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GKCAE: A graph-attention-based
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semantic segmentation of
high-voltage transmission
corridors scenario LIDAR data

Su Zhang*, Haibo Liu, Jingguo Rong and Yaping Zhang

State Grid Economic and Technological Research Institute Co., Ltd., Beijing, China

Accurate semantic segmentation of airborne LiDAR point clouds is essential
for the intelligent inspection and maintenance of high-voltage transmission
infrastructure. While existing methods predominantly focus on major structural
components such as towers and conductors, they often fail to address the
fine-grained segmentation of smaller yet critical elements, including ground
wires, crossing lines, and insulators. To tackle this limitation, we propose a
novel network architecture—Graph-Kernel Convolution Attention Encoder
(GKCAE)—designed for multi-class, fine-grained semantic segmentation of
transmission corridor point clouds. GKCAE first captures local geometric
features using Kernel Point Convolution, and then models inter-class spatial
relationships through Graph Edge-Conditioned Convolution to incorporate
global contextual information. Additionally, a Channel-Spatial Attention
Module is introduced to enhance point-level feature representations,
particularly for small or geometrically similar classes. Experiments conducted
on three realworld transmission corridor datasets demonstrate that our
method achieves a mean Intersection over Union (mloU) of 81.93% and
an Overall Accuracy (OA) of 94.1%, outperforming existing state-of-the-art
approaches.

ALS point clouds, semantic segmentation, graph edge convolution, high-voltage
transmission corridors, deep learning

1 Introduction

High-voltage transmission line inspection is a vital and routine task in power
systems, crucial for ensuring the safety and stability of electricity supply. Its
primary objective is to assess the structural integrity of power infrastructure
components—including conductors, towers, and fittings—while identifying potential
hazards such as vegetation encroachment, geological disasters, and tower tilts (Yang et al.,
2020). Due to its high accuracy, rapid data acquisition, and all-weather operational
capability, airborne Light Detection and Ranging (LiDAR) technology has been
widely adopted for transmission line inspection. Semantic segmentation of LiDAR
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point clouds, as a fundamental step in intelligent inspection
workflows, enables precise differentiation of key elements such as
conductors, towers, and vegetation, thereby enhancing automation
and supporting fine-grained management and intelligent analysis.

Previous research on the semantic segmentation of transmission
line point clouds has predominantly relied on handcrafted
features and physics-based constraints (Huang et al., 2021; Rejichi
and Chaabane, 2015). Conventional methods include terrain
classification using machine learning algorithms such as Random
Forests and Support Vector Machines (SVM), as well as line-
and surface-based feature extraction using Principal Component
Analysis (PCA) and geometric descriptors. Although these
approaches have achieved promising results, they suffer from
limitations such as high parameter sensitivity, low computational
efficiency, and poor generalization capability. As a result, they are
typically constrained to specific datasets and narrowly defined
scenarios, rendering them inadequate for the large-scale, high-
performance, and fine-grained requirements of modern intelligent
inspection tasks.

Recently, deep learning-based 3D point cloud semantic
segmentation has been extensively explored in domains such as
indoor navigation, smart cities, digital twins, plant inspection, and
autonomous driving (Hu et al.,, 2020; Fan et al,, 2021; Yin et al,
2023; Landrieu and Simonovsky, 2018; Han et al., 2023; Xiang et al.,
2023; Ghahremani et al., 2021; Xin et al., 2023). In parallel, fine-
grained semantic segmentation methods have attracted increasing
attention due to their ability to differentiate visually similar and
spatially adjacent components in complex environments. For
instance, SSC-Net employs a multi-task joint learning strategy for
segmentation and classification, demonstrating high performance
in challenging biomedical imaging scenarios (Sha et al., 2025).
Similarly, IndVisSGG introduces a vision-language model-based
scene graph generation framework for industrial applications,
effectively capturing small-scale structures with contextual
reasoning (Wang et al, 2025). In the domain of multimodal
learning, Vman integrates visual-modified attention mechanisms to
enhance semantic recognition across tasks involving subtle feature
variations (Song et al., 2025). Moreover, sparse Bayesian learning
techniques have been successfully applied to radar data processing
for superresolution and small-target enhancement, providing a
principled approach to fine-grained signal discrimination (Zhang
and Chen, 2014). Correspondingly, there is growing interest in
leveraging deep learning techniques for semantic understanding
of transmission line environments (Shen et al., 2023; Su et al,
2022; Zhou et al.,, 2024; Shi et al., 2023; Zhao et al., 2020). Despite
notable advances, several critical challenges remain. (1) Most
existing methods focus on segmenting broad object categories
(e.g., ground, buildings, vegetation, towers, conductors) while
neglecting the fine-grained segmentation (Lin et al, 2021) of
essential metallic components such as ground wires, insulators, and
drainage wires, which are indispensable for power system safety.
Although certain studies have incorporated spatial topological
constraints to distinguish ground and cross-span wires, the
accurate segmentation of insulators and drainage wires remains
challenging due to their similar geometric characteristics and close
physical proximity to towers and conductors (Wang et al., 2023).
Some approaches introduce additional post-processing steps to
differentiate conductors from insulators; however, these techniques
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are typically time-consuming and highly sensitive to parameter
settings, which limits their practical applicability. (2) Transmission
corridor point clouds exhibit a strip-like, continuous spatial
distribution. Traditional point-based sampling strategies (e.g., k-
nearest neighbors, farthest point sampling) are often inadequate due
to scale disparities along the XY axes, thereby hindering full-scene
sampling and reducing the model’s capacity to learn discriminative
features for small-class objects. Moreover, a single transmission
span—comprising two towers and the connecting segment—can
contain tens of millions of points, while critical components such
as conductors, insulators, and drainage wires may account for less
than 5% of the total data. Therefore, developing effective encoding
and feature learning strategies specifically tailored to the unique
structure of transmission corridor point clouds remains an open
and significant research challenge.

To address these issues, we propose a fine-grained semantic
understanding encoder network for transmission corridors based
on airborne LiDAR point clouds. We introduce a Graph Edge-
Constrained Convolution with Attention Encoder (GECCAE),
which performs local-to-global feature encoding from both point-
wise and class-aware perspectives, enabling high-accuracy, robust,
and fine-grained semantic segmentation of transmission corridor
components. The main contributions of this study are as follows:

1. A Graph Edge-Constrained Convolution (GECC) module
guided by segmentation, which models inter-class geometric
relationships to enhance geometric feature extraction and
significantly improves inter-class distinction for precise
semantic boundary delineation.

A novel Channel-Spatial Attention Module (CSAM) that
captures cross-scene contextual dependencies and jointly
modelslocal and global features, thereby enhancing point-level
semantic understanding.

A systematic classification schema tailored for modern power
grid asset management. Extensive quantitative and qualitative
evaluations on multiple real-world transmission corridor
datasets demonstrate that the proposed method outperforms
existing state-of-the-art approaches in various power line
segmentation tasks.

In addition, recent advances in multi-scale spatiotemporal
interactive fusion networks (Ma et al, 2025), deep core node
information embedding (Fei et al, 2025), history-enhanced
3D scene graph reasoning Feng et al. (2025), and pixel-level
noise mining (Liu et al., 2025) have provided new insights and
methodologies for addressing the challenges of fine-grained
semantic segmentation in transmission corridor point clouds. These
studies have significantly improved model performance in complex
scene understanding and segmentation accuracy by introducing
techniques such as multi-scale feature fusion, deep information
embedding, and temporal context enhancement. In particular, the
multi-scale spatiotemporal interactive fusion network enhances
the ability to capture dynamic changes and spatial relationships
of key components by integrating features across multiple spatial
and temporal scales. Meanwhile, pixel-level noise mining offers an
effective strategy for mitigating noise in point cloud data, further
improving the accuracy and robustness of segmentation results.

The structure of this paper is organized as follows. Section 1
outlines the research objectives and summarizes the main
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contributions. Section 2 reviews the current state-of-the-art
methods and analyzes their advantages and limitations. Section 3
presents the proposed methodology, including the Kernel Point
Convolution (KPConv) module, the Graph Edge-Conditioned
Convolution (GECC) module, the Channel-Spatial Attention
Module (CSAM), and the overall network architecture. Section 4
reports the experimental results on real-world transmission corridor
datasets, compares our method with existing approaches, and
discusses its effectiveness. Finally, Section 5 concludes the paper

and outlines potential future work.

2 Related works

In recent years, the semantic segmentation of LiDAR point
clouds has emerged as a key research focus for the intelligent
inspection of power transmission corridors. Existing approaches can
be broadly categorized into traditional methods and deep learning-
based techniques.

2.1 Traditional methods

Traditional methods primarily employ either unsupervised
or supervised machine learning techniques, relying heavily on
handcrafted features and predefined physical constraints.

Unsupervised methods, such as Principal Component Analysis
(PCA), are widely used to identify linear structures such as
power lines by computing dominant eigenvectors. These approaches
offer high computational efficiency; however, they are sensitive to
outliers and exhibit limited capacity in modeling complex spatial
configurations, resulting in suboptimal performance for large-scale
semantic segmentation tasks (Rejichi and Chaabane, 2015; Hui et al.,
2021; Nurunnabi et al., 2012; Cao et al., 2025).

Supervised classification methods, including Random Forest
(RF) (Jiang et al., 2022; Liao et al., 2022; Ni et al., 2017; Tang et al.,
2023) and Support Vector Machines (SVM) (Chen et al., 2019;
Zhang et al, 2013), utilize manually crafted feature vectors to
perform object classification at the scene level. RF enhances
robustness through ensemble learning, but suffers from limited
interpretability and difficulty in distinguishing geometrically similar
objects. SVM seeks an optimal hyperplane in high-dimensional
feature space; however, its performance often deteriorates in multi-
class segmentation scenarios due to challenges in defining consistent
decision boundaries across diverse object classes (Zafar et al., 2018).

Opverall, these traditional approaches are inherently constrained
by their reliance on domain-specific rules and limited generalization
capabilities, rendering them inadequate for modern large-scale, fine-
grained monitoring of power transmission systems (Mirzaei et al.,
2022; Grothum et al., 2023; Shen et al., 2024).

2.2 Deep learning methods

With the rapid advancement of 3D deep learning, point cloud
semantic segmentation has achieved significant progress across a
wide range of domains, including autonomous driving, digital twins,
and smart grids. Deep learning-based methods can generally be
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categorized into point-based methods, convolution-based methods,
and hybrid approaches.

2.2.1 Point-based methods

Point-based methods directly operate on 3D spatial coordinates,
thereby preserving the raw geometric structure of point clouds.
PointNet and its variants, such as PointNet++ (Charles et al,
2017; Qi et al., 2017) and RandLA-Net (Hu et al., 2020), utilize
multi-layer perceptrons (MLPs) and farthest point sampling (FPS)
strategies to perform per-point semantic prediction (Lawin et al.,
2017; Lai et al., 2022). SCF-Net (Fan et al., 2021) and Stratified
Transformer (Lai et al., 2022) further extend these frameworks by
aggregating local contextual information through neighborhood-
based encodings and attention mechanisms. While these models
offer architectural simplicity and computational efficiency, they
often struggle to accurately segment small object categories due to
downsampling-induced feature dilution.

Recent studies have applied point-based techniques to
power grid scenarios. For instance, Zhang etal. enhanced
PointNet by incorporating geometric feature extraction (GFE) and
neighborhood information aggregation (NIA) modules to segment
power lines and towers in railway environments (Zhang et al.,
2022). Su et al. (2022) and Yu et al. (2023) employed PointNet++
for high-precision segmentation of transmission structures, while
Yu etal. additionally proposed a dual-stage sampling strategy
based on RandLA-Net to improve segmentation accuracy for wires
and towers.

2.2.2 Convolution-based and graph-based
methods

Convolution-based methods aim to regularize the irregular
structure of point clouds through voxelization or kernel-based
strategies, thereby enabling the application of convolutional
(CNNG).
KPConv and PointCNN employ kernel point convolution

neural networks Representative models such as
and learned transformation metrics, respectively, to effectively

capture local geometric context (Thomas et al, 2019;
Thomas et al., 2024; Huang et al., 2024).

Graph-based methods transform point clouds into graph
structures that explicitly represent spatial relationships among
neighboring points. Graph neural networks (GNNs), including
DGCNN, SPG, and SPT, utilize these representations to facilitate
bothlocal and global feature learning (Wang et al., 2019; Simonovsky
and Komodakis, 2017; Robert et al., 2023). These models
have demonstrated superior capability in modeling topological
relationships, making them particularly well-suited for corridor-like
scenes with strong spatial continuity.

In the power grid domain, several studies have adopted
PointCNN for UAV-based transmission line segmentation
(Zhao etal., 2023; Zhou et al., 2024), while others have incorporated
attention mechanisms into KPConv-based frameworks to enhance

feature extraction in power corridor environments.

2.2.3 Multi-modal and hybrid methods

Some recent studies have explored multi-modal fusion
strategies to overcome the limitations of single-representation
learning. RPVNet employs a deep adaptive Range-Point-Voxel
fusion framework to integrate complementary information from
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different modalities (Xu et al., 2021). PVCNN Liu et al. (2019)
combines point-based and voxel-based features to enhance semantic
representations. Wang et al. (2023) further introduced coordinate
attention mechanisms into PointNet++, resulting in an end-to-end
CA-PointNet++ model that improves spatial feature awareness.

Despite considerable progress, directly applying existing deep
learning models to transmission corridor scenarios remains
challenging. Point cloud data in these environments often exhibit
high sparsity, severe class imbalance, and a large number of
small-scale target components. These characteristics significantly
hinder model performance, particularly in identifying critical but
underrepresented elements such as insulators, ground wires, and
drainage lines. Moreover, the elongated spatial distribution of
corridor scenes complicates traditional point sampling strategies
(e.g., KNN, FPS), thereby weakening the network’s ability to capture
global and contextual features. Consequently, there is an urgent
need for customized semantic segmentation models specifically
designed to address the unique spatial and structural properties of
high-voltage transmission corridors.

3 Methodology

Due to the characteristics of airborne LiDAR scanning and the
highly unbalanced spatial distribution of scene elements in high-
voltage transmission corridors, the resulting point clouds typically
exhibit significant sparsity and severe class imbalance. Although
some studies have attempted to enhance segmentation performance
for small-sample classes using data augmentation techniques, these
approaches operate primarily at the data preprocessing level and fail
to address the fundamental limitations of network generalization.

The core challenge in semantic understanding of transmission
corridor scenes lies in achieving accurate and fine-grained
segmentation of key power infrastructure components, including
towers, conductors, and associated metallic fittings (e.g., insulators
and jumper wires).

To tackle this problem, we propose a novel architecture
termed Graph Edge-Conditioned Convolution Attention Encoder
(GKCAE). This network integrates graph convolution and point
convolution to jointly encode local-global relationships at both
the point-level and class-level representations. Furthermore, a
context-aware attention module is incorporated to aggregate multi-
scale semantic features and enhance deep feature extraction. This
design enables robust, high-precision, and fine-grained semantic
segmentation of complex point cloud data from power line
corridors.

3.1 KPConv block

Our work focuses on three-dimensional point cloud data
from high-voltage transmission corridors scenario. We employ a
convolutional architecture that integrates kernel point convolutions
and graph-based modeling to extract point-wise semantic features.
The KPConv block is implemented following the variational
convolutional framework proposed in Thomas et al. (2019), and its
structure is illustrated in Figure 1.
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Our work focuses on three-dimensional point cloud data
in high-voltage transmission corridor scenarios. We employ a
convolutional architecture that integrates kernel point convolutions
with graph-based modeling to extract point-wise semantic features.
The KPConv block is implemented based on the variational
convolutional framework proposed in Thomas et al. (2019), and its
architecture is illustrated in Figure 1.

In KPConv, each convolutional kernel is composed of a set of
kernel points with predefined coordinates in 3D Euclidean space.
For a given input point, convolution is performed by computing
weights based on its relative position to these kernel points. The
input to the KPConv layer consists of both spatial coordinates
and associated feature vectors. The spatial coordinates, typically
represented as (x,y,z), encode the geometric structure and spatial
relationships among points in the cloud. Formally, a KPConv
kernel is defined by a set of kernel points {pi}Ll, where each p,
denotes a kernel point in 3D space. These kernel points serve
as learnable positions analogous to filter weights in conventional
image convolution, but are distributed irregularly to adapt to the
unstructured nature of point clouds. During training, the positions
of the kernel points are optimized to improve feature extraction
capability, allowing KPConv to capture local geometric variations
more effectively than grid-based methods.

Given an input point cloud P € RV and its associated features
F € RMP, the kernel g convolution for a point x; can be defined
as follows (Equation 1):

(Frg®) =) glx-x)f; (1)

Xx;€N,

Further, it can be explained that for each input point x;, the
network searches for a set of neighboring points N(x;). This is
typically accomplished using a nearest neighbors search, where
neighbors are determined by calculating the Euclidean distance [|x; —
x|l between points and selecting the nearest n points (or within
a spherical neighborhood). KPConv performs a distance-weighted
convolution operation. The output feature f] for each input point x;
is computed as follows (Equation 2):

AT ¥

jeN(x;) k=1

Here, h(:) is a weighting function, such as a Gaussian kernel, that
calculates the weight based on the distances between neighboring
points x; and kernel points p;. The convolution kernel defined by
the kernel points aggregates features from the neighboring points
through weighted summation to produce a new feature vector.
This new feature effectively captures local geometric and attribute
information, representing the characteristics of the point cloud.

Additionally, to enhance the learning capability for varying
object sizes, the convolution can incorporate deformable kernels.
While some scholars argue that deformability has negligible effects
on ALS data (Lin et al., 2021; Wen et al., 2021; Wen et al., 2020), we
believe that in the context of high-voltage transmission line scenes,
deformable KPConv can adapt to local geometric shapes, thus
enhancing the representation of detailed features. This is particularly
beneficial for capturing the significant geometric variations of
objects such as power towers and buildings. Therefore, in our work,
we still adopt a mixed approach as suggested by Thomas et al. (2019),
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FIGURE 1

Structure of the Kernel Point Convolution block (KPConv).

Thomas et al. (2024), incorporating both rigid and deformable
kernels within the overall semantic segmentation structure. The
calculations and definitions for the deformable kernel features are
expressed in Equations 3, 4:

(F*g) (x) = z 8deform (xi_x’A(x))fi (3)
X, €N,
Sactorm I AX)) = Y h(y (B + Ay (%)) W (4)
k<K

Here, Ay (x) represents the offsets generated by the rigid KPConv,
mapping the dimension of input features to 3K values. During
training, the network simultaneously learns to generate shifts for the
rigid kernel and output features for the deformable kernel, with the
learning rate for the former set to 0.1 times that of the global network
learning rate. After the convolution operation, nonlinear activation
functions, specifically ReLU, along with batch normalization, are
applied to enhance the model’s nonlinear capacity and stability.

3.2 Graph edge-conditioned convolution
block

Although KPConv can learn local features of points through
direct point convolution, its neighborhood learning limitations
prevent it from obtaining a broader receptive field, particularly
for capturing global information. Additionally, point-wise features
fail to encode relationships between objects within a scene,
resulting in challenges when exploring interactions among
objects. This limitation affects our task by hindering the accurate
segmentation of transmission lines and other linear targets, as well
as distinguishing between poles and buildings that may be obscured
by vegetation. Previous work has demonstrated that incorporating
global contextual information can enhance model performance
for large-scale semantic segmentation tasks (Thomas et al., 2019;
Huang et al., 2024). To address this issue, we introduce a Graph
Edge-Conditioned Convolution (GECC) block to encode and
extract features based on dependencies between global objects.
Inspired by SPG and DGCNN, we designed the GECC block,
illustrated in Figure 2. We construct graphs from geometric
homogeneous points along line segments to capture relationships
between objects. By combining segment features with point features,
the network can adaptively encode local and global features, thereby
achieving improved semantic predictions on the ALS dataset.

Frontiers in Earth Science

For the definition of the graph structure and embedding
encoding, our process is as follows. First, for edge-conditioned
convolution, we consider it as a directed or undirected graph
G=(V,E), where V is a finite set of vertex geometries with
|V|—n and E€ VxV is a set of edges with |E|=m. Let Ie
{o, .. } be the layer index in the feedforward neural network.
There exists a function X:V — ]Rf that assigns labels to each

max

vertex, and L:E— R that assigns labels to each edge. We
utilize the concept of the Superpoint graph from SPG and
apply an unsupervised L,-cut pursuit algorithm (Landrieu and
Obozinski, 2017) to partition the point cloud into individual
clusters. This step involves pre-computing semantic labels and
predefined geometric features before training. As a result, the graph
structure remains fixed, eliminating the need to update segment
labels repeatedly during training, thereby avoiding unnecessary
computational overhead.

Next, we construct the graph structure based on the input. Given
a point cloud P with its geometric features X, (such as linearity
or normal vectors), we build a directed graph G = (V,E) and set its
labels X° and L as follows. We create a vertex i € V for every point
p € P and assign the respective signal to it by X°(i) = X,(p) (or 0if
there are no features Xp(p)). Then, we connect each vertex i to all
vertices j in its spatial neighborhood via a directed edge (j,7). The
edge-conditioned convolution can dynamically produce filtering
weights <Déj)i) € R%41 based on the edge (j,i) and flexibly handle
varying neighborhood sizes to capture contextual information
between different segments. Algorithm 1 presents the pseudocode
for constructing the graph structure and computing the features
using the Graph Edge-Conditioned Convolution (GECC) module.
The computation of ECC is as follows (Equation 5):

Y QXU b (5)

l) l JEN(i)

We learn the parameters CD ; from a multilayer perceptron. The

edge features (j, i) are processed by (D (. to generatea weight matrix,
which is then used to perform matrix-vector multiplication with the
features of neighboring nodes. Finally, the updated node features
are directly backpropagated to each point, resulting in Fy, . € RN
as the output of this block. Physically, this formulation enables
each point to aggregate and filter geometric features from its spatial
neighbors, allowing the model to learn contextual relationships

based on local geometry.
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FIGURE 2
Structure of the Graph Edge-Conditioned Convolution block (GECC).

Require: Point features F;, e R™Cn,
Sell, . N

Ensure: Output features F,,, € R™Cou
10 Fy < ReLUBN(CONV;y (FiphCy)))

21 Fioea1 < KPConv(F;)
3: for k=1 to N; do

segment labels

sLocal featuresinR"™

4: Mo < mzs(p):k’rlocal[p]

5: Construct graph G=(V,E) with segments {s,} as
nodes and fully connected edges

6: for each node ieV do

7: agg< 0

8: for each neighbor jeN(i) do

9: €5 <M M,

181 0, —6(egl) e ROC

11:  agg—agg+9o/ -
12 M;Hm-aggﬂ)l »Eq.(5)
13: for each point p do

T4: Fegolpl — My,

15: Fear < Concat(Fipeat>Feco)

16 Frixed « BN(CONVy,q (FeatsCout))
171 Fres < ReLUBN(CONV 4 (Fipn,Cout)))
18: Four <« ReLUBN(F i xeq + Fres))

19: return F

out

Algorithm 1. GECC Block Feature Generation Algorithm.

3.3 Channel-spatial attention module

Contextual information is essential for capturing global
relationships within a scene. In point cloud semantic segmentation,
local features typically focus on the geometric properties of points
within a local neighborhood, but points belonging to the same
category can share similar characteristics despite being spatially
distant. Identifying the correlations among points in feature space
can significantly improve the model’s predictive accuracy. The
Channel-Spatial Attention Module (CSAM) is frequently used
in remote sensing to model the global contextual information

Frontiers in Earth Science

of targets in images, enhancing the global feature representation.
Similarly, we employ a CSAM to compute the attention of features
processed by the graph-point convolution, allowing for the modeling
of similarities between distant targets and improving the global
understanding of the scene.

As shown in Figure 3, the input features are projected
into different feature subspaces through various learnable fully
connected layers, which are then used to construct queries,
keys, and values for the attention function. The output of the
attention function serves to enhance the features by encoding global
contextual information. Our channel attention mechanism focuses
on selecting and amplifying the features that are most beneficial
for the network. In Figure 3, the weights for different features
are computed by analyzing the relationships between them. These
computed weights are then multiplied with the features to emphasize
those that are crucial for network classification. During this weight
computation, we reduce the spatial dimensions of the input features
to improve computational efficiency. For multi-feature aggregation,
unlike PointNet, which directly applies max pooling, we use average
pooling to better capture the extent of target categories. Thus, before
summation, we perform feature aggregation using both max pooling
and average pooling. The specific operations of the channel attention
mechanism are outlined as follows.

First, we aggregate spatial dimension information between
different feature channels using both average pooling and
max pooling to obtain the average pooled feature F:ii and the
max pooled feature F)'C‘:a};‘ Then, these two distinct features are
input into a multi-layer perceptron (MLP) network to generate an
important feature mapping function M, € R™P. This MLP network
consists of two fully connected layers, an activation function, and
a dropout mechanism applied after the second fully connected
layer to enhance the network’s generalization capability. Finally,
the results from the MLP processing of the two different features
are summed element-wise, which can be expressed as follows
(Equations 6, 7):

Me=o(o(E5) o (F1)) ©

i)

o
Fyy =M. (Fx<w>) © F"(m @)

X(i)
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where @ and O represent element-wise addition and matrix
multiplication, respectively, o denotes the activation function, and
¢ represents the MLP network.

The spatial attention module is specifically designed to select
neighborhoods that are more beneficial for expressing point
cloud shape information, as illustrated in the flowchart below in

Frontiers in Earth Science

Figure 3. For the input features, we first apply average pooling and
max pooling operations to enhance the focus on the relationships
between different object categories. Notably, the features here are the
aggregated feature matrics from GECC and KPConv, representing
a point-object level feature aggregator. Next, we concatenate the
resulting features M, € R®*! and perform convolution operations to
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Dataset II

FIGURE 6
Display of the dataset and annotation results used in the experiment.

Dataset [

Dataset III

generate different attention coefficients:
M= 0((/) [emax (F’,‘(nj)) ”63"8 (F’,‘(i4>)] ) ®)

Frontiers in Earth Science

in Equation 8,where ¢ stands for the activation function, ¢ stands
for the MLP network, || represents the concatenation operation,
and 0,,,, and 0,,, represent the max pooling and average pooling
operations, respectively.
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TABLE 1 Class-wise point count and percentage in the test dataset.
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Finally, we combine the channel attention and spatial attention,
passing them through a fully connected network to obtain
point-wise attention scores. Through this spatial-channel attention
module, point features are updated from a global perspective,
enabling comprehensive learning of interactions between complex
points. This process enhances the model’s ability to capture
dependencies across spatially distant points, thereby improving
prediction accuracy.

3.4 Overall architecture

We propose the graph kernel convolution attention-based
encoder (GKCAE) for local-global feature encoding of airborne
LiDAR point cloud data in high-voltage transmission corridor
scenes. Inspired by previous work, we use a U-Net architecture as
the overall framework, and the designed semantic segmentation
model is illustrated in Figure 4. The model employs a five-
layer network for encoding, with the structures of graph edge-
conditioned convolution (GECC), kernel point convolution
(KPConv) and channel spatial attention module (CSAM) in each
layer depicted in Figure 5.

To capture local geometric information at multiple scales,
we applied downsampling to gradually expand the convolutional
receptive field. In the decoder, nearest-neighbor upsampling is
employed to obtain the final point-wise features. Throughout the
encoding layers, we extract local-global features and incorporate
CSAM in the first, third, and fifth layers to capture contextual
information. In addition, skip connections are used to transfer
intermediate features from the encoder to the decoder, where they
are combined with the upsampled features and passed through a
fully connected layer to produce the final semantic predictions.

To train the network, we use a weighted cross-entropy loss,
as shown in Equation 10:

NC
We= = — 9)
cleC
N C
Loss=22{wc(A;C logp,. +(1-Al)log(1-p,)) (10)
ile=

The weight w, for each class is calculated based on its proportion
in the total number of points, as shown in Equation 9, where N,
denotes the number of points in class ¢. In Equation 10, A indicates
whether the true label of the i — th sample belongs to class ¢, while
p;. represents the corresponding predicted probability.

4 Experiments
4.1 Datasets and matrics

In order to verify the effectiveness of our method, we manually
annotated three regions collected by airborne LiDAR. The data
was collected in Anhui, China, using a DJI M600 drone equipped
with a Riegl VUX-LR laser scanner. The point density of this data
reaches 40-50 points per square meter. To validate the model, we
employed the CloudCompare software for manual annotation. As
shown in Figure 6, the three datasets used in this experiment and
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Confusion matrix on the entire dataset.

their annotation results are presented. It can be observed that, in
addition to the conventional categories such as ground, vegetation,
buildings, poles and frames, and wires, we further classified the wires
into a total of 9 categories, including crossing lines, ground wires,
insulators, jumper wires, etc. For each dataset, we manually divided
it into blocks, and then partitioned them into training, validation,
and test sets at a ratio of 7:1.5:1.5 respectively, for the training and
validation of the proposed method. Table 1 shows the number and
proportion of points for each category in the test dataset. It can be
observed that there is a pronounced class imbalance in high-voltage
transmission line scenarios. Large-scale objects such as vegetation,
buildings, and ground account for more than 97% of the points,
while power facility categories represent less than 3%. In particular,
the proportions of classes like insulator and drainage thread are
even lower.

Specifically, the block division was carried out by cropping 50 m
on each side along the direction perpendicular to the transmission
line corridor. Meanwhile, along the direction of the transmission line
corridor, the data was cropped into blocks every 300 m, and a 10-
meter overlapping buffer zone was reserved between adjacent blocks
to avoid the fragmentation of ground objects during cropping.

Frontiers in Earth Science
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To quantitatively evaluate our method, we follow the protocol
adopted in previous studies (Zhou et al., 2024; Wang et al., 2023;
Jiang et al., 2022), use Overall Accuracy (OA) and Mean Intersection
over Union (mloU) as assessment metrics. OA measures the
percentage of correctly predicted points relative to the total number
of test points, while mIoU evaluates the semantic segmentation
performance across various categories. The calculation formulas are
as follows (Equations 11, 12):

TPy
OA=__—al (1)
C
1 TP
ou=+1y__ 2 12
mio CZTP+FP+FN (12)

c=1

where TP, FN, and FP represent true positives, false negatives, and
false positives, respectively, in a confusion matrix.

4.2 Implementation details

In terms of implementation details, we adopt the Adam
optimizer to train the network, which is developed and implemented
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using the PyTorch framework. A warm-up learning rate strategy
is employed to gradually adjust the learning rate during the
initial training phase. Prior to training, additional grid-based
downsampling is applied to the input data to ensure uniform
point spacing. Specifically, the grid size is set to 0.2, and a hash
mapping between the downsampled points and the original point
cloud is maintained. During inference, a voting-based strategy is
used to map the predicted labels back to the original point cloud
based on this mapping. For the kernel point convolution layers, the
spherical neighborhood radius is set to 25 m, and the initial kernel
radius is set to 0.5 m. The receptive field gradually expands with
increasing network depth. To improve the model’s generalization
and robustness, we apply random data augmentations, including
rotation, translation, and noise injection. During training, ground-
truth semantic labels are utilized to construct and optimize the
Graph Embedding and Coordinate Conversion (GECC) graph.
However, during validation, semantic labels are excluded, and the
graph is constructed solely based on the learned features and
geometric coordinates. All experiments are conducted on a single
NVIDIA GeForce RTX 4090 24 GB GPU.

4.3 Semantic segmentation results

In this section, to validate the effectiveness and performance of
the proposed method, we conduct an analysis from both quantitative
and qualitative perspectives. Additionally, we select several state-of-
the-art (SOTA) methods of the same type for comparison. These
include the point-based MLP method, PointNet++ (Charles et al.,
2017; Qi et al., 2017), the point convolution-based method KPConv
(Thomas et al., 2019), and the Transformer-based PointTransformer
(PT) (Wu et al., 2024b; Wu et al., 2024a; Wu et al., 2022). In the
comparative experiments, the data sample partitioning follows the
strategy described in Section 4.1. For KPConv, we set the input
radius to 25 m and the initial kernel radius to 0.5 m, consistent
with the settings used in our model's KPConv block. For the
other methods, the hyperparameters are set to the empirical values
reported in their respective original papers.

4.3.1 Comparison results and analysis on the
entire dataset

We first conducted a comparative experiment on the overall
dataset, with the confusion matrix of our method presented in
Figure 7. The quantitative results, comparing our method to others,
are shown in Table 2. As observed, our method achieved an
mloU of 81.93% and an OA of 94.1% on the overall dataset,
outperforming the other methods. Additionally, our approach
achieved the best segmentation results in the categories of
conductor, tower, building, insulator, drainage thread, crossing
line, and shield wire. The PT method demonstrated the best
segmentation results for vegetation and ground, though our method
was only slightly behind. Furthermore, although other state-of-the-
art (SOTA) methods, such as KPConv and PT, exhibited strong
overall accuracy (with OA values exceeding 90%), their performance
in terms of mloU and class-specific segmentation accuracy
was somewhat inferior. In contrast, our method demonstrates
more balanced performance, particularly in the segmentation of
linear features.
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FIGURE 8

Quialitative segmentation results of different methods on the entire dataset. The center shows the ground truth point cloud and labels, while the top
and bottom sections display the segmentation results of different methods within the black circle region.

KPConv

Qurs

Figure 8 shows the segmentation performance of different
methods in the same region of a tile from the overall dataset. This
region contains multiple distinct power line targets (crossing line,
conductor, and shield wire) as well as common targets (ground,
vegetation). It can be seen that PointNet++ struggles to effectively
distinguish between different linear targets. KPConv can roughly
identify the conductor and shield wire, but fails to recognize the
crossing line. PT provides better recognition results for conductor
and shield wire, but performs poorly on the crossing line. In
contrast, our method can effectively distinguish between these three
different linear targets. Although the crossing line, shield wire, and
conductor have the same physical mechanisms, their applications
in power transmission scenes differ. Our method achieves good
segmentation performance for these targets, largely due to our
GECC and CSAM modules, which can model the global relational
information between different classes.

4.3.2 Comparison results and analysis on
sub-datasets

Furthermore, we conducted comparative experiments and
analysis of our method and other methods on the three sub-datasets.
As mentioned earlier, the training samples for the three sub-datasets
differ, with dataset I having the most samples and dataset III having
the least. We performed comparative analysis on all three datasets,
with the quantitative results shown in Table 3 and the qualitative
results displayed in Figures 9-11.

From the above qualitative and quantitative comparison results,
it can be seen that overall, our method performs well across all three
sub-datasets, achieving the best segmentation results on datasets
II and III. On dataset I, our method achieves an mIoU of 75.16%
and an OA of 88.66%, slightly behind PT (mloU 75.24%, OA
89.98%), while the results of other methods are less impressive. This
is largely because both our method and PT incorporate attention
mechanisms. We use spatial-channel attention, while PT uses a
transformer-based self-attention mechanism. These modules help
capture more information when processing a larger sequence of

Frontiers in Earth Science

samples and more diverse scenes. In contrast, methods based purely
on point-MLP or convolution tend to converge earlier and reach
saturation. This is mainly because high-voltage power transmission
scenes are complex and the samples are highly imbalanced. Methods
like KPConv and PointNet++ can easily and quickly learn large
samples (such as ground and vegetation), but they struggle to learn
smaller classes, especially similar ones (such as conductor, crossing
line, etc.). This further validates the rationale and effectiveness of the
attention mechanisms in our method’s design.

Meanwhile, in data sets II and III, our method achieves the
best accuracy. Although PT and other methods perform similarly in
terms of overall accuracy, their segmentation results for individual
classes are not as strong as ours. The inclusion of the GECC module
in our method allows it to model the attributes of different categories
more effectively. Graph convolutions help emphasize differences in
attributes such as relative elevation, orientation, and other features of
similar objects. This enables our model to better distinguish between
objects that, despite sharing similar local geometric properties, differ
in global attributes and topological relationships.

4.3.3 Detailed comparison and analysis

Considering that our task is the fine-grained semantic
segmentation of high-voltage transmission lines, the segmentation
of power facilities (especially tower areas) is a key focus. Therefore,
we conduct a comparative analysis of the segmentation details of
power transmission towers and their connected areas across the
three subdatasets. As shown in Figure 12, the regions of power
transmission towers and other power facilities are displayed in the
three datasets. It can be seen that, although our method has some
shortcomings in the segmentation of vegetation, it still outperforms
other methods in the segmentation of various types of power lines,
buildings and towers.

Specifically, as consistent with the previous comparative
analysis, PointNet++ lacks effective segmentation of current
objects, while KPConv cannot distinguish between similar linear
targets of different categories. Although PT can differentiate them,
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FIGURE 9
Qualitative results of different methods on Dataset I. The black circles highlight the areas with segmentation errors.
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FIGURE 10
Qualitative results of different methods on Dataset Il. The black circles highlight the areas with segmentation errors.
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FIGURE 11
Qualitative results of different methods on Dataset IlIl. The black circles highlight the areas with segmentation errors.

its segmentation accuracy is insufficient, and its segmentation
of buildings is less complete compared to our method and
KPConv. Our method effectively segments power infrastructure
and buildings, but its performance in the segmentation of cluttered
vegetation is inadequate. This is primarily because, during feature
extraction, the GECC module aggregates local geometric properties
of the point cloud (such as linearity and relative height), and when
combined with the neighborhood features obtained by the KPConv
module, it strengthens the model’s ability to learn artificial objects.
However, its segmentation capability for natural objects is relatively
weaker. Nonetheless, it is worth noting that our primary goal is
to address the fine-grained segmentation of power facilities in
high-voltage transmission corridor scenes, so this limitation can
be temporarily overlooked.

4.4 Effectiveness analysis

4.4.1 Effectiveness of KPConv

In this section, we evaluate the effectiveness of the proposed
Graph-Kernel Convolution Attention Encoder (GKCAE) through a
series of ablation studies. To quantify the contribution of each key
component, we systematically remove or replace specific modules
and assess the resulting performance on the entire dataset. A
central component of GKCAE is the Kernel Point Convolution
(KPConv) module (Thomas et al., 2019), which serves as the
backbone for point-wise convolution and local feature extraction. To
investigate its role, we compare two commonly used variants: rigid
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KPConv, which uses fixed kernel point positions, and deformable
KPConv, where kernel positions are learned during training. The
comparison reveals how kernel flexibility influences the network’s
ability to capture fine-grained geometric structures.

Table 4 presents the quantitative results comparing rigid and
deformable variants of the KPConv module. As shown, the model
employing deformable KPConv achieves superior performance,
with an improvement of approximately 1.85% in mean Intersection
over Union (mIoU) over its rigid counterpart. This performance
gain can be attributed to the inherent complexity of transmission
line scenes, which contain diverse object categories with significant
scale variation. The rigid KPConv, constrained by fixed kernel point
positions and a uniform receptive radius, lacks adaptability to local
geometric structures. This limitation reduces its effectiveness in
capturing small-scale components, particularly fine-grained power
infrastructure distributed around transmission towers. In contrast,
the deformable KPConv dynamically adjusts kernel point locations
during training, allowing the convolutional operation to better align
with local surface geometry. This flexibility enhances the network’s
capacity to extract discriminative features from irregular regions,
thereby improving segmentation accuracy for critical components
such as towers, conductors, and insulators.

4.4.2 Effectiveness of CASM and GECC

To analyze the effectiveness of the CSAM and GECC
modules, we progressively add these components and test the
modified versions. Table 5 presents the results of our ablation
experiments.
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Detail performance of different methods in power facility areas across three datasets. The black circles highlight areas with segmentation errors.

Dataset 111

TABLE 4 Effectiveness Analysis of Rigid and Deformable Kernel Point
Convolutions. “KP” represents the Kernel point convolution network.

Methods mloU (%) OA (%)
With rigid KP 80.08 93.81
With deformable KP(Ours) 81.93 94.10

It can be observed that when key components are removed,
both overall accuracy and performance metrics decline to varying
degrees. In particular, when the GECC module is removed and only

Frontiers in Earth Science 16

the KPConv + CSAM combination is used, the mIloU decreases
significantly. This indicates that the absence of the graph network
negatively impacts the model’s ability to recognize certain categories,
especially for similar linear power line targets. This highlights the
crucial role of the GECC module in capturing global relationships
and enhancing segmentation accuracy.

Moreover, when the CSAM module is removed and only the
KPConv and GECC modules are retained, we observe a slight
increase in mIoU but a decrease in overall accuracy (OA). This
phenomenon can be attributed to the following: in the absence
of the attention mechanism, the network still retains its ability
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to capture fine-grained geometric features through KPConv and
GECC, which enhances per-class segmentation performance and
leads to higher mloU. However, the lack of global contextual
modeling—particularly in the absence of spatial and channel-
wise attention—reduces the models ability to distinguish dominant
classes, such as vegetation, thereby lowering the OA. These results
highlight the critical role of the CSAM module in enhancing
global feature representation and improving class-level precision,
especially for large-area categories. Although the model maintains
a certain level of object recognition capability without CSAM,
the segmentation accuracy is compromised due to the loss of
global semantic context. This further validates the importance of
integrating both GECC and CSAM modules: their combination
yields the best performance in fine-grained semantic segmentation
of complex transmission corridor scenes.

Furthermore, we output and visually display the attention matrix
output by the CASM. As shown in Figures 13a, it is the original
3D point cloud ground truth. The following figures respectively
show the visualization results of the attention features of categories
such as conductors, ground wires, the ground, transmission towers,
and buildings. It can be seen that after the input point cloud
undergoes feature learning through kernel point convolution and
graph convolution, and then global point-level feature extraction is
carried out by the channel-spatial attention module, it is able to
effectively learn large targets (such as transmission towers, buildings,
the ground, vegetation, etc.), and can also effectively learn and capture
linear targets (such as conductors and ground wires). At the same time,
for the learning of small targets (such as jumper wires and insulators),
although the capture ability of learning is not as strong as that for large
targets, the learning of these ground objects can still be achieved.

As shown in Figure 13b,the ablation experiments further confirm
the effectiveness and rationale behind the semantic segmentation
network model we designed for high-voltage transmission line
point clouds. In particular, the use of graph convolutional attention
significantly enhances the model’s ability to segment and recognize
similar categories of power line targets. This capability is crucial for
achieving large-scale, rapid semantic understanding of transmission
line scenes, enabling the extraction of detailed information about key
components. Ultimately, this approach lays a solid foundation for
downstream tasks, such as automated monitoring and maintenance,
where precise identification of power line infrastructure is essential.

While the proposed GKCAE network demonstrates strong
performance in fine-grained semantic segmentation of transmission
line point clouds, several limitations remain. First, the model
currently focuses on unimodal geometric and spatial features
extracted from point clouds, and lacks the integration of other
informative modalities such as RGB or thermal data. Future
research can explore (Cai et al., 2024), such as token division
strategies, to enhance feature diversity and robustness. Second,
the graph structure in our method is constructed on relatively
shallow geometric relationships. Advanced graph representations,
such as Jing et al. (2025), offer an opportunity to model more
complex and high-order semantic dependencies between points,
potentially improving the segmentation of highly entangled or
ambiguous objects like insulators and jumper wires. Moreover, our
method primarily focuses on discriminative learning. Incorporating
(Xiangetal., 2025) or topological regularization can further improve
feature consistency among local regions and enhance structural
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FIGURE 13
Channel-spatial attention visualisation results [(a) is the true value of the input point cloud (the color represents the semantic category), and (b) is the
thermal representation of the attention map under different categories].

awareness. Additionally, for complex shape variations in small  corridor scenarios. The proposed model integrates Graph Edge-
components, biomimetic representations like (Zhang and Chen,  Conditioned Convolution (GECC) and a Channel-Spatial Attention
2018) may offer novel geometric priors to better handle target =~ Module (CSAM) to effectively capture both local geometric
deformation or noise. In future work, we plan to integrate these  features and global contextual information, thereby addressing key
ideas to further enhance the generalization and interpretability of  challenges such as point cloud sparsity, severe class imbalance,
our model, particularly in large-scale, multi-source transmission  and the high-precision requirements for segmenting power line
line applications. components. Through comprehensive experiments on multiple real-
world datasets, our method demonstrated superior performance

compared to state-of-the-art (SOTA) techniques, particularly in

5 Conclusion the segmentation of critical transmission line elements such as
conductors, towers, and various wire types. The proposed approach

In this paper, we proposed a novel Graph-Attention-based  achieved a mean Intersection over Union (mloU) of 81.93%
Encoder Network (GKCAE) for fine-grained semantic segmentation ~ and an Overall Accuracy (OA) of 94.1%, outperforming existing
of airborne LiDAR point cloud data in high-voltage transmission =~ methods in both overall segmentation accuracy and class-wise
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performance, especially for smaller and visually similar categories.
Ablation studies further validated the effectiveness of each model
component, showing that the integration of graph convolution and
attention mechanisms significantly enhances the network’s ability to
distinguish between structurally similar power line elements. These
findings confirm the model’s suitability for fine-grained semantic
segmentation in complex and cluttered corridor environments.

Despite these promising results, our method has several
limitations. First, the current framework relies solely on geometric
and spatial features from point clouds, without incorporating
additional modalities such as RGB or infrared imagery, which
could offer richer semantic cues. Second, the graph representation
used is relatively shallow, limiting the model’s capacity to
capture higher-order semantic relationships among complex
infrastructure components. Third, the absence of explicit topological
or structural constraints may reduce feature consistency in
highly cluttered scenes. Future work will focus on integrating
multi-modal interaction mechanisms, hypergraph representations,
and homology-based regularization to improve the robustness,
generalization, and interpretability of the proposed framework
across diverse transmission corridor environments.

In summary, the proposed GKCAE method provides a reliable
and effective solution for intelligent perception and analysis in high-
voltage transmission line scenarios. It demonstrates strong potential
for supporting the automated monitoring and maintenance of power
infrastructure. Future research will extend this work by exploring
hazard detection based on fine-grained segmentation results and by
evaluating model performance under varying sensor types and point
cloud densities, with the aim of improving scalability and practical
applicability in real-world inspection tasks.
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