly used K-means algorithm to segment the 2D 
images of substation equipment and used the fast Fourier 
transform algorithm to extract the features of the equipment 
in 2D images. Based on the mapping between 2D images 
and 3D objects, the equipment in 2D images was retrieved 
and segmented[49]. However, this algorithm aimed at 2D 
images of substation equipment and cannot segment 
3D point cloud data. Chen et al.[50] poised an improved 
RANSAC algorithm to segment roofs. The algorithm 
retains topology consistency among primitives and avoids 
under-segmentation and over-segmentation effectively. Jin 
et al.[51] proposed a 3D point cloud segmentation method 
based on a probability model. However, wires cannot be 
utterly segmented because they are connected to substation 
equipment. For equipment segmenting from the entire 
substation, Fang et al.[52] poised a forest-based to realized the 
segmentation of substation equipment by clustering method. 

However, this method cannot effectively segment wires 
and foundation bed, and it has high requirements for the 
integrity of point cloud. Therefore, the segmentation effect 
of defective point cloud is not good. Wang et al.[53] proposed 
a method to improve the relationship of neighboring points 
in local surface convexity algorithm, which mainly solved 
the problems of under-segmentation and over-segmentation 
when dealing with scattered point clouds in complex 
environment. Effective segmentation region is formed by 
judging the connected set’s characteristics, consisting of 
primary vertex and surrounding points. This method has 
good segmentation performance for convex body, but for 
non-convex body, it not exhibit good impact. The above 
mentioned method does not constitute a good effect on 
removing wires and foundation beds from substation 
equipment. Li et al.[54] proposed an improved region growth 
segmentation method. By estimating the curvature of point 
cloud data, the point of minimum curvature is set as the seed 
node, indicating that the point cloud data starts growing 
from the flattest region. The total number of segments 
can be reduced, and the growth criterion is determined 
according to the local characteristics of point cloud data to 
realize the segmentation of point cloud data. However, the 
threshold in this method must be determined manually not 
automatically. Therefore, it is difficult to segment wires and 
foundation beds effectively in a complex substation scène. 
Wang proposed a 3D colorful point cloud segmentation 
method based on the principal component feature sphere, 
which segmented 3D colorful point cloud with the 
hierarchical idea[55]. Since there is no noticeable difference 

among substation equipment in color, and the obtained 
point cloud data does not have color characteristics, it is not 
suitable for substation equipment segmentation.

The edge-based segmentation method applies 2D image 
segmentation to 3D point cloud directly. The technique 
detects edge points according to the surface properties 
of point cloud, and then groups edge points to achieve 
original point cloud segmentation. Jiang et al. proposed 
a point cloud segmentation method based on scan lines, 
which extracted the scan lines in distance image as basic 
segmentation primitive, and realized the segmentation of 
3D model by clustering the scan lines. This method has 
low computational complexity but only applies to distance 
images[56]. Sappa and Devy proposed a technique to extract 
point cloud boundaries from binary edge graphs[57], which 
can quickly segment point cloud data with uneven density. 

If the point cloud scene is relatively simple, the edge-
based method can rapidly segment point cloud data, but its 
sensitivity to noise and density renders it unfavorable for 
dense or large-scale point cloud data sets.

The region-growth-based method obtains multiple 
segmented regions that greatly differ by merging points 
or regions with similar characteristics. Compared with 
the edge-based segmentation method, the region growth 
method performs better in scenes with more noise. Besl 
and Jain first proposed the region growth segmentation 
algorithm in 1988[58]. The algorithm is mainly divided 
into two steps. Firstly, extract the curvature information 
of each point in image, determine seed points and set the 
curvature threshold. Then the seed points grow according to 
the region growth criterion to realize image segmentation. 

However, this method is sensitive to noise and time-
consuming in point cloud segmentation. Focusing on the 
time-consuming algorithm, Yang et al.[59] proposed to voxel 
point cloud approach which use voxel to represent points 
to improve growth efficiency, but this method could not 
segment the edge of point cloud. Vo et al.[60] poised an octree 
to organize point clouds and proposed an improved voxel-
based region growth algorithm. The method successfully 
segmented buildings from point cloud scenes, but it was 
limited to objects with sharp edges.

The model-fitting-based point cloud segmentation 
method’s core idea is to fit point clouds with different 
geometric shapes, such as cylinders, cube, sphere, and 
plane. The most common model fitting algorithms are 
divided into the Hough transform (HT) algorithm and 
RANSAC algorithm. HT algorithm proposed by Richard 
and Peter in 1972 is a classic feature detection algorithm 
in image processing. It maps the samples in original space 
to discrete parameter space and votes each input sample 
through accumulator. Zhang and Lu used 3D HT algorithm 
to fit cylinder and successfully separated the pipes’ point 
cloud in the process plant[61]. Han proposed an enhancement 
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to the classical HT by including a scan line, which greatly 
accelerated the convergence speed of the algorithm and 
successfully separated the spherical object on the roof 
of the building[62]. RANSAC is another model fitting 
method, and the algorithm mainly includes two steps: 
generating hypothesis from random samples and verifying 
the hypothesis. Lan proposed a GPU-based RANSAC 
algorithm, which can segment plane models quickly and 
accurately[63].

The core idea of the clustering-based point cloud 
segmentation method is to cluster regions with high 
similarity of attributes in point cloud scene into certain 
classes. Common clustering methods include K-means, 
spectral clustering and fuzzy clustering. Sampath and Shan 
extracted the normal vector of the building roof point cloud 
as a clustering condition, and realized the multi-faceted 
building roof point cloud segmentation by K-means[64]. 

Wang et al.[65] proposed a feature line extraction method of 
point cloud, and introduced the optimized fuzzy C-means 
clustering algorithm to cluster point cloud scenes. This 
method can obtain good results for the point cloud with 
sharp edges. Liu et al.[66] proposed a high-voltage tower 
extraction method based on grid characteristics. If there is 
no superposition between wires and equipment in space, 
this algorithm can quickly extract the tower

The deep-learning-based point cloud segmentation 
method is widely exploited in domains such as driverless 
cars and smart cities. The classic method is using 3D 
filter to train a convolutional neural network. This method 
can obtain good segmentation effect, but large hash rate 
requirement caused by training dataset and 3D convolution 
kernels greatly influences segmentation efficiency[67]. Qi et 
al.[68] proposed PointNet, the first neural network algorithm 
that directly processed point cloud data. This method first 
projects point cloud to a specific perspective, then processes 
it to realize the segmentation task of point cloud scenes. 

However, this method obtains the point cloud’s global 
features and ignores its local features.

4 SUBSTATION EQUIPMENT IDENTIFI- 
CATION

Point cloud identification is to sift out the template 
similar to the sample from template library as the 
identification result according to the extracted feature 
vector. The identification generally includes two steps: 
feature expression and feature matching. At present, 
3D identification algorithms can be mainly divided into 
two types: shape-based identification and feature-based 
identification.

The main idea of the shape-based identification method 
is to extract the overall shape information of the point 
cloud, such as volume, projected area, and elevation 
information, then carry out target identification. Besl and 

Mckay[69] coined a new method to identify 3D objects by 
accurate registration, which is referred to as ICP registration 
method. ICP registration method is to find the sample with 
the highest matching degree as classification result through 
continuous iterative matching. This method can accurately 
register and identify target, but its efficiency is low for 
mass data due to vast iterative computation. Dou et al.[70] 
proposed to use the rolling method to extract the contour 
features of point cloud projection after dimensionality 
reduction, then use the features for pre-recognition before 
using ICP algorithm for identification.

The feature-based identification method calculates the 
similarity between test set and template set based on the 
extracted point cloud features, then determines the object 
type in the test set. Mian et al.[71] proposed a new algorithm 
based on 3D models and realized the automatic acquisition 
of the classified model library. The offline model library 
is automatically constructed by the 3D model of object 
from its multiple unordered range images, then similarity 
calculation is performed to realize online recognition. 
Smeets et al.[72] applied mesh Scale-invariant feature 
transform algorithm to 3D face recognition. The convex 
points of 3D face surface are detected as extreme points 
of mean curvature in scale space. These feature vectors 
consisting of shape index and inclined angle near each 
outburst point are used to match to improve the recognition 
system’s robustness. Weir used unique invariant features 
extracted from images to perform matching between 
reliable objects or views of different scenes[73]. Xiao et 
al.[74] realized 3D surface recognition by using the surface 
characteristics and the rigid shape of region to align the 
object’s surface. Guo et al.[75] proposed a layered 3D object 
recognition algorithm by rotating the neighborhood points 
of projecting feature points onto a 2D plane. Guo et al.[76] 

proposed a method to recognize electrical equipment using 
subspace features. The method took the cosine value of 
the included angle between the barycenter of voxel square 
and that of point cloud as the feature and uses K-Nearest 
Neighbor to realize the recognition of 3D objects. When the 
substation equipment point cloud is relatively complete, the 
recognition rate of this method is high, but the result is not 
so satisfactory for an incomplete point cloud.

Besides, point cloud descriptors can also be used 
to identify 3D objects. Point cloud descriptors can be 
divided into global descriptors and local descriptors. The 
global descriptor of point cloud is the global description 
of a 3D target, and the typical global descriptor of point 
cloud includes: View feature histogram[77], clustered 
viewpoint feature histogram[78], global fast point feature 
histogram[79], and global radius-based[80]. The steps of 3D 
object recognition method based on global descriptor are as 
follows. The global descriptors of point cloud are extracted, 
then used to match each template’s feature descriptor. 
Finally, the template with the highest similarity is found as 
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the recognition result. This method can achieve good result 
when there is no missing or occlusion in point cloud. On 
the contrary, local descriptors only describe the features in 
the neighborhood of certain point, and the common local 
descriptors of point cloud include Point feature histogram[81], 
fast point feature histogram[82], the signature of histogram 
of orientation[83], and rotational projection statistics[84]. The 
point cloud recognition method based on local descriptors 
firstly extracts the key points of point cloud, then calculates 
the local descriptors in the neighborhood of each key point, 
respectively. Finally, local descriptors of all key points 
are used to represent point cloud objects and match with 
templates to realize 3D target recognition. The point cloud 
recognition method based on local descriptors can achieve 
good results for the incomplete point cloud. However, this 
method performs poorly when the scene contains much 
noise which influences the calculation of point features in 
local area.

5 CONCLUSION
Above all, substation point cloud modeling has gradually 

become a hot spot for research community. In substation 
3D modeling, the key steps involve segmenting substation 
equipment from the big scene, removing substation 
equipment affiliated facilities, and recognition. The mature 
solutions in these fields have not yet appeared, and the 
research still faces many challenges.

(1) The current simplification and denoising algorithm 
of the substation point cloud is usually based on voxel. 
Retaining some points in each voxel may lose the detailed 
features of point cloud. In addition, due to the gigantic 
quantity of data in point cloud scenarios, the processing 
will face many problems, such as high computational 
complexity and low efficiency. Therefore, how to extract 
feature points and remove redundant points from massive 
point cloud data is a direction worthy of study.

(2) Although many algorithms techniques have emerged, 
using deep learning algorithms. The current segmentation 
methods application is limited a certain field rather than 
substation modeling because of the huge amount of point 
cloud data, the irregular shape of substation equipment, 
the adhesion of affiliated facilities, and the inconspicuous 
distinguishing of equipment characteristics. Therefore, it is 
difficult to find a general algorithm to extract the features of 
affiliated facilities and effectively segment them.

Currently, many 3D object recognition methods are in 
place, but different recognition technology may cross with 
related image information to a certain extent, so recognition 
methods target strong. At the same time, no universal 
recognition method can solve the problem of substation 
equipment identification in complex environments. 
The recognition algorithm designed according to actual 
environment is not universal, but the ideas and technology 

used are enlightening and instructive.
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