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1 Introduction

he secure and dependable operation
ning of society. As integral elements

In contemporary electrical networks, guaranteein
of the grid is vital for preserving the smooth fun
of the power network, the precise detection a
critical for avoiding malfunctions and enhancing ility. However, owing to the
compact size and intricate design ofpi ouds, current segmentation
techniques encounter numerous difficulti

Traditional methods typically rely on : pections and the use of devices such
as laser rangefinders to meas gsition/of power lines. These methods are not

distribution system . 2001) and ensuring the safety of power systems
remains a core tagk. iti id 'nspectlon methods typically rely on professmnals

n the field of intelligent monitoring and management of transmission corridors,
iDAR remote sensing technology has garnered significant attention from researchers
due to its high precision and broad applicability (Matikainen et al., 2016). The 3D point
cloud data obtained through laser scanning not only allows for the precise identification
of power transmission lines and tower structures but also enables the monitoring of
vegetation growth height and distribution density, especially in complex terrains such as
tropical rainforests (Matikainen et al., 2016). Vegetation grows rapidly and is subject to
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varying climatic conditions, posing a threat to transmission lines. In response, Taylor
et al. (2022) proposed a dynamic modelling method based on forest growth simulation to
predict vegetation expansion trends. By integrating real-time monitoring data, this model
provides decision support for vegetation management in transmission corridors.
Implementing protective measures in advance can effectively prevent trees from coming
into contact with power lines, thereby ensuring the safe operation of the transmission
system (Zhang et al., 2019b).

These methods can effectively identify power lines and towers based on the

(Zhang et al., 2019b).
As data scale and complexity grow, traditional metho

into three-dimensional voxels for analysis, the
significantly improving classification accuracy
Fryskowska (2019) combined the random sampl
supervised learning, proposing an improved mod
method not only enhanced the recognitie

improved the ability to accurately positio es in cases of vegetation occlusion.
To further improve model performa 0 (2022) proposed a point cloud

classification method that int d loeal feature fusion, leveraging ensemble

learning techniques such ag j andom forest classifiers. These methods can

not only handle multi-g Ires
environments (Cao et al., 2022). By employing
the robustness of point cloud classification is

019). Their research demonstrates that combining the
obal features with the detailed capture of local features

sing 3D data, as they require voxelisation of point clouds, often leading to
solution and increased memory usage. In response, researchers have developed
ious direct and indirect methods to optimise the processing of point cloud data
tucha et al., 2020).

Su et al. (2015) introduced the multi-view convolutional neural network (MVCNN), a
representative indirect approach. This method projects three-dimensional point cloud data
onto multiple two-dimensional views, which are then processed by a 2D CNN. The
resulting features from these views are subsequently merged for classification. MVCNN
captures rich features within the point cloud by combining multi-view information (Wang
et al., 2024b). Although this method has shown success, challenges remain in selecting
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optimal viewpoints and avoiding information loss, particularly when processing
high-resolution data (Zhou et al., 2019).

To directly handle three-dimensional point cloud information, Qi et al. (2017a,
2017b) proposed the pioneering PointNet framework. PointNet was the first deep neural
network capable of processing unvoxelised point cloud data by extracting global
characteristics and applying symmetric operations to each point, successfully tackling the
unordered structure of point clouds. While the model performs well on simple
classification tasks, it struggles to capture local details in complex geometric stru
To address this limitation, Qi and colleagues later developed the PointNet+4
which combines local feature extraction with global feature aggregation. P
enhances classification and segmentation in complex scenes by progressi

its improvements, PointNet++ incurs substantial computational c
high-density point clouds, and challenges remain in handling irre

overcome these issues, researchers have introdu
that directly process point cloud data.

For example, Li et al. (2018) presented tl
classification and segmentation by leaimi
and organising the point cloud in an ord
dynamic graph convolutional neural ne
adjacency graphs within p01 pplies” convolution operations on the graph
structure, effectively captupi ial dependencies among points. Compared to the
PointNet series, DGCNN ‘de es_significant improvements in capturing local

elationships between points
aner. Wang et al. (2019) introduced the

dies have incorporated local self-attention mechanisms into deep
. For example, Yan et al. (2020) proposed PointASNL, which integrates

or each point in the point cloud. Li et al. (2024a) utilised multi-scale feature
agtion, established a local coordinate framework, and incorporated an offset attention
anism to further boost the model’s performance. Guo et al. (2023) merged a
artitioning head architecture with self-attention and transformers (HST-Net), efficiently
addressing the segmentation of damaged regions such as insulator degradation and
electrical arcing. Xuan et al. (2022) employed a SAG-Mask with spatial attention
strategies to extract insulator mask images, enhancing the precision and stability of the
algorithm. Zeng et al. (2022) introduced a multi-tier attention framework structured as a
feature pyramid, boosting the semantic and intricate details of feature maps at various
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resolutions. Su et al. (2021) proposed DLA-Net, which more precisely models
fine-grained local features in point clouds by integrating local self-attention mechanisms.

Despite significant advancements in existing methods, several challenges remain. For
example, the segmentation focus of PointNet++ has primarily been on visible
transmission lines and towers, with less attention given to insulators, which are crucial
components of transmission lines. Additionally, during the segmentation of insulator
point clouds, challenges such as similarity and occlusion often arise, making it difficult to
accurately classify insulators. Variations in point cloud density across different categ
can also complicate the separation of points at boundaries. PointNet++ recordsfi
values during the downsampling process in the encoding layer but does not
the positional information between different point clouds.

To address these limitations, we propose an improved Point
embedding a directional attention module (DAM) to enhance
between point clouds, allowing for better extraction of lo

allocates weights among different features and focuses
adjacent pixels of the same feature, thereby enhancing t

the semantic information of insulator point cloud
Building on the previous discussion, our key

utilises the spatial relationships bet point clouds and neighbouring areas by
incorporating a DAM. This module s isselevant information using
contextual cues, significantly i i

: solating the insulators from the pylons, thereby
nodel.

Insulafor semantic segmentation based on point cloud

years, with the growing demand for inspection and maintenance in power
s, the technology for extracting insulators based on images and point clouds (3D
tial data obtained through LiDAR) has gained significant attention as a research
hotspot. Insulators, being essential elements of the electrical transmission network, have a
direct influence on the security and reliability of the grid. Therefore, accurately and
efficiently extracting insulators in complex power scenarios has become a key topic in
electrical research. This challenge has driven the development of various solutions,
particularly through advancements in image processing and LiDAR point cloud
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technologies, leading to notable progress in this area (Zhang et al., 2019b). Several
review studies have repeatedly highlighted the importance and complexity of insulator
extraction (Miao et al., 2019).

Extracting insulators from sources like optical overhead images and infrared imaging
has emerged as a key research focus. Optical images provide high-resolution data, while
thermal imaging can reveal potential defects in insulators. However, these methods often
face challenges such as data sparsity (uneven data coverage) and occlusion in complex
environments. To overcome these challenges, combining multiple data sources
processing methods, especially using LiDAR point cloud technology, has proven
effective solution (Sohn et al., 2012; Ma et al., 2021).

Point cloud-based extraction methods for electrical components typi

Additionally, Zhang et al. (2019a) determi
identifying points at the ends of power lines and
However, many of these methods heavily rely e accurac of power line extraction
and often overlook the impact of different insulat

functions (Ma et al., 2021). This limitatien reduces icability of existing methods
in complex power scenarios, especially aling with varying voltage levels, wire
connection methods, and jumper distributt and Roverso, 2018)

These algorithmic studie 6 neglect the differences between various
components of transmissiof hape, size, occlusion, and proximity to
boundaries. In this resg C ¢ directional attention into the PointNet++

shapes, sizes, types, and scenarios of different

model, taking into
i tignal attention (PDA) not only improves the

insulators. The
segmentatlon

ckgrounds. Sun et al. (2024) created the Insulator Segmentation
, which improves the segmentation efficiency of insulators.

lication of attention mechanism in semantic segmentation of insulator
oint cloud

he attention mechanism was initially proposed by Bahdanau (2014), when it was
integrated into neural machine translation tasks. This enabled models to dynamically
allocate importance to various segments of the input sequence, allowing the model to
concentrate on the most pertinent parts of the input during translation generation. This
approach effectively mitigated the issues of information compression and loss that were
common in traditional encoder-decoder architectures. The introduction of this mechanism
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led to significant improvements in sequence-to-sequence models across various natural
language processing tasks.

In 2017, Vaswani et al. revolutionised this concept by proposing the Transformer
architecture, which is based entirely on self-attention mechanisms. Unlike RNNs, which
process sequences sequentially, the Transformer eliminated the need for sequential
dependency, processing the entire input sequence simultaneously (Vaswani et al., 2017).
This not only enhanced computational efficiency but also improved the model’s ability to
capture global context, quickly making it a dominant technology across multiple fie
image processing, Wang et al. (2018) introduced non-local neural networks

pixels, significantly benefiting large-scale image tasks.
In the realm of point cloud segmentation, Qi et al. (2017a) made ¢

fusion for classification and segmentation. However, the
capture local geometric structures and dependencies bet
improved
segmentation accuracy by introducing sampling re extraction,
allowing the model to capture finer details in local

Building on this progress, Wang et al. introd
2019 (Wang et al., 2019). This approach constru ljacency graphs for point
clouds, enabling the network to learn the evolving i ip$ between points and better
reflect changes in local structures. DGEN exceptional performance in
multiple 3D segmentation tasks and pro ticularly adaptable to handling complex
geometric scenes.
In the specific context ofggim g ation, Arastounia and Lichti (2013)

iT), and attention modules to enable the perception of
Li and Cai (2022) designed a Point Transformer layer that

prated point cloud features from different perceptual dimensions, effectively
hancing insulator segmentation in complex scenarios.

3 Method

We first briefly introduce the architecture of the PDA model, and then introduce the DA
module and the specific structure of embedding DA into PointNet++ in detail.
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3.1 Overall Architecture of PDA

Deep learning technology is pivotal in 3D point cloud segmentation tasks, particularly
when addressing complex spatial relationships and computational costs. The primary goal
of 3D point cloud semantic segmentation is to classify each point within the point cloud
data and assign it a corresponding semantic label. This process typically involves
extracting high-dimensional features and understanding intricate spatial structures.

segmentation accuracy.
As illustrated in Figure 1, the proposed directional attention (PDA)
improved network architecture based on PointNet++. It integrates a directi

propagation module that also incorporates DA.

Figure 1 Overall architecture of the proposed PDA (s€e

unit point net

. transmission line //

E) attention module (Hu et al., 2018) effectively enhances
portance; however, its design overlooks spatial information,

res, lacking effective integration of global context information. As a result,
ation may prevent the model from fully leveraging global features when
sing large-scale or complex images, adversely affecting overall performance.

ile the self-attention mechanism (Vaswani et al., 2017) is theoretically capable of
capturing global features, its computational complexity increases quadratically with input
size, resulting in significant computational and memory overhead when dealing with
high-resolution images. This limitation restricts its applicability in resource-constrained
environments. Although the non-local attention module (Wang et al., 2018) can capture
long-range dependencies, its high computational demands—especially in high-resolution
images—may lead to inefficiencies in real-time applications, impacting practicality.
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As illustrated in Figure 2, our DAM comprises spatial self-attention (SSA) and
channel self-attention (CSA). In contrast to previous attention modules, the DAM
effectively balances accuracy and parameter efficiency.

Figure 2 Overall architecture of the proposed DA (see online version for colours)

ﬁr"'.vLT
AW sC 2

i SSA CSA

Spatial Self-attention

Given a feature map F € RPWC we
. H><W><g
specifically F e R 2

S cparately computing SSA and CSA. First, the
n is achieved by focusing on the specific properties of

capture of s ariati i al features, which is crucial for recognising important
i et al.,, 2017). In contrast, CSA focuses on the relationships

f-attention mechanisms is proportional to the square of the input size, which
substantial resource consumption when processing high-resolution images
en et al., 2021). By processing feature maps separately, the model can handle local
res with linear complexity, thereby improving computational efficiency, which is
articularly important in large-scale datasets (Touvron et al., 2021).

Finally, this separate processing strategy can enhance information interaction among
features. The combination of SSA and CSA allows the model to leverage both local and
global information simultancously, establishing long-range dependencies. This
multi-scale information fusion enhances the model’s expressive capability, enabling it to
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capture more complex feature patterns and thereby improving task performance (Guo
et al., 2022).

3.2.1 Spatial self-attention

This paper proposes a spatial attention module, as shown in Figure 3. To reduce the
computational cost of matrix multiplication, we compress the channels of the input
feature map by a factor of r2. Next, the pixels in the spatial direction are rearranged 2
the channel direction of the feature map, which reduces the spatial resolutig
retaining spatial information. This operation allows the same number o
participate in the self-attention computation while decreasing the computati
enhancing the integration capability of spatial information and enrichi
information of local regions. Specifically, the channels that were co

. . C
to the input feature map size of H X WXE.

Figure 3 Overall architecture of the proposed SSA (see online@ersio lours)

5-:!'-(?

align the spatial pixels of the feature map along the channel direction. This operation
enables each pixel to participate in the attention computation while reducing the
computational burden.

We utilise the SSA mechanism to establish long-range dependencies between pixels.
The spatial attention calculation formula is as follows:
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T
SSA (X, X, X, )=| 22X gl x )
( 02 K> V)_ D v

2
where B represents the relative position encoding, and D = Y is used for normalisation.

Through this operation, although the spatial resolution of our feature map is reduced, the
number of pixels participating in the computation remains unchanged. This strengthe
the network’s ability to extract spatial and local information. Next, we reshape thede

map to match the size of the input feature map for subsequent processing. We,d
output feature map of equation (2) as A € R™W<C| with the reshaping pro
in equation (3):

V54 = reshape(A4)

where Vsgssa represents the feature map generated by ghe and

H><W><9

Vssa € R 2.

3.2.2 Channel self-attention

In Figure 4, we compressed the number of channgl\in the featute map and rearranged the
spatial pixels into the channel direction of the chieving participation of
each pixel in the computation while i 1onal load. This operation
preserves spatial information and enhan xtraction of local information. To further
strengthen the long-range relationships i
designed the channel attention module to rmation from the feature map in the
channel direction.

CSA (X, Xy

long-range interdependencies between each channel and the others. Without
e effect of channel attention, the information of each channel does not establish
ctions with the information from other channels, which is detrimental to point cloud
mentation. On the other hand, CSA enables information interaction between channels
and establishes long-range interdependencies between pixels.
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Figure 4 Overall architecture of the proposed CSA (see online version for colours)
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R
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3.3 The workflow of PDA network architect

PointNet++ builds upon PointNet by const
aggregating larger local regions within the h ical pgint cloud structure. The
aggregation abstraction layer of PointNet+ + con ampling layer, a grouping
layer, and a PointNet layer. The PDA eiver is an N X (d + C) matrix of point
cloud input, representing N points wif] stonal geometric information and
C-dimensional features.

ing a hierdrchical point grouping,

In the sampling layer, oz e point cloud serves as a centroid, scanning
surrounding points within to constrlict a local region. The grouping layer then
collects and groups th¢ mput size is N x (d + C) and the centroid
coordinates are of each centroid, K points are sampled within a radius r.

Consequently,
N x(d+C) , where each group represents a local region. Here, K

ats in the neighbourhood of the centroid.

mber of points in the local region. The output point cloud data
er is generated by aggregating the centroids and the encoded local

oud set, serving as input for the next DA module, generating higher-level
features until all point sets are aggregated to form the complete point cloud
tures. The DA module establishes global long-range dependencies within the point
through a stacked CSA module and a SSA module.

Similarly, the decoder of the PDA consists of three feature propagation modules. It
first receives high-level features from PointNet++, which are extracted through a
multi-level point feature abstraction (set abstraction, SA) and feature propagation (feature
propagation, FP) process, capable of representing different hierarchical information of the
point cloud. During the feature propagation phase, the decoder utilises connections from
low level features to high-level features, propagating features to all original points
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through interpolation and skip connections. This process ensures that detailed features are
not lost during abstraction.

The transfer of features during the propagation process can be described by the
formula N; x (d + ¢). Here, N; represents the number of input points, d is the dimension
of each point feature, and c is the dimension of the additional contextual features. In this
process, shallow features are computed based on the deep features of each point in the
current network, transferring the N; x (d + ¢) point features to Ni_; points, where Ni_; and
N represent the number of points before and after downsampling in the SA
respectively. This mechanism ensures that each target point can obtain rich infefin
from the original point set, thereby enhancing the quality of feature representatior

ioritise specific features

while suppressing less important ones. This m ances the accuracy and

effectiveness of the outputs generated b decoder:

The SSA module improves the und ing of both local and global context by
capturing the spatial relationships betwi his allows the decoder to fully
consider the dependencies am i intds in the point cloud, leading to the

generation of detail-rich
scenes. The integratio
synthesise informati

ing the model’s adaptability to complex

LiDAR laser scanning to obtain point cloud data related to power
d towers across provinces such as Jiangsu, Sichuan, and Jiangxi.

Leica and Faro. Selecting appropriate scanning positions is crucial to cover
areas; therefore, multiple scans from different angles and heights are
mended to enhance data completeness and accuracy. For post-processing,
essional software such as Cyclone or Cloud Compare was used for data stitching,
enoising, and generating 3D models, resulting in clear point cloud data that facilitates
subsequent analysis.

In addition, drone aerial photography provides an efficient method for covering large
areas. Drones equipped with high-resolution cameras or LiDAR sensors, such as those
from the DJI Matrice series, were employed. Before conducting aerial photography, a
detailed flight plan was developed to ensure complete coverage of all important areas.
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Appropriate flying heights and image overlap were set according to specific requirements
to obtain high-quality images or point clouds. After the flight, software like Pix4D or
Drone Deploy was utilised to convert the images into point cloud data for detailed 3D
modeling and analysis.

Once the point cloud data is obtained, processing software such as MeshLab or PDAL
is employed for cleaning, filtering, and feature extraction, ensuring the accuracy and
reliability of the data. These processing steps aid in identifying key features, such as the
height of power lines and the condition of insulators, thereby providing valuable s
for subsequent analysis and decision-making.

4.1 Experiment implementation

In this research, we conducted experiments on an Ubuntu 16.04 se
demanding tasks involved in training and evaluatin
segmentation model. We utilised Python 3.10.12 and P

During the training phase, we meticulously eters to ensure
optimal performance. The model underwent 200 i

iteratively from the dataset. The learning rate et to 0.01,and the Adam optimiser
(Kingma, 2014) was used, a widely adopted meth ing deep neural networks.
These settings were chosen to balance nd computational efficiency,
enabling effective training.

By leveraging this experimental setu € tghly evaluated the performance of
our point cloud semantic sega ation model. The combination of powerful hardware
e mecessary tools to conduct comprehensive
from our research.

y)=-a,log(p,)(1-p,) (6)
e above formula, o represents the class weights, similar to the class weights in
eighted cross-entropy. The coefficient y is used to adjust the model’s focus on
hard-to-classify samples. By reducing the weight of easy-to-classify samples, y enables
the model to focus more on difficult-to-classify samples during training.
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4.3  Evaluation indicators

This study utilises evaluation metrics derived from the confusion matrix to
comprehensively assess the model’s performance in point cloud semantic classification
tasks. The confusion matrix is shown in Table 1. TP refers to instances where the model
correctly identifies positive samples as positive, FN denotes cases where the model
incorrectly classifies positive samples as negative (false negatives or omissions), FP
indicates situations where the model wrongly labels negative samples as positive

samples as negative.

Table 1 Confusion matrix
Positive
Actual Positive TP
Negative FP
To provide a comprehensive evaluation of the experi cy (pre), recall

ction over union
Formula (7

(rec), intersection over union (IoU) and mean inte
The calculation process of precision is shown

TP
I =— 7
e TP+ FP M
The calculation process of recall rate is s la (8),
P
Irec al— (8)
TP+ FN
The calculation proc
IoU = €))
U is shown in Formula (10),
TP
— (10)
TP+ FP+FN

shown in Table 2, we conducted a series of experiments that sequentially removed or
ed these components, demonstrating a decline in overall performance when each
ponent was absent. The introduction of the CSA component resulted in an increase of
1.02 in Ipre and an increase of 1.07 in I compared to the baseline model PointNet+ +.
The component achieves feature correction by eliminating irrelevant and redundant
features. Additionally, with the sequential addition of CSA and SS, the PDA model,
compared to PointNet++, showed increases of 2.44 and 2.4 in Iy and Iy, respectively.
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Table 2 Perform ablation experiments on different components of the model
Module Lpre% Trec%
PointNet++ 92.12 93.14
CSA 93.14 94.21
SSA 93.89 94.68
DA 94.12 95.23
PDA 94.56 95.54

Figure 5 Ablation experiment for visual comparison using PDANet (see online vegsion
for colours)

second row (e-h) respectively represents the predicted segmentation result
esponding to the first row (a-d).

further illustrate the role of the modules, we visualised the segmentation results for
rent shapes. As shown in Figure 5, predictive segmentation results of the PDA model
der four different shapes. We randomly selected four different types of transmission
towers and visualised them. In the visualisation, green represents insulators, and e, f, g, h
represents the backbone, embedded SSA, embedded CSA, and DA, respectively. From
image f, it can be seen that, except for the slight imperfections in image f, all other
images align with the label prediction results. This indicates that combining CSA and
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SSA can establish long-range relationships from a global perspective, thereby improving
the performance of predictions.

4.5 Comparative experiments with advanced methods

Based on the experimental results shown in Table 3, the PDA model shows considerable
enhancements over PointNet and PointNet++ in several categories, such as lion, tower
and insulator. Notably, in the tower category, the IoU for PDA reached 83.1, highlig
its clear advantage in overall performance and achieving a mean IoU (mlo
which far exceeds that of other models.

The effectiveness of the PDA model can be credited to its integrated ¢

tower, and insulator categories.

Table 3 Comparative experiments with advanced me

1

Model mloU
Lion To Iasulator

PointNet 332 34.2 40.9

PointNet++ 47.2 48.1 494

PDA 62.6 69

To further confirm the bene

@ A dels, such as PointNet and PointNet++, as
d £ ent labeled shapes for this comparison. In the

monstrated in the third column, the segmentation results from
nificant improvement over those of PointNet.

n is observed. This challenge primarily arises from the lack of differentiation
tween classes and insufficient contextual information. To address this issue, we
dded SSA and CSA into PointNet++ to capture pixel dependencies in both channel
d spatial dimensions, while distinguishing the differences among classes. Notably, in
the implementation of CSA and SSA, we employed compression and rearrangement of
pixels. This approach allows for achieving strong segmentation performance without
increasing computational overhead.



18 S. Lietal

Figure 6 Visualised experimental results compared to state-of-the-art methods (see online
version for colours)

tilises data obtained from LiDAR scanning for precise segmentation, serving
an effective tool for risk management. We propose a PointNet++ model based on
onal attention, referred to as PDA, which provides a robust method for segmenting
nt cloud transmission corridors. PDA adopts the end-to-end structure of PointNet++
and incorporates CSA and SSA into both the encoding and decoding sections. CSA
handles pixel interactions across channels in the feature maps, differentiating between
pixels of the same class and those from different classes, while SSA creates spatial
dependencies between pixels to capture detailed contextual information. By leveraging
CSA and SSA, we obtain global pixel dependencies and effectively capture the positional
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and spatial relationships of various features, leading to significant improvements in point
cloud segmentation. In future research, we will place greater emphasis on the refined
segmentation of insulators within transmission corridors. Additionally, while prioritising
accuracy, we will also consider real-time requirements to enhance the practical
applicability of our model.
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