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Abstract

LiDAR technology plays a crucial role in mapping natural and built environments across

various civic and military applications. It enables the acquisition of high-density 3D point

clouds with pulse repetition frequencies ranging from 100Hz to 2MHz. However, the increased

overlap with atmospheric points has posed challenges in noise filtering and 3D point cloud

quality. This dissertation proposes the Noise Seeking Attention Network (NSANet), a novel

solution integrating psychological theories of feature integration and attention engagement.

NSANet achieves a 4.10% increase in F1-Score and a 7.30% improvement in recall by

employing multiscale context, global physical priors, and local spatial attention for noise

filtering, surpassing previous techniques.

The study explores the relationship between vegetation height and plantation guidelines,

identifying spatial layout consistency in utility layouts and transmission objects. This insight

drives the development of three semantic analysis approaches: Semantic Utility Network

(SUNet), Fusion-Semantic Utility Network (Fusion-SUNet), and Panoptic-Semantic Utility

Network (Pan-SUNet). Encouraged by the performance improvements of SUNet and Fusion-

SUNet, Pan-SUNet achieves outstanding results, boasting a 94% F1-Score for pylons, 99% for

ground, vegetation, and powerlines, and demonstrating high precision in 3D object detection.

Experiments conducted on Teledyne Optech’s Galaxy T1000 dataset, which features

diverse voltage transmission lines, validate the effectiveness of Pan-SUNet, particularly when

combined with the RandLA baseline. Significant improvements are observed, including an

increase from 80% to 85% in F1-Score for pylons, 98% to 99% for ground, 93% to 97% for

powerline, 75% to 78.3% for other objects, 86% to 88% for buildings, while maintaining 98.2%

ii



for high vegetation and 93% for medium vegetation.

The key contribution of this researh is a significant advancement beyond basic object

classification, as it not only identifies the class of an object but also distinguishes between

different instances of the same class. This instance segmentation is critical for utility network

modeling and simulation.

The research emphasizes the importance of external cues such as contextual reasoning,

spatial cognition, and physical priors for multiscale fusion in scene understanding systems.

Moreover, the study’s adaptability to integrate proposed contributions into existing networks

enhances their overall performance, making them network-agnostic.
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Chapter 1

Introduction

Motivation

LiDAR (Light Detection and Ranging) technology, particularly when deployed via airborne

platforms, has become integral to mapping urban and natural landscapes. Advances in

electro-optical engineering has facilitated high Pulse Repetition Frequencies (PRF), ranging

from 100Hz to 2MHz, resulting in denser 3D point clouds and enabling more detailed analyses

[1].

Utility infrastructure, encompassing vast and complex network maintenance and modern-

ization efforts, faces numerous challenges. Conventional methods are manual, labor-intensive

and prone to errors, leading to increased costs and reduced accuracy. There is a compelling

need for automation, and deep learning presents a transformative opportunity, especially

when applied to Airborne LiDAR Scanning (ALS) data, to enhance efficiency and reduce

operational costs [2].

Yet, transitioning to fully automated analysis of utility networks—capable of processing

dense, large-scale 3D point clouds—poses significant challenges. Deep learning offers a

promising solution with advancements in denoising [3, 4], segmentation [5, 6, 7, 8, 9], and

object detection [10, 11, 12, 13, 14], which could streamline semantic analysis and enhance

predictive maintenance. However, integrating these deep learning solutions into a complete
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utilitynetwork management system is an intricate task currently underway.

The application of deep learning to outdoor, large-scale utility environments is further

complicated by the lack of specialized datasets and the need for deep learning architectures

to manage the complexity of such settings. Research has mainly focused on pixel-based or

point-based semantic analysis, which does not fully address the relational dynamics among the

components of utility powerline networks [15, 16, 17], critical for thorough network analysis.

Effective management of utility network assets calls for an in-depth understanding of

the infrastructure, necessitating detailed insights into the assets’ identity, location, and

condition. This level of understanding is essential for monitoring operations and managing

risks. Beyond recognizing points, management requires instance-based modeling and regional

analysis to differentiate individual components, such as spans between pylons, and to classify

zones, including utility, corridor, and non-corridor zones, which are fundamental for strategic

decision-making and proactive maintenance.

This research aims to refine the post-data acquisition phase of utility network management

by developing state-of-the-art deep learning techniques for noise filtering, semantic segmenta-

tion, and object detection. By harnessing ALS point clouds, the research seeks to convert

vast data sets into actionable insights, thus enhancing utility infrastructure management.

The thesis introduces multiscale, integrative deep learning models that incorporate

attention feature fusion, domain embedding, and panoptic segmentation, all of which are

expected to increase the efficiency and accuracy of ALS data analysis. The anticipated impact

on infrastructure maintenance and risk assessment is substantial, setting the stage for the

evolution of smarter, more reliable utility management systems.

Problem Domain

In the past, numerous 3D scene semantics systems were developed using a combination of

statistical, geometrical, and machine learning methods for sparse 3D point cloud outdoor

scenes captured with airborne LiDAR [18, 19, 20, 21].
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However, traditional methods have proven ineffective and inefficient when dealing with

dense 3D point clouds contaminated with clustered, sparse, and systematic noise [22, 23, 24, 3].

These conventional approaches demonstrate limitations in achieving predictive maintenance

through segmentation and object detection.

Recognizing the shortcomings of existing frameworks and inspired by an extensive new

study on deep learning, there has been a burgeoning interest in exploring its potential in

scene semantic and risk analysis. Deep learning with computer vision has shown promise for

performing post-data acquisition analysis effectively [7, 6, 5, 9, 8].

By employing convolutional methods, deep learning can extract differentiating features and

decode this information for segmentation, classification, and detection, eliminating the need

for manual crafting and selection of features for learning [25]. However, existing deep learning

methods encounter challenges in incorporating domain knowledge or physical priors, ensuring

standard spatial consistency, and extending local and global context through attention to

make decisions based on elevated confidence for different classes.

Attention phenomena have been integrated into computer vision to address these challenges,

drawing inspiration from psychological and biological concepts. Attention-based convolutional

neural networks have not fully explored the potential of various psychological theories and

guiding methods for decision-making through external cues embedded in attention. These

external cues encompass domain knowledge, hierarchical spatial consistency, and contextual

reasoning [26, 27, 28].

An integrative and multiscale deep learning solution can facilitate the cleaning of the point

cloud and be used for specific industrial applications, particularly utility powerline network

semantics and object-to-object risk analysis, as explored in this research. Maintenance of the

utility powerline network is a crucial infrastructure management responsibility due to heavy

reliance on electricity for daily activities [29]. Since the 2003 blackout, power outages have

encouraged policymakers to focus on maintaining reliable electricity delivery to consumers

[30]. This increased demand for infrastructure maintenance and managing vegetation around

utility corridors to prevent encroachment-induced power outages [31, 32]. The lack of a
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transmission line predictive maintenance system using deep learning is a major limitation,

primarily because of utility companies’ unavailability of a benchmark dataset and adaption.

The problem domain concerning utility powerline networks primarily focuses on under-

standing the relationships among objects and regions within and around the network. The

study of these relationships is motivated by the right-of-way or wire zone regions and the

guidelines provided by transmission companies regarding vegetation height in the area [32].

By delving deeper into the application of attention and refining the utilization of external cues,

the research aims to enhance the capabilities of the deep learning-based semantic analysis

pipeline. Panoptic segmentation has been utilized in autonomous driving applications but

has not been employed for utility datasets. The potential of panoptic segmentation can

facilitate object-to-object risk analysis and utility network modeling. These advancements

can potentially revolutionize the risk and semantic analysis of 3D scenes, leading to more

accurate and efficient predictive maintenance and other applications across diverse fields.

Research Goals and Objectives

This research strives to harness the power of external and domain-oriented cues to create an

advanced artificial intelligence pipeline for post-data acquisition analysis, specifically tailored

for handling large-scale dense 3D point clouds. The dissertation encompasses five major

objectives, all centered around the common theme of integrative and multiscale deep learning,

feature and multimodal fusion, attention, and domain embedding, focusing on spatial layout

consistency. The thesis aims to significantly enhance the efficiency and accuracy of analyzing

complex 3D scenes by integrating attentional phenomena.

Our research will explore how external cues drawn from the vast domain knowledge

available can effectively inform the AI pipeline’s decision-making process. By incorporating

attention mechanisms inspired by how humans prioritize and process information, this research

seeks to enable the AI system to focus on relevant details and make more informed judgments,

as shown in Figure 1.1.
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Figure 1.1: Overview of 3D Integrative and Multiscale Deep Learning System.

Additionally, this dissertation recognizes the critical importance of spatial layout consis-

tency in the scene understanding process. This thesis will delve into methods that ensure

the AI pipeline maintains coherence in spatial relationships, leading to a more coherent and

reliable risk and semantic analysis.

The research has following major objectives.

• Noise Simulation: The primary and first objective of this research is to clean the raw

point cloud data effectively and to gain a comprehensive understanding of the noise

that compromises the perceived quality of the scene and replicate it through simulation.
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To achieve this, the thesis explores the innovative concept of modern airborne physical

technology known as multiple pulses in the air (MPIA), which offers potential solutions

to previous technological limitations of a single pulse in the air (SPIA). Through the

simulation process, research can replicate corrupted points’ distribution and processing,

enabling us to filter out noise and augment the dataset. This augmented data will train

a neural network specifically designed for noise filtering.

• Noise Filtering Deep Neural Network: The thesis gained valuable insights into different

noise categories by conducting noise simulations considering data distribution, density,

and localization. The main goal is to effectively filter out noise while preserving the

objects of interest, resulting in a clean and accurate point cloud. A deep neural network

that explores noise filtering using extended multiscale contextual features and draws

from the physical priors studied during noise simulation is employed to achieve this.

• Utility Semantic Segmentation Network: One of the primary goals of this research is to

enable predictive maintenance for utility transmission and distribution infrastructure.

The demand for a robust solution to address issues like vegetation encroachments,

unforeseen events, and component anomalies is substantial. To tackle this challenge, I

developed an advanced computer vision system that excels in segmenting utility corridors

while ensuring consistency in spatial layout. This system fuses the voxels with pixels

to impose spatial layout consistency and integrate contextual reasoning. By achieving

accurate segmentation, it can effectively monitor and maintain the infrastructure,

reducing the risk of outrage and improving overall reliability.

• Multi-task Joint 2D Regional Segmentation and Object Detection: The extraction

of spatial layout consistency is achieved by considering the broader context of the

powerline corridor scene. To accomplish this, a joint network is used for regional

labeling, categorizing the powerline corridor into three regions: corridor, non-corridor,

and utility. One of the main objectives of the research was to create a system that

can accurately detect pylons and span objects, effectively converting them into utility
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regions, segments, and objects. The developed system serves a dual purpose. Firstly, it

provides a foundation for integrating spatial layout into the 3D segmentation and object

detection network, enhancing the overall scene understanding capabilities. Secondly,

it can function as a standalone system for regional segmentation, allowing it to be

independently applied in various applications. The system contributes significantly to

understanding and maintaining utility infrastructure through span-to-span risk analysis

by accurately detecting and segmenting pylons and spans. Moreover, incorporating

spatial layout consistency adds a crucial contextual dimension to the analysis, enabling

more informed decision-making and improving the efficiency of the entire process. With

its versatility and effectiveness, this system holds great potential in advancing research

and practical applications in powerline corridor analysis and management.

• Panoptic Semantic Utility Network: An additional crucial objective is to seamlessly

fuse 2D segmentation and object detection into the 3D segmentation process using a

powerful deep convolutional neural network. This network is specifically designed to

detect pylons and spans, facilitating object-to-object risk analysis and complementing

the semantic segmentation efforts. By achieving this multiscale object, layout, and

feature fusion, research establishes a robust foundation for creating accurate 3D models

of the transmission network. This advancement can significantly enhance the overall

understanding and management of the infrastructure, enabling more efficient and

effective maintenance practices.

Research Contributions

• Noise Simulation [33]: This thesis contributes to understanding the physical priors or

domain knowledge for building a noise simulation for 3D point clouds. It conducts

a quantitative analysis to assess the feasibility of simulation for data augmentation.

Additionally, qualitative analysis is performed to understand the distribution of noise

points and categorize noise into three types, forming the foundation for designing a

noise-filtering neural network.
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• Noise Filtering Neural Network [34]: This thesis chapter introduces a dual attention-

based noise-filtering neural network based on physical priors. It consolidates the idea of

combining global physical priors and local spatial context for multiscale feature fusion

to filter noise and produce a clean point cloud for semantic analysis. These physical

priors provide domain knowledge embedded into the network for a better understanding

of the global context.

• Spatial Layout Consistency for 3D Semantic Segmentation [35] : This research contri-

bution is the foundation for multiscale layout, voxel-to-region, and feature fusion to

enforce domain knowledge of spatial layout consistency in utility corridors. This research

proposes a Semantic Utility Network (SUNet), which conducts semantic analysis on

3D objects and 2D regions to analyze the relationship between regions and objects

better. The quantitative analysis demonstrates performance improvement in baseline

methods, resulting in better segmentation of pylons, powerlines, and vegetation to avoid

encroachment.

• Fusion-SUNet: Spatial Layout Consistency for 3D Semantic Segmentation[36] : Fusion-

SUNet extends SUNet by incorporating feature fusion from multiple scales: 2D regions

and 3D voxels. These features are fused using a deep fusion module called attention

fusion. This work embeds spatial layout consistency found in the utility domain at the

feature level, leading to a performance boost across classes, as reflected in the results.

• Pan-SUNet: Utility Corridor Understanding using Spatial Layout Consistency : This

contribution is divided into two sections. The first section focuses on enhancing the 2D

Bird’s Eye View (BEV) pipeline, which performs regional segmentation and conducts 2D

object detection of spans and pylons. This pipeline outputs all three utility transmission

zones and pylon and span objects. These 2D objects and regions are fused into a

voxel 3D network to embed domain-specific spatial layout consistency. It refines the

semantic analysis and produces 3D object detection from 2D detections. A quantitative

analysis is conducted to compare the performance improvements on various baselines for
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Teledyne and Riegl datasets. Additionally, this thesis performs a detailed quantitative

analysis to observe the impact of voltage on the segmentation of powerlines and the

height of pylons on the performance.

Thesis Outline

This chapter introduces the research with the motivation to build a 3D scene understanding

pipeline for a large-scale 3D point cloud. It discussed a module-by-module pipeline to automate

post-data acquisition analysis. The outline of this thesis for the rest of the document is

organized as follows:

• Chapter 2 delves into the current framework of airborne laser scanning technologies,

focusing on noise issues, data augmentation through simulations, noise filtering tech-

niques, attention frameworks, and incorporating attention fusion theories derived from

psychology. It also elaborates on physics-based learning, spatial layout considerations,

utility corridor layout, and semantic segmentation methods discussed in the existing

literature. Our literature review comprehensively summarizes the previous research

contributions to developing a scene understanding pipeline.

• Chapter 3 focuses on comprehending the characteristics of noise, the significance of

physical priors, and the role of simulation-based data augmentation for noise filtering.

Additionally, this research conducts baseline experiments to evaluate the effectiveness of

noise removal techniques. The thesis introduces two simulations based on physical priors

and a Gaussian model and analyze their impact on noise generation and subsequent

noise filtering processes.

• Chapter 4 presents a unique approach to noise filtering, incorporating physical priors

fused through dual attention into a deep neural network. This chapter delves into the

experiments design of ablation studies and thoroughly assesses the performance of our

proposed system, comparing it with state-of-the-art methods.
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• Chapter 5 elaborates the pipeline’s second phase involves the development of a semantic

utility network that relies on spatial layout consistency. This stage focuses on studying

the spatial patterns observed in utility infrastructure and then applying this knowledge

to segment the 3D point cloud data more broadly. It also discusses an extension of the

previous approach, which fused the spatial layout consistency as a middle deep fusion

module to extract the advantage of spatial regularities better. The third approach,

Pan-SUNet, integrates 2D object detection into 2D regional segmentation and uses it

to impose spatial layout consistency for 3D segmentation. It segments the third zone

by detecting pylons and spans from utility zones and uses it to expand the regional

spatial layout consistency further. Later, it uses 2D object detection to project into 3D

using segmentation results through a panoptic fusion module and refine segmentation

results further. It completes the pipeline with a major contribution of 3D semantic

segmentation and byproducts of pylon and span as 3D instances and objects.

• In Chapter 6, datasets, experimental configurations, and evaluation metrics are dis-

cussed. This chapter provides all the necessary information to study the ablation and

comparative studies designed to evaluate semantic segmentation, object detection, and

regional segmentation. It elaborates on the variables that impact the performance of

these computer vision tasks within a dataset.

• Chapter 7 presents and analyzes the results collected from the ablation and comparative

studies designed in the previous chapter across Teledyne and Riegl datasets. It offers a

detailed qualitative and quantitative analysis of potential contributions across datasets.

• Finally, Chapter 8 concludes our research study. It addresses the findings and limitations.

It also discusses future work.
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Chapter 2

Literature Review

Chapter 2 establishes the theoretical foundation for this thesis, offering a thorough review of

the pertinent literature in three distinct segments. The chapter discusses the importance of

airborne laser scanning and data acquisition technologies in producing 3D point cloud data.

It then delves into an extensive examination of deep learning in computer vision, which is

the central theme of the thesis. The analysis covers various sub-disciplines of deep knowledge

and the visual tasks they encompass to construct a comprehensive integrative deep learning

framework.

Next, data enhancement techniques are explored, including noise and diverse data aug-

mentation strategies. The chapter focuses on the current methods for noise filtration, with

particular emphasis on incorporating physical priors as directive cues at a global scale. It

thoroughly explores the effectiveness of deep neural networks in reducing noise and demon-

strates how assimilating physical priors as attention-guiding mechanisms can significantly

enhance the efficiency of noise filtering.

The final section of this chapter is devoted to understanding utility scenes and discussing

the application of deep learning for spatial decision-making in the context of utility corridor

layouts. Topics such as utility powerline infrastructure, historical outage data, and vegetation

management are discussed in detail. This knowledge underpins the aim to develop predictive

maintenance systems for utility infrastructures, essential for maintaining their reliability and
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durability.

2.1 Airborne Laser Scanning: Pulse in Air (PIA)

Airborne LiDARs are active sensors emitting pulses and generating backscattered signal

reflections. Over the past few decades, remote sensing technology has progressed, and airborne

LiDAR surveys have become more common. They are used to plan for natural and human

disasters, which can be prevented with the aid of this technology. In contrast to other data

acquisition methods and tools, airborne LiDARs are more efficient, faster, and accurate

due to the technology’s maturity and the following vital characteristics: (1) their ability

to capture an exact and highly dense point cloud, (2) LiDARs can record discrete or full

waveform of the backscattered signal, map ground surfaces, and detect low vegetation even

in forests and heavily populated urban areas, (3) the sensors have no blind zones, (4) surveys

are faster, making them an economical data acquisition method, and (5) extreme weather or

environmental conditions have a relatively lower effect on the resultant mapping [38].

Point clouds’ digitization using full or discrete waveform has advantages and disadvantages.

Full waveform digitization captures vertical structures in a time series dataset, while discrete

waveform only captures peaks. Since the thesis only utilizes discrete waveform-based LiDAR,

this section will focus solely on airborne LiDARs that are based on discrete waveform

technology [38].

The airborne LiDAR system is a complex multi-sensor device with various essential

components, such as a reflectorless laser sensor, an AIMU (airborne inertial measuring unit),

a GPS (global positioning system), data storage, and a power supply. As the system carrier,

such as an aircraft or plane, flies over the area of interest, the laser sensor emits pulses toward

the surface. These pulses travel at the speed of light and reflect to the sensor, depending

on the surface’s reflectivity. This enables the system to create a highly accurate 3D map of

the area of interest, which can be used for various applications in fields such as surveying,

mapping, and environmental management.
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After receiving the reflected energy, the sensor calculates a 3D point based on the distance

traveled by the pulse, the sensor’s position, and the beam’s direction. To accurately track the

LiDAR’s position, the system uses trajectory information from a GNSS (global navigation

satellite system) receiver, which provides altitude. Additionally, the AIMU records the

LiDAR’s position using pitch, roll, and yaw angles. The LiDAR’s signal is deflected using

an internal mirror, and the mirror’s position is recorded for every laser pulse shot, as shown

in Figure 2.1. Finally, the range between the target and the sensor is calculated using the

Euclidean distance (Equation-2.1). This equation is used for calculating range when we have

sensor location and 3D points of target for understanding the noise points.

Figure 2.1: Airborne LiDAR.

R =
√
(xp − xl)2 + (yp − yl)2 + (zp − zl)2 (2.1)

where xp, yp, zp = coordinates of the points

xl, yl, zl = coordinates of the sensor

Advancements in LiDAR technology have enabled a high Pulse Repetition Frequency
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Figure 2.2: Pulse in air zones with point cloud and noise on transition point. Rmax shows

the range a pulse travels before next one is fired.

(PRF) of over half a million Hz. PRF represents the ability to fire the pulses within one

second, calculating how many pulses can travel with the speed of light (c) to the maximum

unambiguous range Rmax in one second, as shown in Equation 2.2.

PRF =
c

2×Rmax

(2.2)

It means if the PRF is 1000kHz than Rmax will be 149.8 meters as shown in Equation 2.3.

Rmax =
c

2× PRF
(2.3)

This enhances survey efficiency, allowing data acquisition with fewer flight lines and a

wider Scan Field of View (SFOV). The SFOV is the angle at which LiDAR emits the pulses,

set based on the target application and sensor range. Different acquisition techniques have

been used for effective, efficient, and fast surveys. In airborne lidar systems, the term "Pulse

in Air (PIA) zone" refers to a maximum unambiguous range where the laser pulse propagates

through the air before reaching the ground or target surface, and the next beam is yet to be

fired, as shown in Figure 2.2.

The PIA serves as the basis for acquisition technology, allowing the measurement of how

many pulses can be in the air at a given time or before the next one is fired. The number of

total PIA zones depends on Equation 2.4.
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PIA =
PRF/(c/2)

Altitude/cos(SFOV )
(2.4)

The conventional LIDAR technology performs the survey using a Single Pulse In Air

(SPIA) zone with a lower PRF.

Single Pulse In Air (SPIA) is a traditional technology that was discarded due to its inability

to match the high PRF. Multiple Pulses In Air (MPIA) technology has been developed,

surpassing the limitations of traditional SPIA technology [39]. This technology ensures

the firing of multiple pulses before receiving the last one, making it efficient and fast, as

depicted in Figure 2.2. This thesis largely focuses on the 3D point cloud acquired using

MPIA technology for noise filtering and utility semantic analysis.

2.1.1 SPIA

SPIA is a conventional method for data acquisition in airborne LiDAR, which is cost-effective

at low PRF. SPIA involves discrete data acquisition, firing the next pulse only when the

previous one is received. However, at higher PRF, SPIA technology struggles to keep up due

to its limitation of allowing only one pulse in the air at a time. This drawback can lead to

missing or corrupted data points, especially at higher altitudes or higher PRF speeds where

the speed of light is not fast enough to return the pulse before the next one is fired [40].

Figure 2.3(a) illustrates that at a certain time, only one pulse is in the air, such as S2 is not

fired before R1 is received. In this system, a single pulse is fired, and the transmitter waits

for a time interval of 1/PRF before shooting the next pulse and receiving the previous signal

before it. These systems are slow, costly, and have only one operational range per flight line.

Moreover, they generate less detailed data and have a relatively lower point density [41].

2.1.2 MPIA

In contrast to SPIA technology, MPIA technology operates more efficiently by not waiting

for a pulse to be fully reflected and matched before firing the next one, as illustrated in
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Figure 2.3: (a) SPIA zone shows one pulse sent and received before next is fired and (b)

MPIA fires second pulse before first is returned.

Figure 2.3. However, this efficiency has a drawback—the laser pulse pairs across PIA zones

can result in atmospheric points being projected closer to or overlapping with objects of

interest. Consequently, the point cloud obtained through MPIA technology may suffer from

compromised scene perception due to noise.

MPIA technology is highly configurable, allowing intensity and PRF adjustments to

acquire more detailed, high-density point clouds. This results in fast, cost-effective, gate-less

sensors that do not generate blind zones. These sensors provide multiple operational ranges

for a single flight. As illustrated in Figure 2.3(b), at a certain time, there could be multiple

pulses in the air, such as S1 and S2, before R1 is reflected. The use of MPIA technology in

LIDAR systems can be affected by atmospheric points caused by environmental factors such

as dust, fog, snow, or rain particles and incorrect projections of objects of interest, causing

systematic noise during range ambiguity resolution. When the laser beam is deflected or

scattered by these atmospheric particles, it can result in misinterpretation of signals on the

receiver as objects of interest, generating noise [39].

Increasing the PRF has a detrimental effect as it narrows the PIA zones and increases the

difficulty of differentiating noise points from objects of interest. Consequently, the projection

of these noise points can give the impression that they are closer to the objects of interest
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and occur during the transition between PIA zones, as depicted in Figure 2.2. This proximity

makes distinguishing the noise points from the objects of interest difficult. Resolving range

ambiguity is crucial in the post-processing analysis of acquired data. Range ambiguity arises

when the returned pulses overlap on the receiver.

The noise points are projected onto the ground at the closest possible range to address

range ambiguity. This is necessary because noise points detected at longer ranges can falsely

appear closer to the ground.

Consequently, when the noise points are projected, they can give the illusion of being

closer to the transition zones between different PIA areas. This phenomenon occurs because

the range ambiguity resolution process places the noise points at ranges closer to the ground,

creating the perception that they are adjacent to the transition zones. Figure 2.2 depicts the

compromised quality of perception due to noise [4].

2.2 Deep Learning in Computer Vision

Artificial intelligence, particularly deep learning, has become pervasive daily, influencing

diverse fields such as autonomous vehicles, healthcare, remote sensing, and anomaly detection.

While machine learning relies on manual feature crafting, deep learning, the primary focus of

this thesis, requires minimal human intervention and leverages neural networks inspired by

the human brain. Deep learning excels in computer vision tasks, such as scene analysis, risk

assessment, vegetation management, and powerline anomaly detection, benefiting from its

ability to interpret visual signals without intricate feature engineering [42, 43, 6, 8, 15, 44,

45, 46].

Despite its advantages, deep learning introduces abstraction and potential biases from

training data, especially in high-dimensional diverse datasets. However, its efficiency in

handling such datasets, coupled with minimal human intervention, makes it a powerful tool

for computer vision tasks. This thesis aims to develop an integrative deep learning system,

emphasizing the theoretical foundations of scene understanding.
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2.2.1 Physics-based Learning: Domain-specific External Cues

Deep learning has significantly improved classification, object detection, recognition, and

segmentation. However, integrating physical priors and domain knowledge into deep learning

models, known as physics-based learning, has shown great potential for solving some problems

[47]. These domain-specific external cues play a critical role in human intelligence, enabling

individuals to make decisions even in entirely unfamiliar environments within the same

domain. Human intelligence leverages a vast contextual global knowledge base, effectively

allowing us to adapt and make decisions in new environments. It’s crucial to recognize that

much of this valuable information is readily accessible to us, which can significantly enhance

the precision of segmentation results compared to relying solely on available datasets.

P 3V AE is a generative model integrating deep learning with physics modeling to learn

a high-dimensional latent space. It has shown improvements for semantic segmentation by

regularizing the feature space [48]. A self-supervised dehazing algorithm also used physical

priors to generate a lightweight network that outperformed existing systems [3].

In various fields, domain-specific external cues have proven invaluable. They have been

employed in medical imaging to normalize data, aiding clinicians in understanding tumors

[49]. Similarly, in physics-based studies, these cues validate predictions, ensuring they

remain within valid ranges of values [3, 47]. Despite various physics-based learning models

that target complex scientific problems, there is a research gap in utilizing physical priors

for semantic segmentation and denoising of 3D point clouds [50]. These findings strongly

advocate integrating utility corridor layout consistency as domain-specific external cues in

deep learning-based scene understanding systems.

2.2.2 Multiscale Deep Learning

Multiscale deep learning is a sub-branch of deep learning that focuses on fusing features from

different scales and receptive fields to better incorporate context for decision-making. Various

techniques have been introduced to extract features with a broader contextual field [51].

20



This section explores the importance of multiscale convolutional neural networks and fusion

in addressing the need for multilevel context. Previous studies in semantic segmentation

and object detection for 2D images [52, 53, 54, 55], RGBD images [56, 57], and 3D point

clouds [8, 7, 6, 15, 5] have demonstrated the significance of aggregating features from different

resolutions to encode discriminating features effectively. These features shape the output,

enabling the system to handle objects of various sizes within the larger scene context [58].

Artificial Intelligence (AI) aims to mimic human cognition, and humans often base

decisions on prior knowledge and spatial context to understand scenes [28]. This thesis

focuses on embedding domain-specific external cues, physical priors from the global scene,

and spatial layout consistency. Therefore, multiscale deep learning shows immense potential

to enhance semantic analysis.

Deep learning in computer vision encompasses various tasks, including classification,

object detection, semantic segmentation, and panoptic segmentation. This research focuses

on semantic segmentation, 2D object detection, and panoptic segmentation, and the following

section will discuss them in detail.

2.2.3 3D Semantic Segmentation

Utility scene understanding involves semantic segmentation, a crucial task for classifying and

segmenting points or pixels within 3D point clouds in utility applications. Deep learning has

significantly influenced 3D point cloud semantic segmentation, enabling automatic feature

learning for generalizable solutions[59]. While voxel-based approaches like 3D U-Net [9] and

3D Attention U-Net [56] have shown comparable performance, limitations such as quantization

error and resource-intensive voxel grids make them less ideal [60, 61, 62]. SPConv addressed

these issues, optimizing voxel-based approaches [63].

Point-based networks like PointNet [7] and PointNet++ [6], along with kernel-based

approaches like KPConv [5], PointConv [64], PointCNN [65], and SpiderConv [66], provide

alternatives with improved handling of unordered point clouds. RandLA stands out as a

state-of-the-art network, excelling in robustly handling point clouds through random sampling
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[8]. Powerline-Net targets high voltage transmission line semantic segmentation, addressing

local features and downsampling [15]. However, it focuses on a specific powerline type (500kV)

and lacks consideration of spatial layout. Notably, none of these methods fully leverage the

spatial layout inherent in utility infrastructure.

2.2.4 2D Object Detection

Object detection is classifying and locating objects in a given scene. Traditional tech-

niques have been replaced by deep learning-based neural networks, with two main types

of architectures: single-stage [14] and two-stage detectors. While single-stage detectors are

computationally efficient, they can be less accurate than two-stage detectors due to the

coarse-to-fine process [14, 67].

Most object detection networks can only handle horizontal bounding boxes, which is

problematic for real-world scenes with non-horizontal objects. To address this, rotated object

detection methods [13], such as Oriented R-CNN [11], RoI Transformer [12], and Rotated

Faster R-CNN [10], have been developed to use oriented bounding boxes, and have shown

comparable performance to horizontal bounding box detectors while reducing background

errors.

Multi-task learning and panoptic segmentation are examples of fusing and integrating

different computer vision tasks into one. There are shared encoders to learn various tasks for

multi-task learning [68]. However, panoptic fusion is relatively different with segmentation

and instance segmentation branches. Few papers have focused on object detection and

employed connectivity analysis to get instance segmentation [69]. However, there is still a

lack of fusing the 2D objects with 3D segmentation results to get 3D object detection. This

thesis explored existing panoptic segmentation literature and identified the limitations that

can be modified to handle multiscale object fusion.
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2.2.5 Panoptic Segmentation

This research work is also based on panoptic segmentation, which separates scenes into "stuff"

(e.g., ground, sky, vegetation) and "things" (e.g., objects like cars, pylons, and spans) using

a combination of semantic and object detection. EfficientLPS [70], is an extension of a 2D

panoptic segmentation network that fuses instance and semantic segmentation across the

entire scene. PUPS also performs panoptic segmentation analysis but doesn’t use object

detection, for instance, segmentation [71]. However, it reflects encouraging performance

against panoptic evaluation metrics. CPSeg is cluster-free panoptic segmentation, which uses

a 2D range view. This works well on autonomous driving and mobile mapping point cloud

[72]. However, there is a lack of fusion from different dimensions in this method, specifically

for airborne LiDAR point clouds.

Extensive research has explored combining different semantic segmentation networks with

object detection and cluster analysis to leverage the panoptic segmentation pipeline [69].

This research encourages further exploration, specifically expanding semantic segmentation

and 2D object detection within the panoptic segmentation framework. The article evaluated

performance using mobile mapping point cloud data. Although this research primarily

concentrates on 3D object detection and semantic segmentation, leveraging 3D object detection

results to convert them into instances.

This thesis relates to a 2D panoptic segmentation approach that focuses on detecting

pylons and spans and segmenting regions tailored to utility cases. Additionally, it projects

the predictions into a 3D pipeline to obtain pylon and span segmentation objects to model

utility corridors.

2.3 Data Augmentation

Deep learning sophisticated algorithms require a larger labeled dataset for effective training.

This research explored various augmentation techniques to address the need for a labeled

dataset. Data augmentation generates additional labeled data by applying transformations
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to existing labeled data. This section will discuss the recent work related to 3D data

augmentation. Data augmentation increases the volume and diversity of the dataset. This

section is divided into two significant subsections, simulation-based and deep learning-based

data augmentation [73].

2.3.1 Simulations

Different simulations are developed to address the data scarcity for large-scale point cloud

using virtual reality and gaming. One such simulation generates synthetic scenes from the

game-based environment [74]. The user can customize these scenes, which can help boost

the performance of neural network training on a synthetic dataset. The results showed

performance gain on a semantic segmentation task. The research in this article [75] proposed

a hybrid technique that used real data to make simulated data more realistic using CycleGAN.

It also shows that simulated data is not usually very realistic, especially in off-the-shelf

open-source simulations for autonomous driving scenes. Commercial tool Blender’s 3D sensor

simulation plugin generates a large-scale 3D point cloud called SynthCity [76].

Multiple other data augmentation techniques are based on class weights for imbalanced

class distribution, or random duplication of points proposed by [77] and [7]. Research work for

autonomous driving vehicles that deal with noise due to adverse weather conditions proposed

an augmentation model for fog and rain [78]. It utilizes a distance matrix, intensity matrix,

extinction coefficient, and point scattering rate to augment rain and fog. The augmented

dataset trains the proposed neural network architecture and increases overall performance.

However, it also caused ambiguity between rain and fog classes due to their inherently similar

nature. The noise augmentation simulation research can leverage this literature to develop

a simulation to generate atmospheric points based on the principles of MPIA and increase

PRF to reflect the uniqueness of modern sensor noise.
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2.3.2 Deep Learning

Two approaches of deep learning are often used for data augmentation: generative adversarial

network (GAN) and adversarial training networks. PC-GAN is a novel approach to generating

synthetic 3D object point cloud [79]. PC-GAN proposed a generic framework to use the

underlying data distribution to create a point cloud for 3D models. Due to its usage of local

latent variables to understand the neighborhood and spatial location of the point and global

latent variables to interpret the object’s overall shape, it’s unsuitable for large-scale point

cloud generation.

The research in [80] has proposed an autoencoder that produces a latent space that

effectively increases the performance accuracy of GAN networks for 3D point cloud objects.

PointFlow learns the distribution of shapes and points and uses the invertible parametrized

transformation to learn from these distributions and generate a model for syntenic data [81].

This approach increases the accuracy of generating a 3D object point cloud. Adversarial

examples are objects that look like real objects with few perturbations. These examples are

generated using deep learning or simple geometrical manipulation to create synthetic datasets.

GAN networks proposed to generate the synthetic 3D object point cloud are relevant for

object detection and recognition [82]. Existing frameworks lack the generation of synthetic

data for large-scale 3D point cloud. They also deal with convergence problems and struggle

to produce high-resolution output.

2.4 Noise Filtering Techniques

The presence of noise points can corrupt the signal and distort results. The techniques

employed for noise filtering can be broadly categorized into four main groups: statistical and

geometrical methods, clustering-based approaches, machine learning techniques, and deep

learning algorithms.
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2.4.1 Statistical and Geometrical Noise Filtering

The statistical filtering techniques used for removing noise from 3D point clouds and images

include univariate location and scale estimation, low-pass filters, mean filters, median filters,

principal component analysis, multivariate location, and covariance estimation, and spatial

filters [83, 84, 85, 86, 87, 88, 89]. While these filters have been useful for cleaning data

collected using the SPIA technology, they are ineffective and expensive for large-scale 3D

point clouds with high noise density and complexity.

Geometrical techniques have traditionally been used for outlier detection in 3D point

clouds, such as density [24], distance [90], graph [91, 92, 93, 94], and probability-based

methods. These techniques were mostly employed for denoising 3D meshes, models, and

sparse point clouds. However, they have also been transformed into voxelization pipelines,

and density or distance-based filters have been applied to remove noise [23]. Bipartite graphs

for approximating errors (noise) and manifold-to-manifold distance-based methods for outlier

detection have shown good performance [95].

Nonetheless, geometrical methods are ineffective and expensive for large-scale 3D point

clouds with clustered and complex noise. For instance, the research work in [96] deals

with a large-scale point cloud that contains single-echo reflection values. It has dealt with

multi-sensor-based point cloud to remove reflection-based noise. However, it doesn’t work for

MPIA-based LiDAR due to multiple returns.

2.4.2 Cluster-based Noise Filtering

It includes methods like the nearest neighbor, radius outlier removal, mean-shift clustering,

K-Means, and DBScan [97, 98, 83, 99]. However, these methods require significant memory

to construct clusters that adequately preserve object points while removing outliers and

corrupted points. These work well for datasets with low overlap with objects of interest

but can be resource-intensive when covering each point and performing recursive clustering.

Furthermore, these techniques are commonly used for 3D point cloud models rather than
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large-scale scenes. While some modifications have been made to run these techniques on

GPUs for a performance boost, they may still not be suitable for handling large-scale scenes

effectively.

2.4.3 Machine Learning based Noise Filtering

The emergence of machine learning has brought a significant impact on data analysis tech-

niques, including the cleaning of 3D point clouds. Linear regression, support vector machine,

random forest, and other methods have been employed by various communities to filter or

eliminate noise [22, 100]. These techniques have proven successful in preserving the object

points while removing obvious noise. However, the trade-off between maintaining scene quality

and removing noise depends on the application domain’s analysis. One of the challenges of

using these techniques is the need for feature crafting and selection, which requires a thorough

understanding of the dataset and domain. In recent years, researchers in noise filtering have

explored the use of convolutional neural networks (CNNs) after introducing deep learning for

scene understanding.

2.4.4 Deep Learning based Noise Filtering

Deep learning in computer vision has significantly improved segmentation, classification,

reconstruction, and detection. Convolution neural networks extract features from input data

and detect decision-making features. They have shown performance boosts in denoising,

surface reconstruction, densification, noise classification, and filtering.

PointCleanNet [4], PointFilter [101], Neural Project Denoising (NPD) [102], MaskNet

[103], and CNN-based normal estimation [104] for smoothing have improved filtering noise

using various techniques through deep neural networks. Recently, transformer-based encoder-

decoder has been used to filter noise within point clouds containing single-echo reflection

values [105]. It converts the point cloud into range images and removes noise. The work is

efficient for single-echo reflective sensors but couldn’t generate range images for airborne lidar

using MPIA. Previous research is promising and shows potential for noise-filtering 3D point
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clouds.

The limitation of the previous research work is the lack of a dedicated network for a

large-scale 3D point cloud. These methods have not shown comparable performance on

complex noise. These methods have also not utilized the physical priors of the dataset and

fused them into the network as attention for filtering noise points.

The research on noise filtering neural networks is critically inspired by the role of physical

priors from airborne LiDAR data collection [33]. These physical priors provide information

about the flight trajectory and offer a global context [106]. When fused with local spatial

context, these physical priors provide a global scale that, when integrated, can help filter

noise. The next section will discuss attention mechanisms for multiscale feature fusion.

2.5 Multiscale Feature Fusion

Feature fusion typically serves as a central module in feature aggregation. These modules

necessitate embedding and fusing features from different scales to integrate context seamlessly

into the deep learning network. Rather than simply concatenating features from different

scales, these fusion modules capitalize on attention [107]. This approach enables the selecting

of significant features for enhanced highlighting and performance improvement in the given

task. To gain a deeper insight into feature fusion using attention, the following section

outlines the attention mechanisms and psychological theories behind fusing features more

effectively incorporating context.

2.5.1 Attention

This research explored using attention to embed physical priors into a neural network.

Attention is a cognitive phenomenon that allows humans to focus on certain objects while

ignoring others selectively. In deep learning, attention is a two-stage process where the

network first extracts features from the entire input and then emphasizes important details

to improve the accuracy of tasks such as classification, object detection, segmentation, and
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tracking [108]. Attention has been widely studied and adapted from human vision into

computer vision. In fact, "Attention Is All You Need" [26] was the first publication to

integrate attention mechanisms into natural language processing and sparked the use of

attention in other deep learning tasks.

Over time, researchers have developed and studied various types of attention mechanisms,

such as single-head, multi-head, additive, multiplicative, spatial, channel, and fusion attention

[108]—the questions of where and what to attend to have been major research areas in this

field. For example, spatial self-attention has improved performance in segmentation and

object detection [56]. Additionally, additive self-attention has been found to work well for

ambiguous boundaries between objects of interest. Psychological theories of attention guide

this thesis. It utilizes a three-stage paradigm to embed physical priors and domain-based

spatial layouts into a neural network for filtering noise and understanding large-scale 3D

point clouds.

• A context-independent extraction of low-level features.

• Modeling relationship and analysis of low-level features are based on the computer

vision task.

• Focus on relevant regions based on earlier stages of extracting high-level features for

the final task [27].

Research focuses on understanding this fusion of attention theories to propose the most

appropriate embedding technique of physical priors into the deep learning model.

Attentional Engagement Theory

Attentional Engagement Theory (AET), as introduced by Duncan and Humphrey in 1989[109],

outlined the attention process into two distinct stages: the pre-attentive stage, where features

are extracted without focal attention, and the selective attention stage, where these features

are intensely and focused upon to facilitate decision-making.

29



In computer vision and deep learning, this theory can be translated into a two-part

model where, initially, an attention-free encoder processes features from the input data. This

corresponds to the pre-attentive stage of AET, where features are detected without attentional

focus. Such an encoder would scan the entire dataset, identifying potential interest features

without determining their significance or role.

Subsequently, the selective attention stage of AET is mirrored in the form of an attention-

based decoder. This model component is designed to selectively concentrate on the features

encoded by the first stage, applying intense focus to discern patterns, make connections, and

ultimately assist decision-making. This could manifest as a network that, having encoded

various features, now applies a ’filter’ to decide which features are most pertinent to the task,

such as segmenting specific structures from a medical image or identifying objects within a

complex scene.

The principles of AET are exemplified in deep learning architectures like the Attention 3D

U-Net[56]. These networks leverage attention mechanisms to enhance the feature selection

process during the decoding phase, ensuring that the network pays ’attention’ to the most

informative parts of the data for accurate segmentation or detection.

Incorporating AET into deep learning models provides a framework that can handle

complex, noisy datasets by mimicking the human attention process—initially surveying and

extracting a broad array of information, then honing in on the most critical features for the

task. This allows for more precise and relevant feature utilization in object detection and

segmentation tasks.

Feature Integration Theory

According to Feature Integration Theory (FIT), proposed by Treisman in 1980 [110], the

visual system processes individual features like color, shape, and size in a parallel and pre-

attentive manner. However, integrating these features into a coherent object perception

requires focused attention.

In the scope of this thesis, the theory is operationalized through the design of an attention-
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based encoder and decoder framework. The encoder emulates the pre-attentive stage,

capturing and encoding disparate features independently. These features are processed in

parallel, akin to the initial stage of visual processing, where the brain registers various

attributes of objects.

Conversely, the decoder embodies the attentive phase of FIT. It employs an attention

mechanism to focus selectively on certain encoded features, integrating them to construct

a complete and recognized object or scene. This selective attention in neural networks is

modeled after the cognitive process where attention binds disparate features into a singular,

identifiable form.

To apply this to a deep learning model, one could employ an attention mechanism that

echoes the selective focus of attention. For example, convolutional layers in the attention-

based encoder could detect a wide array of features within input data. At the same time, the

decoder, through an attention mechanism, would prioritize and fuse these features based on

their relevance to the task—such as enhancing the clarity of 3D point clouds by filtering out

noise.

By integrating this selective focus into the neural network, it could be trained to identify

and highlight features that are critical for specific outcomes, thereby enhancing the model’s

ability to discern and prioritize information in complex data sets, much like the human visual

system’s proficiency in focusing on salient features in a visual scene.

Channel Attention and Spatial Attention

Multiple types of attention are used to fuse features or generally apply to the available set of

deep features. Various research studies have employed two of the most significant attention

types. Spatial attention, utilized by additive and multiplicative methods as shown in [56] and

[26], and channel attention highlights different advantages and cater to diverse needs when

fusing features. Channel-based attention ensures that significant features are emphasized for

fusion, while spatial attention focuses on highlighting important areas for fusion. Combined,

they ensure that spatial locations with notable features carry higher weightage in fusion. has
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used this combination citecbam, LANet,bagnet, proving useful. However, fusing features

from 2D BEV images and 3D voxels to impose a global spatial layout context has not been

explored extensively.

2.6 Multimodal Fusion

Another crucial fusion method extensively employed by various research groups involves

leveraging multi-modality. Multimodal fusion combines the input from two modalities to take

advantage of spatial and contextual views for better decision-making. Studies have focused on

integrating multiple views [111, 60], such as 2D camera images and 3D point clouds [112], as

well as different representations of 3D point clouds [113], such as 2D BEV, range images [114],

or spherical images [115]. These representations are fused at the feature level from different

branches and integrated to enhance the learning of features for various computer vision tasks

related to scene understanding. Research in this field has effectively utilized different views

and global contexts. However, a limitation of this work lies in incorporating a spatial global

layout to provide contextual reasoning for a deeper understanding of questions such as ’Where

is the object?’ ’what is it next to?’ and ’What is it?’ [28]. These challenges are addressed by

comprehending the standard spatial layout of everyday scenes and integrating it with the

finer object-level details of the scene in this dissertation.

2.7 Utility Scene Understanding

Utility scene understanding is the second stage of the integrative system proposed in this

thesis. It is important to understand that the 3D point cloud needs to be semantically

segmented, and the object-to-object relationship needs to be extracted to interpret the visual

scene. Utility scene understanding is the key application of this thesis. The next section will

discuss deep learning for spatial decision-making and utility scenes.
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2.7.1 Deep Learning Spatial Decision Making for Utility Network

Deep learning has emerged as a transformative technology that can interpret complex 3D

scenes accurately. It is particularly useful for tasks that require understanding spatial

dynamics within an environment. The key to advancing deep learning in this domain lies in

its ability to analyze the spatial relationships between objects and the regions they occupy.

This understanding is critical for contextualizing scene elements accurately, which is essential

for scene perception.

This study explores the nuances of spatial relationships and the context-aware interpre-

tation of visual scenes. It draws inspiration from spatial cognition, contextual reasoning,

and spatial layout principles to lay the theoretical groundwork for applying deep learning

in spatial decision-making tasks. Traditionally studied in psychology and cognitive science,

these cognitive concepts are now being transposed into artificial intelligence. This will enable

deep learning models to navigate and interpret spatial information more effectively, akin to

human-like understanding.

Spatial Cognition and Utility Corridors

Spatial cognition, a subset of cognitive psychology, focuses on comprehending one’s environ-

ment, encompassing location, orientation, and actions. This field aims to grasp these variables

concerning oneself and others in the surrounding environment. It represents the pinnacle

of human cognitive ability, enabling individuals to navigate their surroundings and reach

their destinations [28]. Spatial cognition is studied for applications such as Simultaneous

Localization and Mapping (SLAM) and autonomous vehicles [116]. However, the integration

of this specific principle for solving semantic segmentation problems is currently limited and

can be used to understand the region-to-object relationship between utility transmission

zones and utility objects.

Cognitive processes are intricately linked to context. Humans’ ability to reach a destination

or understand their surroundings is connected to a global knowledge base. Much of humans’
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understanding of the location of objects is rooted in their contextual placement [117]. Visual

experiences are influenced by the location of objects organized within regions, shaping seamless

daily cognitive activities [28]. This contextual understanding is pivotal when integrating

spatial cognition into an AI-based scene understanding pipeline. The embedding of deep

learning-based contextual reasoning can be achieved through multimodal fusion. In this

thesis, a 2D view of utility transmission zones or regions can provide a holistic context to

locate the utility objects better.

Electric hydro companies around the world follow guidelines for setting utility transmission

zones, which are designed to address safety concerns related to infrastructure, residential

areas, and vegetation [118]. These zones consist of the type-I: utility zone, type-II: the

corridor zone, and type III: the non-corridor zone, each with specific regulations on the size

and type of vegetation allowed based on the voltage of the transmission lines[119].

2.7.2 Utility Powerline Network

The powerline network begins by generating electricity in power production plants and

transmitting it through a system of high-voltage and low-current powerlines to the distribution

system as shown in Figure 2.4. The distribution system converts the electricity for appropriate

usage and delivers it to consumers. This system, responsible for safely transmitting and

reliably providing electric power to maintain uninterrupted electricity and avoid power outages,

icomprisesmany components [120]. The following sections will discuss these components

individually CPUCTransmission.

Transmission Substations

This component is located next to the utility transmission lines. Usually, the electric power

generated from power plants enters the transmission substation through phase-3 power lines,

where a transformer or switch is used to generate high-voltage electricity. High-voltage

electricity is used for transmission due to its inherent nature of not losing energy due to

resistance. Most transmission lines operate from 69 kV to 700 kV, depending on the country
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Figure 2.4: Utility Powerline Network.

and infrastructure support [121].

Utility Transmission Lines and Utility Zone

As discussed in the previous section, utility transmission lines transmit electricity with

high voltage over long distances. The higher the voltage, the longer the distance it can

travel without losing energy. Utility companies typically install these transmission lines in

clear environments to maintain and adhere to the right-of-way or wire corridor standards.

The width and size of the utility zone, wire zone, or right-of-way depend on the voltage of

the transmission line, the height of pylons, and regulations in place by NERC and utility

companies.

Utility transmission lines usually have three conductor wires grouped, often combined

with a ground or earth wire to shield against lightning strikes. These Phase-1, Phase-2, and

Phase-3 wires ensure safe high-voltage transmission. Typically, utility transmission zone

widths are as follows: 500 kV - 69 meters, 287 kV - 45 meters, 230 kV - 30 meters, 138 kV -

20 meters, and 69 kV - 10 meters, as shown in Figure 2.5 taken from BC Hydro [122]. BC

Hydro follows these guidelines [123] and HydroOne. This transmission corridor is designated
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Figure 2.5: Utility transmission zones’ width by BC Hydro.

to ensure that the vegetation in the area remains at the lowest height to avoid vegetation

encroachment. The corridor zone of a buffer zone can contain medium-height vegetation, and

tall-zone or noncorridor can have high vegetation and buildings, as shown in Figure 2.6.

Distribution Substations

This facility converts high-voltage electric power to high current and distribution voltage to

deliver it to end consumers. These facilities step down the voltage to various levels depending

on the end consumers of these distribution lines [121].

Utility Distribution Lines and Wire Zone

These powerlines transmit data to end consumers and deliver electric power to secondary

users such as residential consumers. These lines are then divided into residential or service

wires. The distribution powerlines have guidelines for wire zones and non-corridor zones as

well. The guidelines state that within 5 meters on both sides of the distribution network,

pylon is a low vegetation area that can only contain trees up to 5 meters tall. The corridor

zone can contain trees up to 12 meters tall, and there is a non-corridor zone of 10 meters

away from the pole for buildings and tall vegetation [122]. These guidelines and regulations

are employed by most countries worldwide, with slight adjustments based on country-specific

36



Figure 2.6: Utility transmission zones.

environmental and terrain conditions.

Understanding the utility powerline network emphasizes the importance of utility, corridor,

and non-corridor zones. These zones are identified in Figure 5.2 a and show the relationship

of vegetation with the voltage and height of the powerline and pylons. These regions and

their relationship with objects have encouraged the imposition of spatial layout consistency

for better segmentation of utility scenes.

2.7.3 Utility Vegetation Management

The crucial step in avoiding power outages is to manage vegetation around utility transmission

corridors. Utility companies spend billions of dollars maintaining vegetation and ensuring

reliable electricity delivery to consumers. After the most outrageous blackout in 2003, NERC

established policies and guidelines to ensure vegetation management. Customer-related

outages on the distribution network due to vegetation encroachment or contact still average 1

in 5 in Canada. Vegetation management techniques include stump removal, root management,

and the identification of ’danger trees,’ in addition to reducing tree-related outages through

the pruning of back trees, underbrush, and vines [29, 30].
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Over the last decade, most utility companies have started using LiDAR and cameras for

surveying and inspecting utility transmission line corridors. These surveys are faster and

provide datasets that can later be used to identify vegetation encroachment and powerline

anomalies [31, 32]. Canada is the second largest country by area, and managing and

maintaining the aging infrastructure is crucial. LiDAR has enabled faster surveys, but

the risk analysis and vegetation management must be automated. These techniques are

important, as manually inspecting the collected 3D point cloud data is labor-intensive and

fatigue-inducing.

It is possible to semantically analyze the 3D point cloud and satellite imagery for span-to-

span risk analysis and interpretation of utility regions along utility objects and vegetation

[124, 125, 126, 127]. This vegetation can further be analyzed through temporal semantic

analysis to observe the growth of various trees and avoid vegetation-based power outages [44].

In addition to being essential to operations, proper vegetation management reduces

the risk of wildfires starting because of electrical lines by clearing slash or vegetation from

right-of-way.

2.7.4 Historical Context of High-Voltage Transmission Line Mainte-

nance in Canada

The network of high-voltage transmission lines in Canada, extending over 166,000 km, is a

testament to the vastness and complexity of the national energy infrastructure. Maintaining

such an expansive system is paramount for the energy sector, necessitating periodic replace-

ment of critical components like pylons and powerlines as they wear out. Vigilant monitoring

to identify and rectify any potential disruptions, including routine vegetation management, is

also a part of this crucial maintenance routine. The largest power outage in North American

history, affecting over 50,000 people on August 14th, 2003, was largely attributed to a failure

in communication between utility companies and inadequate vegetation maintenance. The

blackout lasted 30 hours, with a state of emergency declared until August 22nd. While some

outages have been historically linked to increased demand during heatwaves natural disasters
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like hurricanes and storms, the vegetation-induced outages highlight the necessity of regular

surveillance, tree trimming, and infrastructure inspections to prevent future incidents [128,

129].

2.7.5 Computational Techniques in Utility Infrastructure Analysis

This section reviews various computational techniques, from machine learning to deep learning,

and their applications in utility infrastructure analysis, such as classification, detection, and

reconstruction of utility corridors and components.

Utility Corridor Classification and Object Detection

Utility corridor classification and object detection are key areas for utility applications. These

systems support utility infrastructure management and monitoring. One such method involves

combining statistical and geometrical techniques for scene classification, which utilizes Markov

Random Field (MRF) for utility objects and RANSAC for building classification [21].

However, machine learning algorithms such as Support Vector Machines [17] and decision

trees [18] have been used to classify utility objects. One significant paper proposed using

random forests for utility scene classification, as detailed in [130]. This research extracted

21 features from 3D voxels of the point cloud. Various combinations of features have been

employed, including density-based, eigenvalue-based, height-based, echo-based, convex-hull-

based, vertical profile-based, Hough transformation features, and Principal Component

Analysis (PCA)-based features.

Another machine learning approach, presented in [20], utilized an ensemble-like classifier

trained with different sets of features. One set was extracted using methods defined in [130],

while the other set employed PCA-based features. These two random forest models collectively

performed point-based classification and demonstrated improved accuracy compared to [130].

The extension of the research work published in [20] is presented in [18]. This research

extended the use of supervised classification employing 21 features with a wide variety of

experiments better to handle the balanced class distribution in the dataset. The study also
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compared the importance of features toward the classification results to understand the

model’s sensitivity. The strength of this research lies in its ability to generate a point-based

classification of the 3D point cloud using a machine learning-based supervised algorithm [18].

Another piece of literature generates labeled point clouds for wires, pylons, and other classes

using random forest [131].

One of the key limitations identified by previous research work in this review is the

influence of the ground class on the prediction, causing an imbalance. The research article

proposed a solution that used the JointBoost classification model [19]. It utilizes fewer

features than other machine learning-based supervised classifiers and selects the important

features from the given input for classifying the scene. By measuring the height differences,

the proposed classifier adopted a step-off count to avoid errors in labeling building surfaces as

ground. This module improves performance and reduces misclassification of building rooftops.

Another module called graph cut segmentation is included to deal with cases where the

foreground is not tightly connected to the background. Although it is a one-shot supervised

method without any intermediate steps, it still heavily relies on handcrafted features and an

offline process of setting a threshold for step-off to avoid errors in the ground class.

The features used in machine learning methods are not learnable and are limited by

the researchers’ knowledge. The strength of existing methods lies in understanding the

relationship between span and pylon and identifying the use of wire direction for pylon

localization, inspiring this thesis to utilize these relationships.

Powerline-Net [15] is a deep learning-based high-voltage transmission line semantic seg-

mentation network proposed to address local features and downsampling approaches for

power lines. It has shown good performance on the in-house dataset presented in the paper.

However, it only deals with one type of high-voltage power line (500kV). DCPLD-Net is

another deep learning network that generates 2D cross-sections and uses a diffusion-based

deep neural network to detect power lines and classify everything else as a non-wire class.

The limitation of the proposed system is its use of only 2D cross-sections and detection of

just power lines [132]. Another deep learning method extracts the power line by filtering 90%
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Utility Network Model Reconstruction

Automatic 3D powerline reconstruction is a topic of prior research in the utility community

that facilitates powerline inspection and monitoring to prevent vegetation encroachment and

anomaly detection. A technique proposed in [133] for 3D powerline extraction and modeling

involves minimum linkage hierarchical clustering and RANSAC. This method uses hierarchical

clustering to group candidate points for powerlines and RANSAC for robust model fitting by

iteratively selecting subsets of points.

This is followed by another reconstruction technique for 3D modeling of wires using

catenary curve embedded local affine modeling. Various researchers also adopted this method

to incorporate the catenary curve formed by the overhead powerlines. This approach uses

affine transformations to preserve powerline points’ collinearity and ratios of distances [134].

A key piece of research in this domain proposed a voxel-based classification method and

piece-wise reconstruction of 3D powerlines, as detailed in [125].

The research work presented in the paper [135] extends the approach in [125], addressing

reconstruction errors found at different levels of spans, especially in overlapping regions where

inner spans and closely located spans are difficult to differentiate. The multi-level span

analysis mitigates these challenges by considering the relationship of powerlines with points

of attachment to pylons. Another voxel-based hierarchical subsampling method employed

a series of statistical filters to extract the ground and then powerline candidate points,

successfully clustering and labeling powerlines. A polynomial mathematical model was used

to reconstruct the powerlines fully [127].

Eigen-analysis of the point distribution tensor is proposed for 3D powerline reconstruction

[136]. It computes eigenvalues and eigenvectors of a tensor derived from the point distribution

of powerlines. This method helps understand the distribution and orientation of points in 3D

space, which is valuable in 3D modeling and reconstructing powerlines.

All the proposed utility powerline reconstruction models have suggested techniques

for acquiring the point cloud in good weather conditions. This model is proposed for

reconstructing 3D powerlines affected by wind, causing noise in the point cloud. The method

41



calculates parameters to adjust the wind-related noise in the dataset and reconstructs the 3D

powerline for utility network modeling and management [137].

These methods represent diverse strategies for reconstructing 3D point cloud data models,

each with unique mathematical and computational approaches. However, there are limitations

due to the conventional classification methods used in these techniques, which result in

reconstruction errors.

Utility Network Asset Management

Utility asset management is the process utility companies employ to optimize, maintain, and

improve their services and physical assets. Infrastructure such as power plants, substations,

transformers, meters, pylons, powerlines, and other devices required to provide services to

clients are included in these assets. To guarantee utility services’ reliability, security, safety,

and effectiveness, effective utility asset management incorporates various procedures and

tactics [138]. Among the crucial facets of utility asset management are maintenance of asset

inventory, condition assessment of assets, repair and replacement planning, compliance with

regulations, risk management, cost optimization, and data analysis. The asset management

facets, when combined with the latest technological updates, can reduce operational costs by

10-20% and enhance the overall reliability of the network [2]. Utility corridor classification,

object detection, and utility network model reconstruction support asset management.

One such method, proposed in the research article by Kala et al. [139], employs Faster-

RCNN on optical images to detect utility powerline network assets such as transformers,

insulators, IACM, IATCT, pylons, and supports. Detecting these components aids in

generating reports indicating what needs fixing or replacement. However, the method’s

limitation lies in its inability to completely distinguish between IACM, IATCT, and insulators

due to their structural similarity. Nevertheless, this object detection method significantly

contributes to improved asset management.

Another technique is based on historical asset conditioning records, using K-Means

clustering to predict asset repairs and failures. This method does not directly utilize images
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or point clouds but can utilize information retrieved from imagery or 3D point clouds collected

and analyzed for monitoring and inspection [140].

Utility asset management also involves managing assets to better cope with adverse

weather conditions and environmental catastrophes. MIT and National Grid USA researchers

have developed predictive models using weather forecasts, asset conditions, network conditions,

historical damages due to weather, and power outage records. This system aids in maintaining

the reliable delivery of electricity during storms and extreme weather conditions [141].

Utility Vegetation Management Analysis

As previously discussed, vegetation management is a key operation for maintaining clearance

in utility corridors and ensuring the reliable delivery of electricity. It involves classifying

vegetation in utility scenes and predicting tree species to guide risk management based on

annual tree growth for planning trimming to avoid encroachments [31, 32].

A key research article focuses on observing single trees within the right-of-way to detect

growth and dangerous trees that might lean onto transmission lines, causing outages or

blackouts. This research utilizes features such as lines, volume, clusters, 3D buffers of points,

and the overall tree shape for detecting tree genera. It also develops geometric tree metrics

to predict the direction of tree growth and overlap with corridor zones. This information

aids in vegetation analysis [142]. Another article proposes a hybrid ensemble method for tree

genera classification using 3D point clouds acquired through ALS [143]. This classification

method uses random forest and replaces the base classifier with various models such as

Linear Discriminant Analysis (LDA), SVM, and k-nearest Neighbors (kNN). The results show

improvements in both 3D and vertical profile classifiers, enabling the detection of tree genera

like pine, poplar, and maple. These tree detection methods, combined with the geometric

tree metrics proposed in [142], can assist in clearing the corridor zone.

In addition to machine learning techniques, deep learning methods for single tree detection

have been proposed in the last decade. One method converts tree point clouds from forestry

datasets, generates voxelization, and performs classification using Deep Belief Net (DBN) due
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to its superior performance with small datasets [144]. Another technique uses voxel-based

3D CNN to classify and detect single trees from ALS point clouds of urban scenes [145].

The MBNet deep learning approach first filters the terrain from the point cloud and then

utilizes multichannel features with the point cloud to individually detect trees in the forest.

This approach has shown promising results. Existing 3D object detection networks such as

VoxelNet [146], Part-A2 Net [147], SECOND [148], and PointPillar [149] can also be trained

on tree benchmarks for the detection of single trees.

These asset and vegetation management techniques provide a solid foundation for the

semantic and panoptic segmentation of 3D point clouds. This thesis can aid in generating

asset management reports, further enhancing decision-making processes.

2.8 Summary

This chapter provides an extensive overview of data collecting and aerial laser scanning

methods, emphasizing the issues that lead to complicated noise in 3D scene reconstructions.

It highlights the shortcomings of existing approaches, especially the underutilization of

physical priors, and suggests incorporating physical priors into deep learning systems to

mitigate noise. The chapter sets the stage for a detailed exploration of proposed methods

in subsequent chapters, emphasizing the necessity of analyzing utility scenes in large 3D

point cloud datasets. In addition to filling gaps in previous research, it describes the utility

powerline network, its constituent parts, and the significance of vegetation management. It

also paves the path for developing a deep learning-based network with learnable characteristics

to use spatial relationships in utility scene segmentation.
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Chapter 3

Simulation-based Data Augmentation

using Physical Priors

This chapter discusses the methodology of noise simulation based on physical priors aimed at

understanding the noise generation in airborne LiDAR. The chapter presents a case study of

sensor noise, simulation-based data augmentation, and the performance evaluation of various

deep neural networks for noise filtering. It concludes by assessing simulation-based data

augmentation on the 3D U-Net deep neural network.

3.1 Overview

This section addresses the issue of noise in LiDAR data and its impact. Airborne LiDAR

captures the real world, and unwanted elements, such as sensor noise or adverse weather

conditions like fog, rain, or snow, can compromise the perceived quality of the scene.

A drawback of MPIA technology is that atmospheric points are more likely to overlap

with objects of interest, as depicted in Figure 3.1, which shows a 3D point cloud captured

using Teledyne Optech’s Galaxy T1000 airborne LiDAR. While atmospheric returns have

always existed, they could be effectively filtered out with simple height filters or nearest-

neighbor algorithms at lower PRFs. However, when atmospheric points mixed with more
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(a) Sideview (b) Top View

Figure 3.1: 3D Point Cloud from Teledyne Optech’s Galaxy T1000;Red Points represent

Noise. .

sophisticated algorithms are required objects of interest, more sophisticated algorithms

result in denoising 2D images using statistical, machine learning, and deep learning methods

[25]. Some sophisticated deep learning methods, such as PointCleanNet [4], have addressed

sparse noise points for meshes. However, limited research exists on noise filtering specifically

for adverse weather conditions in autonomous driving systems, where sensor noise is not

considered [78, 150].

Developing a deep neural network for noise filtering requires diverse annotated datasets,

which can be labor-intensive and expensive to obtain. To overcome this, the simulations

were designed to replicate the noise to analyze and augment the dataset for training the

noise-filtering neural network. Noise filtering utilized physical priors and Gaussian generative

functions to generate synthetic noise with varying densities. They also incorporated the

MPIA technology to estimate the distance ROBS traveled by each pulse beyond the maximum

range before the next beam was fired [106]. The proximity of each point to its respective PIA

zone, determined by ROBS, can indicate the point belonging to the systematic noise pattern.
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Figure 3.2: Parametric Generative Model: A Simulation workflow which explains that P2-

Simulation only uses LiDAR physics, and GM-Simulation uses Gaussian function and LiDAR

physics to generate noise.

3.2 Methodology

In this section, the proposed methodology for synthetic noise simulations is explored. The

fundamental concepts of LiDAR scanning will be explained initially to ensure a comprehensive

understanding of the approach. Following that, two methods will be introduced: physical

priors-based simulation and Gaussian model-based simulation, both aimed at generating

synthetic noise.

Figure 3.2 illustrates the workflow of the simulations. Physical Priros-based Simulation

(P2-Simulation) and Gaussian Gaussian Model-based Simulation (GM-Simulation) use the

PIA LiDAR equation to estimate physical priors. However, GM-Simulation also uses real

noise points’ normal point distribution function.
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3.2.1 P2-Simulation

The simulation based on physical priors assumes that atmospheric points’ travel time is

shorter than the target data’s. The simulation model uses PRF, the speed of light c, regular

data points PREG, noise density DSN , and the maximum sensing range Rmax from Equation

2.3 to generate simulated data as output. Next is the step-by-step process of developing

P2-simulated data.

• Step 1: A noisy raw point cloud P acquired from LiDAR is manually annotated as PA

by domain experts into noise and non-noise points.

• Step 2: In this step, P2-Simulation subsamples NSN non-noise or regular points, denoted

as PREG, from the annotated point cloud PA based on the noise density DSN chosen

for simulation.

• Step 3: P2-Simulation uses Rmax and the flight trajectory T to determine the position

of the LiDAR (l) (xl, yl, zl) at a specific time when the laser beam is emitted at the

speed of light, denoted as c, and with the sensor’s configured PRF.

• Step 4: The round-trip travel time is calculated for each laser pulse from emission to

hitting the target point and returning to the receiver. This calculation applies to all

subsampled points and utilizes the specific equation referenced as Equation 3.1. For

example, should the range RREG for subsampled point be 100 meters, then t = 0.067µs.

t =
2×RREG

c
(3.1)

• Step 5: Simulation introduces pseudo-random errors to the travel time t of subsampled

non-noise points to generate travel times for synthetic noise points, denoted as tSN ,

simulating a mismatch on the receiver.

• Step 6: The range RSN is calculated using tSN for synthetic noise points PP2−SN using

Equation 3.2.

RSN =
c× tSN

2
(3.2)
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• Step 7: Synthetic noise points PP2−SN are generated by adding RSN to the respective

LiDAR positions of subsampled regular points mentioned in Step 2.

• Step 8: PP2−SN is then merged with all regular points PREG to generate P2-Simulated

data.

The synthetic noise generated by P2-Simulation is projected onto the transition point between

two PIA zones. However, it does not have the same point distribution of points as real noise.

The reason P2-Simulation generates synthetic noise points that are dissimilar to real noise

points is due to the sole use of travel time, disregarding the distance ROBS a laser beam

travels beyond the maximum range to hit the target and the possibility of multiple pulses in

the air simultaneously. To address this challenge, GM-Simulation is proposed in the next

section.

3.2.2 GM-Simulation

For the second simulation, the Gaussian generative model is chosen to overcome the limitations

of P2-Simulation and incorporate range constraints. This information pertains to the distance

a laser beam covers beyond Rmax to reach the target point. The simulation model factors in

the Pulse Repetition Frequency (PRF), the speed of light c, regular data points PREG, flight

trajectory T , and noise density DSN , generating simulated data.

To calculate the physical priors, the PIA LiDAR equation is utilized, determining PIA =

⌈ RRN

Rmax
⌉, and the distance ROBS traveled by a pulse beyond the maximum range Rmax. PIA

provides information about the assigned PIA zone for a regular point. These physical priors

are then employed in the generative noise functions to estimate the Gaussian parameters.

The following outlines the step-by-step process for generating GM-simulated data.

• Step 1: A noisy raw point cloud P acquired from LiDAR was manually annotated as

PA by domain experts into noise and non-noise points.

• Step 2: In this step, GM-Simulation subsamples NSN non-noise or regular points,
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denoted as PREG, from the annotated point cloud PA based on the noise density DSN

chosen for simulation.

• Step 3: GM-Simulation utilizes the flight trajectory T to determine the position of the

LiDAR (xl, yl, zl) at a specific time when the laser beam is emitted at the speed of light,

denoted as c, and with the sensor’s configured PRF.

• Step 4: Simulation calculates Rmax using Equation 2.3 from the speed of light c and

PRF.

• Step 5: To simulate synthetic noise similar to real noise, the simulation extracts real

noise points PRN from the annotated point cloud PA.

• Step 6: The range for real noise points RRN is calculated using Euclidean distance

based on the LiDAR position information for subsampled regular points obtained in

Step 3.

• Step 7: To compute the normal distribution of real noise points, the simulation

requires the respective ROBS. This involves determining PIA zones for real noise points,

calculated using Equation 3.3. Utilizing PIARN zones, ROBS is calculated for real noise

points using Equation 3.4.

PIARN = ⌈RRN

Rmax

⌉ (3.3)

ROBS = RRN mod Rmax (3.4)

• Step 8: The simulation calculates the mean µObs and standard deviation σObs of RRN
OBS

for the real noise points.

• Step 9: The simulation utilizes the µObs and σObs obtained from the previous step, along

with NSN from Step 1, to provide parameters to the Gaussian generative function in

Equations 3.5 and 3.6. This calculation determines the range for synthetic noise points
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RSN
OBS.

RSN
OBS ∼ N (µ, σ2) . (3.5)

N (µ, σ2) =
1

σ
√
2π

e−
1
2
(
(x−µ)

σ
)2 (3.6)

• Step 10: RSN
OBS is employed to calculate the range for all synthetic noise points using

the PIA zones of subsampled regular points selected in Step 2 and Rmax determined

by Equation 3.7. To ensure that the PIA zone for noise points is not the same as the

PIA zone for regular points, they are projected in zones above the regular points’ zones

without compromising the point distribution.

RSN = {(PIAREG − 1)×Rmax}+RSN
OBS (3.7)

• Step 11: The simulation added RSN to the respective LiDAR positions for subsampled

regular points from Step 2 and generated GM-Simulated synthetic noise points PGM−SN .

• Step 12: Lastly, GM-Simulated noise points PGM−SN merged with the non-noise points

PREG of the annotated point cloud.

3.2.3 Noise Filtering Neural Network

An experimental study is conducted to observe the effects of noise filtering on 3D point

cloud data, employing the 3D U-Net deep neural network as the baseline. The 3D U-Net

architecture is chosen for its larger receptive field, performance efficiency, and state-of-the-art

performance in semantic segmentation across various medical imaging datasets. Figure 3.3

depicts the architecture of the 3D U-Net, showcasing its capability to extract multi-resolution

features and decode them back to the full resolution using skip connections.

The study gained a comprehensive understanding of the characteristics of LiDAR noise

by analyzing the results of experiments and simulations. Additionally, the performance of

the 3D U-Net was compared with other methods, including support vector machine (SVM),

denoising autoencoder (DAE), and PointNet.
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Figure 3.3: 3D U-Net Architecture is a baseline multi-resolution encoder and decoder with skip-

connection, which is used to benchmark the performance of simulation-based augmentation

and real noise-based filtering results.

To train the 3D U-Net, a substantial and diverse dataset was required. To address this,

an augmented dataset was generated using simulation-based techniques. The 3D U-Net was

trained both with and without the augmented dataset to assess any differences in performance.

The training data, specifically synthetic data from the GM-Simulation, was selected as it

provides a fair basis for comparison due to its resemblance to real datasets, as illustrated in

Figure 3.2.

3.3 Experiment

The experimental study involved generating synthetic noise using simulations and verifying

its accuracy by calculating the distribution for the observed range. Furthermore, additional

experiments were configured to evaluate the performance of noise-filtering techniques.

In the first experiment, the 3D U-Net model was employed, and its superior performance

in noise filtering was observed compared to other methods, such as SVM, DAE, and PointNet.
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Finally, the study verified the effectiveness of simulation-based data augmentation and its

role in enhancing noise-filtering techniques.

3.3.1 Dataset

The selected dataset was collected by Teledyne Optech’s Galaxy T1000 laser scanner, covering

an area of 13km2. For experiments, the collected data was divided into train and test

sets. Specifically, the first 4km2 of the dataset was allocated for testing purposes, while the

remaining data was used to train the network.

The dataset comprised 14 distinct scenes that did not overlap, containing an average

of over five million points, with a density of approximately 30points/m2. To establish the

ground truth, Teledyne Optech employed Terrasolid point cloud processing software [151] to

label the data by generating vertical profiles. Vertical profiles let the labeler view the point

cloud as the 2D cross-section, which aids the labeling process, especially for noise points.

These labels were developed based on extensive domain knowledge and technical expertise.

In the training dataset, two classes, noise, and non-noise, allow us to train binary baseline

networks effectively.

3.3.2 Experimental Configuration

Each scene within the dataset is divided into four sub-scenes based on the GPS time of

the flight line. A voxel grid with an input grid size of 64m × 64m × 64m is generated for

each sub-scene. The batch size for processing these grids is 64, and each voxel has a size

of 1m3. The grid features include the mean absolute elevation and the number of occupied

points selected through a comprehensive feature engineering study detailed in the subsequent

section.

The 3D U-Net produces outputs of size 64m× 64m× 64m× 2, representing confidence

scores for the two 3D classes: noise and non-noise. The final prediction is determined by

assigning the true label based on the highest confidence score. Additionally, post-processing
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techniques are employed to address borderline misclassifications and enhance the overall

accuracy of the predictions.

The training process for the 3D U-Net involves training on two GPU RTX 6000 units

for a total of 90 epochs. The training duration typically ranges between 48 and 60 hours,

while the inference phase, during which predictions are generated, takes approximately 2 to 3

minutes.

3.3.3 Evaluation Metrics

Precision, recall, and F1-score are selected to evaluate the network’s performance as noise

is in the minority class. The precision determines the total number of predicted noise or

non-noise out of the total instances of the class. Recall measures correctly predicted samples

out of the total predicted sample of the specific class. The F1-score shows the balance be-

tween precision and recall. These matrices defined in the following equations 3.8, 3.9, and 3.10.

Recall =
TP

TP + FN
(3.8)

Precision =
TP

TP + FP
(3.9)

where TP is true positive, FN is false negative, and FP is false positive.

F1− score = 2× Precision×Recall

Precision+Recall
(3.10)

3.4 Results and Discussion

3.4.1 Noise Simulation

The experiments conducted on sensor noise simulation and its use for data augmentation in

noise filtering have produced intriguing results. Specifically, the GM-Simulation approach

successfully generated synthetic noise that resembles real noise, as illustrated in Figure 3.4.
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(a) 1.2% Real Noise. (b) 5% Synthetic Noise

Figure 3.4: GM-Simulation Synthetic vs Real data; red: noise points and blue: regular points.

To further validate these findings, the experiment calculated the probability density

function for the noise, as depicted in Figure 3.9. The results confirm a similar spatial

distribution of noise over the range ROBS, further supporting the accuracy and effectiveness

of the simulation-based approach.

3.4.2 Noise Filtering Neural Network

The comparison study on noise filtering observed that the 3D U-Net model achieved the

highest recall and F1-score for the noise class while also demonstrating comparable precision.

These metrics play a crucial role in effectively addressing noise filtering problems. Recall

measures the ability to correctly identify noise points among the correctly predicted points,

while the F1-score provides a balanced assessment of the completeness and correctness of the

predicted noise points. The results presented in Table 3.1 show the performance improvement

of 31.2% over the SVM benchmark for recall, 37.4% for precision, and 34.0% on the F1-score.

These results shed light on the challenges involved in noise filtering compared to semantic

segmentation; hence, the point-based semantic segmentation network fails to match the

performance of voxel-based 3D U-Net.

The main reason behind the superior performance of the 3D U-Net model over other

methods is its larger receptive field, which enables effective context learning to capture the

global systematic noise pattern inherent in sensor noise. In contrast, other techniques may

struggle to achieve comparable results due to their limited receptive field.
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Methods
Noise

Recall Precision F1-score

SVM 46.8% 54.0% 50.1%

DAE [152] 53.6% 99.9% 69.7%

PointNet [7] 68.3% 98.2% 80.5%

3D U-Net [9] 77.9% 91.4% 84.1%

Table 3.1: Comparison of 3D U-Net for noise filtering with SVM, Denoising Autoencoder,

and PointNet over Recall, Precision and F1-score.

3.4.3 Simulation-based Data Augmentation

An additional experiment was conducted using the 3D U-Net model to investigate the impact

of data augmentation on network learning. The network was trained using a combination of

synthetic and real data and then tested on four real test scenes, as depicted in Figures 3.5,

3.6, 3.7, and 3.8. Training with synthetic data generated by P2-Simulation was excluded as

it produced noise primarily at the transition point between two PIA zones, lacking complex

and random overlaps with objects of interest. This would have led to an unfair comparison.

Empirically, the network trained with a combination of real and synthetic data outper-

formed the vanilla training approach in terms of precision (improving by 4.4% for test scene

2, 26.5% for test scene 3, and 28.7% for test scene 4) and F1-score (improving by 2.0% for

tests scene 2, 15.8% for test scene 3, and 18.9% for test scene 4) for three test scenes. It

demonstrated comparable performance in terms of recall, except for test scene 1, which shows

the decrease of recall with augmentation by 14.3%, as shown in Figure 3.5. Test scene 1 had

denser noise than the other scenes, and the training process might have been affected by the

bias introduced due to the similar noise density throughout the synthetic dataset.

Conversely, test scene 4 performed better in all three metrics for the augmentation

experiment, as shown in Table 3.2. The visualization of the results highlighted problematic

areas where noise and regular objects overlapped or noise points formed clusters resembling

complex objects like trees or bushes. These findings motivated further investigation into the
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a) Ground truth

b) 3D U-Net (w/o aug.)

c) 3D U-Net (aug.)

Figure 3.5: Visualization comparison of results for Test Scene 1; a) Ground truth, b) 3D

U-Net (w/o aug.) and c) 3D U-Net (aug.). Red points are noise, and blue points are regular

non-noise objects.
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a) Groud truth

b)3D U-Net (w/o aug.)

c) 3D U-Net (aug.)

Figure 3.6: Visualization comparison of results for Test Scene 2; a) Ground truth, b) 3D

U-Net (w/o aug.) and c) 3D U-Net (aug.). Red points are noise, and blue points are regular

non-noise objects.
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a) Ground truth

b) 3D U-Net (w/o aug.)

c) 3D U-Net (aug.)

Figure 3.7: Visualization comparison of results for Test Scene 3; a) Ground truth, b) 3D

U-Net (w/o aug.) and c) 3D U-Net (aug.). Red points are noise, and blue points are regular

non-noise objects.
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a) Ground truth

b) 3D U-Net (w/o aug.)

c) 3D U-Net (aug.)

Figure 3.8: Visualization comparison of results for Test Scene 4; a) Ground truth, b) 3D

U-Net (w/o aug.) and c) 3D U-Net (aug.).
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Scenes
Noise (w/o aug.) Noise (aug.)

Recall Precision F1-score Recall Precision F1-score

Test Scene 1 93.8% 96.5% 95.1% 79.5% 96.5% 87.2%

Test Scene 2 93.7% 90.7% 92.1% 93.1% 95.1% 94.1%

Test Scene 3 43.2% 17.6% 25.0% 38.8% 44.1% 40.8%

Test Scene 4 47.1% 23.5% 34.1% 53.8% 52.2% 53.0%

Table 3.2: 3D U-Net results for noise class using with and without augmentation for individual

test scenes.

(a) (b)

Figure 3.9: Comparison of the distribution of a) real noise from Figure 3.4a) and b) GM-

Simulation synthetic noise from Figure 3.4b).
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(a) (b)

Figure 3.10: Two voxels from one scene, a) sparse noise far from the terrain, b) complex noise

overlapping with bushes; red: noise points, blue: regular points and green: centroid.

(a) (b)

Figure 3.11: Normal distribution of noise points for voxels from Figure 3.10.
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(a) (b)

Figure 3.12: Normal Distribution of regular points for voxels from Figure 3.10.

(a) (b)

Figure 3.13: Raw point cloud of 20m3 relatively far from terrain containing only noise, a)

sparse noise, b) dense noise relatively close to the terrain than a); red: noise points and green:

centroid.
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(a) (b)

Figure 3.14: Normal distribution of noise points for voxels from Figure 3.13.

underlying global and local spatial distribution of points to understand the issues at hand

better.

Exploring the issue further, the global spatial distribution of noise for all scenes was

calculated, confirming the assumption that noise was uniformly distributed throughout the

dataset. The local spatial distribution of noise points was examined to gain further clarity.

Voxel cubes of size 20m3 were generated, ten times the input voxel size, to accommodate the

limitations of storage memory resources.

Figure 3.10 depicts two cases of noise and regular objects overlapping within a voxel. The

graphs in Figure 3.11 illustrate the probability density of noise points at ROBS for the voxels

shown in Figure 3.10(a) and 3.10(b). The probability of a random point being noise is lower

in Figure 3.10(b) compared to Figure 3.10(a) due to larger overlaps and the position of the

centroid. The graphs in Figure 3.12 show that the probability of a regular point being within

the observed range interval of [34-47] m is 0 for Figure 3.12(a), while for Figure 3.12(b), it is

lowest at 34m and highest within the interval of [42-46] m around the transition point of the

PIA zone. This discrepancy is due to the distribution of points in the voxel being very close

to noise.

Two additional voxels containing noise but with different densities were examined. The
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normal distribution of points in Figure 3.13 indicates that the overall probability is higher for

voxel Figure 3.13(b) due to its higher density. At the same time, it is lower for voxel Figure

3.13(a).

Based on these observations, the noise present in the dataset exhibits various characteristics

such as complexity, randomness, and a global systematic pattern. Research categorized it into

three major types: type I - complex noise, type II - sparse noise, and type III - systematic

noise. This categorization will help compare the generalization and performance of the neural

network concerning different noise types in future stages of the research.

3.5 Summary

This study entails a comprehensive investigation into the advancements of airborne LiDAR

systems and their applications in data acquisition for scientific and commercial purposes. The

research reveals that incorporating physical priors and the spatial distribution of points enables

effective simulation of synthetic noise. The study presents the potential of simulation-based

data augmentation to enhance noise filtering performance in specific scenarios. Moreover,

analyzing the overall and local distribution of noise points provides valuable insights into the

outcomes achieved through noise filtering techniques. Notably, differentiating noise types

into type I (complex noise), type II (sparse noise), and type III (systematic noise) emerges

as a crucial factor in these analyses. In the next chapter, these findings will serve as the

foundation for developing an innovative deep neural network explicitly designed for noise

filtering featuring a physical priors-based attention module.

65



Chapter 4

Noise Filtering Deep Neural Network

using Dual-Attention

This chapter proposed a physics-based deep neural network for noise filtering in 3D point

cloud data. The algorithm incorporates physical priors and employs a deep learning network

to eliminate noise from the 3D point cloud. The network is influenced by data analysis and

physical priors studies, crucial for understanding noise overlapping with objects of interest.

The chapter studies two vision theories, attentional engagement theory (AET) and feature

integration theory (FIT), guiding the incorporation of global-scale physical priors and spatial

local attention into the network. Experiments using a domain-based dual attention module

demonstrate the effectiveness of the proposed approach in removing noise from 3D point

cloud data.

4.1 Overview

This section reveals the problem of noise filtering in 3D point c. An abstract overview of

the proposed approach is shown in Figure 4.1. Experimental data shows variable noise

density exhibiting characteristics like complex objects (i.e., trees and bushes). Furthermore,

the global systematic noise pattern is localized on the transition point between two PIA
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Figure 4.1: a) SPIA is a traditional technology which matched the signal sent by a transmitter

(S) and received by a receiver(R) efficiently but was expensive, b) MPIA technology improved

the cost and speed up the data collection though it is more prone to atmospheric points

which can be seen overlapping with objects of interest in c), d) The proposed NSANet uses

physical priors and spatial attention to filter noise from the point cloud.
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zones and overlaps with objects of interest. Another major characteristic is imbalanced class

distribution, i.e., noise points making up (1-3)% of the complete scene.

While the atmospheric returns always subsisted at lower PRF, it could be eliminated with

simple height filtering or nearest-neighboring algorithms [25]. However, more sophisticated

filtering algorithms are required for noise overlapping with objects of interest. Deep convo-

lutional neural networks (CNNs) have surpassed traditional computer vision techniques in

recent times [7, 6, 9, 56] which develop a large-scale noise classification deep neural network

that efficiently and robustly filters noise from the point cloud.

This noise classification system integrates spatial contexts through attention mechanisms

inspired by human attention phenomena. The goal is to focus on relevant objects by

assigning more weight to relevant features, utilizing additive and multiplicative attention.

Psychologically informed by the feature integration theory (FIT) and attentional engagement

theory (AET), the network is designed to incorporate attention fusion at both encoding and

decoding stages (FIT) and only at the decoding stage (AET).

The Noise-Seeking Attention Deep Neural Network (NSANet) proposed system is a novel

prior-based dual-attention noise-filtering neural network. The chapter will discuss data

analysis, physical priors, methodology, experimental configuration, and results. The network

uses the physical properties of sensors and mapping principles to filter out noise. The design

process involved two crucial studies: (i) data analysis and (ii) physical priors.

4.1.1 Data Analysis

The noise simulation study in the previous chapter identified the essential characteristics of a

dataset. The following sections will discuss the findings and key features of the study:

• Density: Determining the varying density of noise points across a scene is vital to

network design because it can be challenging to distinguish between foreground and

noise. The noise points are not uniformly distributed and can appear in clusters,

resembling complex objects like trees or bushes, while others are sparsely dispersed.
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• Localization: The dataset also reveals another distinguishing characteristic of noise

points: their localization. As mentioned, many noise points are projected at the

transition point between two PIA zones. These atmospheric points exhibit a systematic

global pattern that can be either dense or sparse, depending on the environmental

conditions of the surveying area. Interestingly, this recurring noise pattern can be close

to the objects of interest in some cases, while in others, it is found below the terrain.

• Distribution: The PIA zones are narrower because of the higher PRF, which results in

atmospheric points overlapping with the foreground. This phenomenon is particularly

noticeable in areas with trees, bushes, buildings, power lines, and occasionally even

the terrain. Despite this, the atmospheric points account for only a small percentage

(1-3%) of the overall foreground in the dataset.

4.1.2 Physical Priors

An extensive analysis to investigate various aspects of noise data points, such as their

distribution, projection near the PIA transition zone, clustering with objects of interest, and

how they affect the perceived quality of the scene, is conducted in the previous chapter [33].

The range ambiguities resolution of noise points results in projecting noise on the transition

between PIA zones. Hence, the proposed network leverages this physical information, including

PIA, PRF, and flight trajectory, to calculate the proximity of each point to the PIA transition

zone. This proximity data is then used to generate a heatmap that indicates the probability

of a point being a noise. The heatmap serves as a physical prior or external cue, enabling

the network to effectively incorporate global-scale context and filter out noise. Based on

these studies, the thesis has identified three noise types, as illustrated in Figure 4.2. This

categorization motivated us to propose a design integrating physical priors to filter out noise.

• Complex Noise: This type of noise shares similar characteristics with trees and bushes

and often appears in clusters that overlap with objects of interest.

• Global Systematic Noise: This noise type exhibits a dense or sparse distribution and
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Figure 4.2: The three noise types: (1) Complex, (2) Sparse Noise, and (3) Global Systematic.

follows a parabolic systematic pattern localized at the transition point between PIA

zones refer to Figure 2.2.

• Sparse Noise: It consists of outlier and sparse noise points located far away from the

terrain and objects of interest.

4.2 Methodology

NSANet is a physical prior-based deep neural network for noise filtering that employs a

multi-resolution approach and multiscale feature fusion dual attention mechanism. The

network is designed to address all three types of noise mentioned earlier. To reduce ambiguity

in distinguishing between noise and non-noise objects, It develops local spatial and global

scale physical priors-based attention, inspired by [56]. The research highlights the significance

of embedding the attention module in the encoder and decoder blocks based on the AET

and FIT feature fusion theories.
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Figure 4.3: NSANet-1 based on AET. It uses the Physical Priors Estimation (PPE) module

to generate a PIA proximity probability map converted into a voxel grid and downsample by

a factor of 2. The multi-resolution encoder-decoder uses a Decoder Dual-Attention (DDA)

module to eliminate noise based on local and global contexts. The Voxel Post-processing

(VPP) module eliminates borderline misclassification of noise points.

4.2.1 3D Noise Filtering Neural Network

The NSANet architecture, depicted in Figure 4.3, is a U-shaped multi-resolution encoder-

decoder that utilizes a three-dimensional voxel grid to learn deep features for noise labeling

and filtering [9]. Research opted for a voxel-based architecture based on a comparative study,

which demonstrated that 3D voxel-based networks outperform point-based networks (such

as PointNet [7] and PointNet++ [6]) in terms of efficiency and performance for all types

of noise. The network encodes four feature maps of different resolutions, denoted by E1,

E2, E3, and E4. The first few layers extract essential low-level features, while deeper layers

extract more sophisticated features. En decodes feature map Dn using local spatial additive

attention between Dn−1 and En, followed by multiplicative attention using the physical prior

probability map Pn. This process is followed by two 3x3x3 convolution operations, batch

normalization, and relu activation. The output consists of three feature maps, D1, D2, D3,

each with dimensions H
2l
× W

2l
× D

2l
× 32l, where l represents the number of layers. These

feature maps are trained to focus on all three types of noise at multiple receptive fields,
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Figure 4.4: Physical priors estimation module workflow.

integrate global receptive fields through global attention, and subsequently remove noise

points.

4.2.2 Physical Priors Estimation Module

The attention module in the proposed network requires a physical prior to estimating global

attention accurately. It utilizes the speed of light (c) and PRF to estimate the maximum

LIDAR range (Rmax). Additionally, the system takes the minimum and maximum GPS time

(Pmingt, Pmaxgt) recorded from the 3D point cloud to determine the position (Tmatch) of the

sensor during a specific flight time. The trajectory of the flight (Tm) and 3D point clouds (Pn)

are used to estimate the range of each shot (Rn). Then, Rmax and Rn are used to calculate
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Algorithm 1 Physical Priors Estimation Module.
Input: PRF , c, Pn, Tl, N , NT ,n = 1, 2, 3, ....., N, l = 1, 2, 3, ......, NT ,Pmingt, Pmaxgt

N = Total no. of raw input points

NT= Total no. of shots in flight trajectory

Output: Prob: Physical Priors

RMAX = c
2×PRF

while l ≤ NT do
Tmatch = Tl ≤ Pmingt and Tl ≥ Pmaxgt

end

while n ≤ N do
Tm = Pgt − Tmatch < 1e− 2

Rn =
√
(Pn − Tm)2

PIAn = ceil( Rn

Rmax
)

R
[n]
obs = RnmodRmax

Probn = Robs/Rmax

end
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Figure 4.5: Physical priors calculated using algorithm no. 1, Higher the proximity to PIA

transition-zone, high probability is of point to be part of a global systematic noise pattern as

shown with red color.

their respective PIA zones (PIAn). Furthermore, PIA zones, Rn, and Rmax are utilized

to compute the observed range (Robs) beyond PIA zones, which is then translated into a

probability map based on the distance from the transition point (Probn) as the workflow

shows in Figure no. 4.4. The closer a point is to the transition between PIA zones, the higher

the probability it is part of the parabolic systematic noise pattern, as shown in Figure no.

4.5.

4.2.3 Dual Attention Module

Shallow machine learning architectures or DAEs [152] can easily label sparse noise. However,

complex noise often exhibits similar characteristics to objects of interest, making it difficult

to distinguish between the two due to the distribution of points and shape variance. This

ambiguity can lead to an overpopulation of false positives. We use local additive attention

gates to address this issue, which handles spatial ambiguities, reduces misclassification, and

suppresses irrelevant features when labeling complex noise. Global systematic noise patterns

have been one of the most challenging problems in noise filtering. However, after careful study,

we discovered that they only occur close to the PIA transition zone. Hence, the physical

prior’s heatmap from the PPE module embedded this information as global multiplicative

attention. This attention mechanism focuses on global systematic noise patterns.
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This novel attention model distinguishes itself from existing attention mechanisms by

seamlessly integrating both additive and multiplicative attention, thereby facilitating the

imposition of local and global contexts. This model incorporates a broader context, unlike

conventional approaches that solely compute similarity maps through skip connections and

hidden layers. This extended context is advantageous for mitigating ambiguous boundaries in

local regions and activating pertinent global regions, contributing to a more comprehensive

understanding of the data.

qladd = σ1(Wxx
l
i +WHx

l
i + bH) (4.1)

These attention gates take input from the previous layer of the decoder (Dl−1) for Dl as

shown in Equation 4.1 WHx
l
i represent the weight of decoder tensor hl−1 and bH is bias.

qlmul = (qladd ×Wpx
l
i) (4.2)

The encoder feature map of the same level (E2) as shown in Equation 4.1 denoted as Wxx
l
i

and the prior probability map of the same level (P2) presented in Equation 4.2 as Wpx
l
i. To

calculate the local spatial attention to target complex noise, Equation 4.1 is used to perform

the additive operation, and then σ1 is used to reflect ReLu operation σ1(x) = max(0, x).

The output qladd is then used to generate multiplicative attention of global physical priors

based-attention using Equation 4.2.

qladd_mul = φT (qlmul) + bφ (4.3)

An mlp with 1x1x1 generated a dual attention tensor with bias bφ in Equation4.3.

αl
i = σ(qladd_mul(x

l
i, g

l
r, hl−1; Θi)) (4.4)

The output qladd_mul for each layer l is then normalized using sigmoid operation σ2(x) =
1

1+e(−x) .

This operation generates an attention coefficient (α), which is used to take an element-wise

summation with the feature map E2, as shown in Figure 4.6 and Equation4.4.
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Figure 4.6: Dual attention module calculates attention coefficient based on the local and

global feature map. Local feature map from the encoder xl and the previous layer of the

decoder or encoder hl−1 and global feature maps comes from physical priors gr, which are

calculated based on the global positioning of each point in the point cloud from the PPE

module.

4.2.4 Voxelization

The network uses a voxel grid representation to prepare the 3D point cloud for input into the

NSANet architecture. Raw point cloud data is preprocessed onto the voxel grid, and a mean

is calculated to represent all the points within each 3D voxel. The network also maintains a

projection matrix from the voxel grid to the raw point cloud, making it easy to project labels.

Choosing an appropriate voxel size provides a trade-off between efficiency and effectiveness.

4.3 Experiment

The research conducted experiments to validate hypotheses. An ablation study compared

NSANet-1, NSANet-2, and NSANet-3 with a baseline, maintaining two input features

(occupancy points per voxel, mean-Z) and using a weighted cross-entropy (WCE) loss function.

Subsequently, another experiment focused on feature engineering, revealing that a smaller

set of features improves performance quantitatively and in terms of efficiency compared to

manually designed geometric features.
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Figure 4.7: NSANet-2 adapted FIT by employing attention module in encoder as well. The

first variation contains only local attention in encoder layers called the encoder single attention

(ESA) module.

After identifying the optimal NSANet configuration and features input, an ablation study

determined the optimal loss and attention configuration. A comparative analysis supported

the choice of a voxel-based network for noise-filtering neural networks, with experiments

evaluating test sets designed to assess the noise class.

4.3.1 Dataset

Teledyne Galaxy T1000 laser scanner collected data, covering an area of 13km2. The collected

data was subsequently divided into train and test sets for experiments. Specifically, the first

4km2 of the dataset was allocated for testing purposes, while the remaining data was utilized

to train the network.

Within the dataset, 14 distinct scenes did not overlap, encompassing over five million

points on average, with a density of approximately 30(points/m2). To establish the ground

truth, Teledyne Optech employed Terrasolid point cloud processing software to label the

data [151]. These labels were generated based on extensive domain knowledge and technical

expertise.

The training dataset has two classes, noise, and non-noise, that effectively train the
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Figure 4.8: NSANet-3 adapted FIT by employing attention module in encoder as well. This

variation contains dual attention in encoder layers called encoder dual attention (EDA)

module.

NSANet network.

4.3.2 Experimental Configuration

The dataset undergoes a 70%-30% split for training and testing, with the training set further

divided into training and validation sets (80-20%). Sub-scenes based on the GPS time of the

flight line are generated within each scene and a voxel grid of 64m× 64m× 64m is created for

each sub-scene. Features include mean absolute elevation (MZ) and the number of occupied

points (Occ.). NSANet outputs confidence scores for noise and non-noise classes, with the final

prediction determined by the highest confidence score. Post-processing techniques enhance

accuracy.

NSANet training involves 90 epochs on two GPU RTX 6000 units, utilizing the Adam

optimizer with a learning rate of α = 0.0001 and a 0.8 decay rate for every 100,000 steps

through a staircase learning rate schedule. Inference takes 2 to 3 minutes, and precision,

recall, and F1-score assess performance. PointNet and PointNet++ use a 1m3 partition

size, training for 90 epochs on two GPU RTX 6000 units with a learning rate of α = 0.001

and a 0.7 decay rate for every 200,000 steps via a staircase learning rate schedule. SVM
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Methods Fusion Attention
Features Loss

Recall Precision F1-score
Occ. MZ WCE

Baseline ✗ ✗ ✓ ✓ ✓ 77.9% 91.4% 84.1%

NSANet-1 AET DDA ✓ ✓ ✓ 87.3% 92.9% 90.0%

NSANet-2 FIT ESA+DDA ✓ ✓ ✓ 83.3% 93.6% 88.2%

NSANet-3 FIT ESA+DDA ✓ ✓ ✓ 92.1% 76.6% 85.6%

Table 4.1: Ablation study of modules for NSANet to compare the performance over recall,

precision, and F1-score.

training involves voxelization, grouping 100 points using voxels, and extracting features like

the number of neighboring points, mean elevation, and geometric features (Omnivariance,

Eigentropy, Anisotropy, Planarity, Linearity, Surface Variation, Sphericity, and Verticality).

SVM is trained with a soft-margin RBF kernel of gamma=0.05.

4.4 Results and Discussion

4.4.1 NSANet Ablation Study

In the ablation study, research introduced a dual attention module in both the encoder

and decoder based on the thesis’s interpretation of FIT and AET. Through a series of

experiments, it validated that the implementation of NSANet-1, as depicted in Figure 4.3,

which focuses on utilizing attention during the decoding stage, outperformed the variations

of NSANet-2 and NSANet-3 illustrated in Figures 4.7 and 4.8. This outcome confirms that

the network effectively leverages the principles of attention theory as exemplified by AET,

thus experimentally validating its usability. The results presented in Table 4.1 highlight

that incorporating attention mechanisms during the feature interpretation stage to filter

noise is a superior strategy for addressing this problem. The performance improvement for

AET-based dual attention fusion shows a balanced performance with an overall increase of

5.9% in F1-Score over baseline. However, NSANet-2 and NSANet-3, which are variations of
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Methods
Features

Fusion Recall Precision F1-score
Occ. MZ INS NR R

NSANet-1 ✓ ✗ ✗ ✗ ✗ AET 72.5% 85.4% 78.9%

NSANet-1 ✓ ✓ ✗ ✗ ✗ AET 87.3% 92.9% 90.0%

NSANet-1 ✓ ✓ ✓ ✓ ✓ AET 87.3% 83.5% 85.5%

Table 4.2: Ablation study on the importance of feature engineering for optimized NSANet-1

over recall, precision, and F1-score; Occ: No. of Occupancy Points, MZ: Mean Elevation,

INS: Intensity, R: Range and NR: Number of Returns.

FIT, deliver a high precision of 93.6% and high recall of 92.1% and fail to show a balanced

performance across all metrics. Hence, NSANet-1 with AET fusion is selected for the next

experiments. It also validates the human vision principle of paying attention to the decoding

stage instead of the data extraction stage.

4.4.2 Feature Engineering

The input features for deep learning networks are crucial for learning. Initially, the experiment

is configured to select a palette of features, including Occ. and MZ, for the NSANet-1 ablation

study. The mean elevation for each voxel was calculated based on the z values of the points

within the voxel, enhancing the network’s ability to learn the vertical geometry of the scene

(Table 4.2). For the proposed NSANet-1, which incorporates physical priors and spatial

attention, training was conducted using a single channel, surpassing the performance of the

baseline, achieving a recall of 72.5%, precision of 85.4%, and F1-score of 78.9%. Subsequently,

MZ was added to the feature channels alongside (Occ.), which improves the performance on

recall by 14.8% and precision by 7.5%, and F1-score by 11.1%. The final results in Table 4.2

highlight the importance of absolute elevation as a discriminating feature, especially due to

the distinctive noise distribution in the elevation dimension. Thus, the feature combination

of mean elevation and occupancy points will be used in all NSANet-1 experiments.
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4.4.3 Loss Functions

The research employed the Cross-Entropy (CE) loss, which is commonly used for segmentation

problems.

CE = [−
C∑
i=1

yi log(pi)] (4.5)

In equation 4.5, y represents the true label, p is the predicted probability for the positive

class in binary classification, and pi is the predicted probability for class i in multiclass

classification. C is the number of classes.

WCE = − 1

N

N∑
i=1

C∑
c=1

wc · yi,c · log(pi,c) (4.6)

where, N represents the total number of samples, C denotes the number of classes, wc signifies

the weight assigned to class c, yi,c is the true label for sample i and class c, and pi,c is the

predicted probability for sample i and class c. However, this specific problem necessitated

using a WCE loss as shown in equation 4.6. This was due to the significant class imbalance

in the dataset, making it crucial to assign appropriate weights. The introduction of class

weights proved highly beneficial and led to a substantial improvement in performance, as

demonstrated in Table 4.3. The results show the performance for the noise class was best

when WCE is used with the recall of 87.3%, precision of 92.9%, and 90.0% F1-score. To

explore alternative optimal loss functions, a few tests were conducted using Focal Loss (FL)

as shown in equation 4.7 to assess its impact on performance.

FL(pt) = −αt(1− pt)
γ log(pt) (4.7)

Where pt is the predicted probability of the true class,αt is the focal loss balancing factor,

and γ is the focusing parameter. Additionally, the specific distribution and characteristics

of the noise and non-noise classes in data have not been effectively addressed by focal loss

exhibiting recall decrease by 11.1%, precision by 2.2%, and F1-score by 6.6%. Therefore,

WCE loss significantly outperformed FL, confirming its superiority in this problem domain.
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Methods
Loss

Fusion Recall Precision F1-score
CE FL WCE

NSANet-1 ✓ ✗ ✗ AET 72.1% 90.7% 81.4%

NSANet-1 ✗ ✓ ✗ AET 76.2% 90.7% 83.4%

NSANet-1 ✗ ✗ ✓ AET 87.3% 92.9% 90.0%

Table 4.3: Ablation study on the importance of loss function over Recall, Precision, F1-score;

CE: Cross Entropy Loss, FL: Focal Loss, and WCE: Weighted Cross-Entropy

Methods
DDA-Module

Fusion Recall Precision F1-score
local global

NSANet-1 ✓ ✗ AET 80.5% 92.0% 86.2%

NSANet-1 ✗ ✓ AET 85.2% 91.6% 88.4%

NSANet-1 ✓ ✓ AET 87.3% 92.9% 90.0%

Table 4.4: Ablation Study of global, local and dual attention modules about DDA-module in

Figure no. 4.6 to compare performance advantage over Recall, Precision, and F1-score.
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Methods input Recall Precision F1-score

SVM (benchmark) segment 46.7% 54.0% 50.1%

DAE [152] voxel 53.5% 99.9% 69.7%

PointNet [7] point 68.3% 98.2% 80.5%

PointNet++ [6] point 57.6% 90.4% 74.0%

3D U-Net [9] voxel 77.9% 91.4% 84.1%

Att-U-Net [56] voxel 80.5% 92.0% 86.2%

Multiview 2D-U-Net views 80.0% 92.9% 85.9%

NSANet-1 voxel 87.3% 92.9% 90.0%

Table 4.5: Comparison of NSANet for noise filtering with SVM, Denoising Autoencoder, 3D

U-Net, PointNet++, and PointNet over Recall, Precision, and F1-score for noise class.

4.4.4 Attention Ablation Study

Furthermore, another ablation study assessed the significance of global, local, and dual

attention modules. The findings presented in Table 4.4 demonstrate that integrating physical

priors yields a relatively higher performance improvement of 85.2% recall, 91.6% precision,

and 88.4% F1-score compared to using only local attention, which shows performance decrease

of 4.71% recall, 0.4% precision, and 2.2% F1-score. However, the dual attention module plays

a critical role in effectively eliminating noise from the point cloud, facilitating comprehensive

scene understanding with an F1-score of 90.0%. These experiments have effectively validated

the importance of physics-based deep learning approaches for computer vision tasks.

4.4.5 Comparative Study

Most importantly, a comparative study conducted based on an extensive literature review,

considering various models, including Support Vector Machines (SVM), Denoising Autoen-

coder (DAE), PointNet, PointNet++, 3D U-Net, Attention 3D U-Net, and Multi-view-based

2D U-Net. The results are in Table no. 4.5 of each model and are summarized as follows:
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• SVM was trained to balance preserving objects of interest and eliminating noise points.

It achieved a 50.1% F1-score for the noise class.

• Denoising autoencoder (DAE), which focuses on denoising reconstruction, outperformed

SVM with a relatively higher F1-score of 69.7% for the noise class.

• PointNet [7], a pioneering network that directly processes 3D point cloud data, performed

better than DAE but struggled with complex noise and lacked global context, multi-

resolution, and local contextual features and shows the F1-score of 80.5%.

• PointNet++ [6], was also tested but did not yield satisfactory results (F1-score 74.0%).

• The 3D U-Net model with WCE loss was selected as a baseline. It utilized a multi-

resolution encoder-decoder structure to incorporate more context and exhibited expo-

nentially improved performance on the noise class by exhibiting a recall of 77.9% and

an F1-score of 84.1%.

• It further compared the performance of Attention 3D U-Net and Multi-view-based 2D

U-Net. The 2D U-Net, which took two different views as input, showed comparable

performance to the Attention 3D U-Net by exhibiting the F1-score of 85.9% and

86.2%. The 2D U-Net has a limitation as the view selection can be tedious and

dependent on the dataset. However, Attention 3D U-Net exhibited aggressive noise

classification, misclassifying non-noise as noise, while the 3D U-Net with cross-entropy

loss demonstrated generally poor performance.

The proposed system, which incorporates global and local context through attention mech-

anisms embedded in the network, is concluded to work effectively. This approach led to

significant performance enhancements, as demonstrated in Table 4.4. Unlike other networks

with better precision but lower recall and F1-scores, NSANet-1 achieved a balanced per-

formance across all metrics. SVM and 3D UNet have been used for noise filtering. Still,

comparative studies have shown more conservative performance, which was why NSANet-1
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Methods VPP Fusion
Features

Recall Precision F1-score
Occ. MZ

NSANet-1 ✗ AET ✓ ✓ 87.30% 92.90% 90.0%

NSANet-1 ✓ AET ✓ ✓ 98.90% 96.10% 97.5%

Table 4.6: Ablation Study based on voxel post-processing module and compared performance

over Recall, Precision, and F1-score.

was proposed to improve the performance of filtering noise points without compromising the

objects of interest to a greater extent.

4.4.6 Error Analysis

The research has yielded remarkable advancements in noise filtering, surpassing the state-of-

the-art (SOTA) methods, as illustrated in Figures 4.9 and 4.10. It is important to highlight

that this network draws inspiration from semantic segmentation and denoising research.

Filtering noise from large-scale 3D point cloud data captured by airborne LiDAR remains a

challenging problem with limited existing solutions.

However, there are certain scenarios where the proposed network encounters difficulties

in filtering noise, particularly in cases where the distribution of objects of interest closely

resembles noise or overlaps with it. These challenging instances serve as hard examples

and contribute to a performance gap. To address this, a voxel-based post-processing (VPP)

module has been incorporated into the final design, which enhances the recall performance

by 10% by considering the confidence of neighboring voxels as shown in Table 4.6.

4.5 Summary

This work introduced an innovative dual-attention NSANet model for noise filtering in large-

scale point clouds from airborne LiDAR scanners. The model effectively addresses challenges

like overlapping objects, systematic global patterns, and sparse noise by leveraging physical

85



Figure 4.9: 3D scene with sparse noise spread across scene shows four different scenes

comparing the SOTA performance of baseline with weighted cross-entropy loss and NSANet-1

variation employed AET and weighted cross-entropy loss. Results reflect NSANet’s superior

performance. Red shows noise points and white reflects non-noise points.
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Figure 4.10: 3D scene with dense noise pattern shows four different scenes comparing the SOTA

performance of baseline with weighted cross-entropy loss and NSANet-1 variation employed

AET and weighted cross-entropy loss. Results reflect NSANet’s superior performance. Red

shows noise points and white reflects non-noise points.
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priors and local spatial attention. Experimental studies confirm the model’s ability to enhance

scene understanding by incorporating global context. The results validate the two-stage-based

attentional engagement theory, demonstrating improved noise filtering performance with

integrated physical priors. NSANet consistently outperforms other models across evaluation

metrics, particularly in handling airborne LiDAR data. Future chapters will extend the

focus to scene understanding for utility corridors using neural networks and further advance

physical priors learning.
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Chapter 5

Multiscale Deep Learning for Utility

Network Segmentation

This chapter introduces the second stage of the scene understanding pipeline, discussing

three approaches for utility scene understanding. The framework focuses on utility semantic

segmentation, emphasizing spatial layout consistency as an external cue to enhance deep

learning-based semantic segmentation. The aging infrastructure of utility networks requires

reliable computer vision systems for inspection and minimizes human intervention. The

airborne laser terrain mapping (ALTM) system is favored for its rapid data collection, foliage

penetration, and accurate ranging. However, classifying dense and irregular point clouds from

ALTM remains a bottleneck, hindering efficiency and accuracy. To address this challenge,

this research proposes a Semantic Utility Network (SUNet), a deep convolutional neural

network (DCNN) for voxel-based semantic segmentation of ALTM point clouds. SUNet

enforces spatial layout consistency on segmentation results from voxel-based and regional

approaches. The DCNN combines hierarchical context for spatial layout through multiscale

and multimodal fusion. This methodology extends to Fusion-SUNet and Pan-SUNet, as

shown in Figure 5.1. Fusion-SUNet focuses on incorporating spatial layout consistency at

a deeper level for utility network segmentation. It fuses features to impose spatial layout

consistency, classifying dense point clouds from ALTM. The architecture achieves voxel-based

89



Figure 5.1: The three proposed utility scene understanding approaches and the fusion modules.

a) SUNet contributes loss-based late fusion, b) Fusion-SUNet builds on SUNet and proposed

deep fusion module, and c) Pan-SUNet builds on SUNet’s loss-based late fusion using regional

segmentation (RS) and incorporates 2D Object detection (OD) for panoptic fusion.
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semantic segmentation at multi-resolution in three dimensions (3D) and distinguishes corridor

regions from non-corridors in two dimensions (2D). Spatial layout consistency is ensured

using spatial and channel-based attention, fusing regional and 3D segmentation features.

Pan-SUNet performs 3D semantic segmentation and object detection using 2D regional

segmentation and object detection through the power panoptic fusion module. It enhances

3D semantic segmentation and 3D object detection, benefiting the utility community in

segmenting corridors. PanSUNet predicts 2D regional labels, differentiating utility and

corridor regions from non-corridor areas, ensuring spatial layout consistency in 3D network

predictions.

5.1 Overview

The section discusses the importance of conducting safe, efficient, and accurate inspections

for utility network management to ensure grid stability and resilience [130, 153, 16, 18, 142,

143]. While traditional methods involve ground crews for tasks like managing vegetation

encroachment, there is a growing trend in using unmanned aerial vehicles (UAVs) to reduce

data collection costs [153, 16]. However, challenges such as strict regulations, limited operation

time, and spatial coverage hinder the full use of UAVs. Airborne Laser Terrain Mapping

(ALTM) is a central data acquisition platform, providing dense point clouds with survey-grade

accuracy for utility infrastructure representation [18]. Despite these advancements, the

manual labeling point clouds with semantic attributes remains a laborious and error-prone

task, prompting the need for automation.

The urgency to automate maintenance processes is emphasized, particularly to prevent

vegetation-related electricity outages in aging and lengthy infrastructures [154]. Regulatory

obligations, such as those set by the North American Electric Reliability Corporation (NERC),

mandate utility transmission companies to comply with standards and avoid unforeseen

disasters and vegetation encroachment [29, 30]. This has led to research efforts in exploring

traditional and deep learning methods, with Deep Convolutional Neural Networks (DCNN)
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emerging as a powerful tool in computer vision [5]. The thesis highlights the success of

DCNNs in semantic segmentation using point clouds but notes a gap in utilizing spatial

relationships for utility corridors and embedding spatial layouts for multiscale contexts.

As a response to this limitation, the thesis proposes a network that addresses hierarchical

spatial consistency, aiming for generalizability to standard layout segmentation problems

[7, 6, 8, 63, 5, 65, 64, 66]. This thesis thoroughly investigates the utility corridor dataset.

Firstly, the study unraveled spatial layout consistency. It identifies the hierarchy between

regions (corridor and non-corridor) and object classes such as ground, towers, powerlines, and

vegetation as shown in Figure 5.2 [130]. Secondly, it utilizes the hierarchical spatial layout

consistency by combining multimodal input. Finally, it explores the science of human vision

and information extraction for decision-making as a hierarchy. Spatial cognition is one of the

key concepts driving this research in semantic utility networks. It involves high-level cognitive

processes in the human brain that influence decisions regarding the representation of location,

orientation, and action in relation to oneself, others, objects, or the environment. The spatial

layout of objects significantly affects the human visual experience as they are organized into

regions. Spatial layout consistency plays a crucial role in this cognition, addressing questions

such as the object’s location, neighboring elements, and identity. By understanding these

representations, one can gain insights into a 3D scene based on its layout. Consequently,

research leverages this concept to enhance understanding of the utility transmission layout and

improve scene comprehension [28]. This chapter will detail all three approaches individually

and elaborate on the modules.

5.2 SUNet-Semantic Utility Network

SUNet is a multimodal and multi-resolution network designed to capture the spatial consis-

tency between the layout and objects of interest. It comprises two networks: a two-dimensional

regional segmentation network [52] and a three-dimensional segmentation network. The

2D regional prediction network predicts the regional labels, distinguishing corridor regions

92



Figure 5.2: SUNet is a multi-dimensional and multi-resolution network that imposes the

spatial layout consistency (a) through 2D utility regions on the outcomes of 3D segmentation

network via loss-based late fusion (b).

from non-corridor. This prediction network imposes constraints on the predictions of the 3D

network through loss-based late fusion. By combining the predictions of both networks, SUNet

achieves improved performance in capturing the spatial layout consistency and accurately

classifying objects of interest, as shown in Figure 5.2.
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Figure 5.3: The overall architecture of SUNet: Point cloud is preprocessed into voxel grid

and BEV. These are separately processed by a multi-resolution 3D semantic segmentation

pipeline and 2D BEV pipeline for regional prediction to impose the spatial layout consistency

on 3D objects through loss-based late fusion.

5.2.1 3D Semantic Segmentation Pipeline

The overall network architecture of SUNet is depicted in Figure 5.3. The 3D segmentation

network follows a U-shaped multi-resolution encoder-decoder structure. It operates on a

3D voxel grid to extract features and predict semantic labels for object classes [56]. The

network consists of four levels of feature extraction, denoted as E1, E2, E3, and E4, as shown

in Figure 5.3. Each level constructs an output feature map Dl through a series of operations.

These operations include additive attention applied on the previous output feature map Dl−1

and the current feature map El, followed by two 3 × 3 × 3 convolution operations, batch

normalization, and relu activation. The result is four output feature maps {D1, D2, D3, D4}

with dimensions H
2l
× W

2l
× D

2l
× 32l where (H: height, W: width, and D: Depth) for output D

of decoder layer at level l. These feature maps represent the deep multi-resolution output,

which provides a multi-receptive field for segmenting objects and areas of different sizes.

The feature maps D1, D2, D3, and D4 are then passed through a multi-resolution feature
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aggregation module to incorporate knowledge and context from all levels. This module helps

capture comprehensive information from different scales and resolutions, enhancing the overall

segmentation performance.

The final part of the pipeline is the feature smoothing module, which aims to eliminate

noisy and cluttered predictions. It refines the predictions and delivers a confidence score for

each class. This score is then utilized by the loss-based late fusion module, which refines and

constrains the predictions using spatial layout consistency through 2D global scale regional

predictions. By incorporating spatial layout consistency, the network learns to capture

the relationships between the layout and object classes, leading to improved segmentation

accuracy. The loss-based late fusion module also allows the network to back-propagate the

loss and refine the learning of deep features.

Additive Attention Module

In the multi-resolution encoder-decoder architecture of SUNet, downsampling operations

can sometimes lead to an overpopulation of false positives, especially for small objects that

exhibit significant shape variance. An additive attention gate is incorporated into the network

to address this issue. This attention gate module helps to alleviate localization problems and

reduce misclassification by selectively attending to relevant information [26, 56].

qlatt = φ(σ1(El +Dl−1)) + bφ (5.1)

where σ1 is used to reflect ReLu operation σ1(x) = max(0, x) which takes input from the

previous layer of the decoder, Dl−1, and the encoder feature map of the same level, El as

shown in Equation 5.1.

αl
i = σ(qlatt(El, Dl−1; Θatt)) (5.2)

The additive attention qlatt in Equation 5.2 learns multiple attention coefficients for each

class using σ2(x) =
1

1+e(−x) and produces activated feature maps that are pruned to suppress

irrelevant information. It used Θatt as paramaterized function for linear transformation using
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mlp 1× 1× 1.

El = El · αl
i (5.3)

Then, Equation 5.3 uses attention coefficients, denoted as αi ∈ [0, 1], and i is a spatial

dimension, which is then element-wise summed with the feature map El.

Using the attention coefficients, the attention gate selectively highlights important features

and suppresses less relevant information, improving small objects’ localization and classifica-

tion accuracy. This mechanism allows the network to focus on the most discriminative and

informative features, mitigating the false positives and enhancing the overall segmentation

performance.

Multi-resolution Feature Aggregation Module

The proposed module performs feature map aggregation by upsampling and concatenating the

feature maps from { D1, D2, D3, D4 }. This aggregation process combines the information

from multiple levels of the decoder. To refine and consolidate the aggregated features, a

1x1x1 convolution operation is applied.

Y ′
l = f(Dl, β) (5.4)

where Y ′
l is upsampled tensor at level l. f is a function for upsampling, transpose 3D

convolution which takes β as an upsampling factor to give all decoder feature maps of the

same size for aggregation as shown in Equation 5.4.

Yagg = Y ′
1∥Y ′

2∥ . . . ∥Y ′
l (5.5)

Feature aggregation operation or concatenation ∥ followed by 1 × 1 × 1 helps generate a

feature map Y ′
agg that minimizes the errors introduced during the upsampling process of the

decoder, particularly for the prediction of minority classes. This module enhances the overall

segmentation performance by effectively integrating the multi-resolution information and

ensures more accurate predictions, even for small and less represented object classes.
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Feature Smoothing Module

The optional module in the architecture consists of three multi-layer perceptron (MLP)

operations. Its purpose is to smooth the feature maps by evenly distributing the mean and

variances of the features.

Y n
fs = (W (n)Y (n−1)

agg + b(n)) (5.6)

where n is the number of MLP layers in the feature smoothing model, which takes input from

the previous layer n− 1 and calculates its weight W and bias b as shown in Equation 5.6.

By incorporating this module, the aim is to reduce misclassifications by a minimal margin.

The smoothing operation helps to refine the feature representations and improve the overall

consistency of the predictions, leading to more accurate and reliable segmentation results.

Lastly, it performs softmax operation σ to get the probability of prediction against each class

c using the following Equation 5.7.

σ(Y i
fs) =

eY
i
fs∑C

j=1 e
Y j
fs

(5.7)

where i is spatial dimension and j is one of the semantic segmentation classes C.

5.2.2 2D BEV Pipeline

Integrating a larger receptive field and global context into a network poses a significant

challenge for semantic segmentation. Understanding the spatial layout and global correlation

of objects is crucial for humans to make accurate judgments about scene semantics. However,

the 3D segmentation network is limited to capturing local context and cannot encode the

scene’s coarser details and global context.

The 2D Bird’s Eye View (BEV) pipeline, which incorporates spatial layout and global

correlation information through a loss-based late fusion module that acts as a multimodal

fusion, is introduced to address this limitation. The 2D network, depicted in Figure 5.3 as a

regional semantics block [52], is a multi-resolution encoder-decoder architecture. It consists
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of four feature maps, namely {E ′
1, E ′

2, E ′
3, E ′

4}, which are used to construct four output maps

{D′
1, D′

2, D′
3, D′

4}.

This 2D network takes the BEV representation of a complete 3D point cloud scene as

input and predicts the probability tensor of regional classes with a shape of W ×H × Cp. By

leveraging the BEV representation, this network can capture the regional semantics of the

scene and incorporate the spatial layout and global context information for more informed

and accurate predictions.

5.2.3 Voxelization and BEV Projection

The input representation for the segmentation network is a voxel grid, which involves

preprocessing the raw point cloud data. The raw point cloud is organized onto the voxel

grid, and the mean value is calculated to represent all the points within each 3D voxel.

Additionally, the network maintains a projection matrix that maps the voxel grid to the raw

point cloud, facilitating easy label projection.

Using a voxel grid as input balances efficiency and effectiveness, with the voxel size

selection influencing this trade-off. It allows us to efficiently process and analyze the point

cloud data while capturing essential spatial information.

On the other hand, the Bird’s Eye View (BEV) is a 2D representation of the 3D point

cloud scene. In the 2D BEV pipeline, XY coordinates of the 3D scene are projected onto a

2D plane, where each pixel represents the points within the corresponding location. This XY

projection provides an optimal BEV representation for extracting the global context required

for regional and object predictions.

A projection matrix, denoted as M, is created to enable fusion and effective utilization

of spatial layout consistency, which establishes compatibility between the BEV and the 3D

voxel grid feature spaces. This projection matrix allows us to seamlessly combine the 2D and

3D predictions, facilitating a more comprehensive understanding of the scene and enhancing

the accuracy of the segmentation results.
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5.2.4 Absolute and Relative Elevation Module

The data analysis showed non-homogeneous areas where points belonging to the same classes

could be on different elevations. Hence, local pillar-based normalization is calculated from

Equation 5.9, which uses the minimum elevation of each column and the maximum elevation

of the scene for normalization and calculates over the whole of each data point i of a whole

point cloud of N points contains three dimensions R3 = {(x, y, z) | x, y, z ∈ R}.

Global Normalization:

AbsoluteElevationi = 1 +
zi

zmax_global

(5.8)

where z is third dimension of 3D point cloud R3 and i represent the ith data point. zmax_global

is maximum value of elevation or z dimension in the 3D point cloud in dataset.

Local Normalization:

RelativeElevationi =
(zi − zmin_local)

(zmax_scene − zmin_local)
(5.9)

where z is third dimension of 3D point cloud R3 and i represent the ith data point, zmin_local

is minimum value elevation in a pillar of size of 1m2 in the 3D point cloud and zmax_scene in

maximum elevation of particular scene in a dataset.

5.2.5 Loss-based Late Fusion

This is a key module that is further divided into two sub-modules. The following sections

will discuss this in detail.

Logits Calibrator

This module is a straightforward calibration that takes the projection matrix between 3D

voxels and 2D BEV and converts the 2D logits for regional classes of shape W ×H × Cp to

3D representation W ×H ×D × Cp by exploring the one-to-many relationship as shown in

Equation 5.10.
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X
Y

 =

x
y

 (5.10)

X and Y are the original 3D voxel coordinates of size W and H. Z is the coordinate along

the depth D axis (not considered in the projection). After the orthographic projection, x and

y are the 2D grid coordinates of sizes W and H.

Hierarchical Layout Consistency Loss Function

The proposed loss function plays a crucial role in the late fusion module, allowing us to

leverage the hierarchy of object classes in different regions (corridor and non-corridor) to

penalize misclassifications. It serves as a key element for fusing context from both local and

global scales. The loss function takes the 3D predictions generated by the 3D pipeline. It

refines them by incorporating global spatial layout information extracted from the 2D pipeline,

bridging the gap regarding the larger receptive field. The mathematical representation of the

loss function can be seen in Equation 5.11

HLC =
1

M

P∑
p=1

C∑
c=1

M∑
m=1

(wpwc)× (yPc
m × (log(hΘ(xm, c, p)))) (5.11)

Where M is the number of samples, C is the number of semantic segmentation classes, wc is

the weight for the semantic segmentation class c, P is the number of regional segmentation

classes, wp is the weight for the regional segmentation class p, yPc
m is the true label for sample

m in semantic segmentation class c and regional segmentation class p, and log(hΘ(xm, c, p))

is the predicted probability for sample m in semantic segmentation class c and regional

segmentation class p. To achieve hierarchical layout consistency, the loss function HLC

evaluates the correlation between the target class yPc
m and the predicted class for xm, weighted

by wp and wc as shown in Equations 5.12 and 5.13 respectively.

wp =
N

P · np

(5.12)
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Where P is the total number of regional segmentation classes, np represents the number of

samples belonging to class p, and N is the total number of samples in the dataset.

wc =
N

C · nc

(5.13)

Where C is the total number of semantic segmentation classes, nc represents the number of

samples belonging to class c, and N is the total number of samples in the dataset.

This weighting helps reduce the loss for improved predictions.

Incorporating the global spatial layout information into the loss function can encourage

more accurate predictions by penalizing misclassifications and promoting better alignment

between the predicted and target classes. This enables the network to utilize local and global

context for semantic segmentation tasks effectively.

5.3 Fusion-SUNet

As discussed in the previous section, Fusion-SUNet is an extension of SUNet. Fusion-SUNet

is a multi-scale and multi-resolution network that incorporates spatial layout consistency

between the layout and objects of a scene on a deep feature level. It comprises two networks:

a 2D regional prediction network [52] that constrains the predictions of a 3D network through

multimodal and multiscale deep feature fusion based module and loss-based late fusion as

shown Figure 5.4. The network architecture enables multiscale and multimodal fusion at

different depths, allowing it to incorporate regional information from the 2D network to

improve the 3D network’s prediction accuracy [155, 156]. The next section will only discuss

the novel multimodal Attention Fusion (A-Fusion) module as the baseline of SUNet remains

the same.

5.3.1 Fusion

The fusion pipeline has two key modules: Feature-based middle fusion and loss-based late

fusion. SUNet has already proved the importance of loss-based late fusion. This section will

introduce feature-based fusion.
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Figure 5.4: The overall architecture of Fusion-SUNet: Point cloud is preprocessed into voxel

grid and BEV. These are separately processed by a multi-resolution 3D semantic segmentation

pipeline and 2D BEV pipeline for regional prediction to impose the spatial layout consistency

on 3D objects through feature-based and loss-based late fusion.
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Feature Interpolation Module

It is a simple module that takes the projection matrix between 3D voxels and 2D BEV

and converts the 2D features map for the regional network’s layers of shape H
2l
× W

2l
× 32l

into a 3D representation of shape H
2l
× W

2l
× D

2l
× 32l represented as P2D_3D by exploring the

one-to-many relationship between the two representations.

A-Fusion Module

The module is divided into two attention modules: spatial attention and channel-based

attention, as shown in Figure 5.5. The spatial attention mechanism generates an attention-

focused feature map by interpolating a 2D regional network to a 3D feature map and

concatenating it with the 3D feature map from the additive attention map output to provide

a feature map for a decoder level in the 3D network. The spatial attention mechanism

imposes layout constraints on the features to facilitate learning objects of interest by taking

advantage of spatial consistency at deeper levels.

• The A-Fusion module takes input from the feature interpolation module P2D_3Dl
and

the output of the additive attention module from the 3D segmentation pipeline PA
3Dl

.

• The attention fusion module performs spatial attention using both feature maps, using

element-wise summation and ReLU activation σ1 as the final step, followed by element-

wise multiplication with the additive attention map output PA
3Dl

as shown in Equation

5.14.

PA
2D_3Dl

= σ1(P2D_3Dl
⊕ PA

3Dl
) (5.14)

• The channel attention map is generated from the interpolated 2D to 3D regional

feature map P2D_3Dl
using max-pooling max and average avg pooling operations from

Equations 5.15 and 5.16, followed by a shared MLP and element-wise summation to

generate a 1D channel attention map of size 1× 1× 1× 32l after a sigmoid operation
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Figure 5.5: A-Fusion module to impose spatial layout consistency through the fusion of

features, also known as middle fusion.
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σ2(x) =
1

1+e−x as shown in Equation 5.17.

P2D_3Dmaxl
= mlp(max(P2D_3Dl i·k:(i+1)·k−1,j·k:(j+1)·k−1)) (5.15)

P2D_3Davgl
= mlp((P2D_3Dl i·k:(i+1)·k−1,j·k:(j+1)·k−1)) (5.16)

where is the value at position i, j in the output matrix PC
2D_3Dl

and k × k is the size of

the window for max and average pooling operations.

PC
2D_3Dl i,j

= σ2(P2D_3Dmaxl
⊕ P2D_3Davgl

) (5.17)

• The output of the channel attention mechanism PC
2D_3Dl

is multiplied element-wise

with the output of the spatial attention map PA
2D_3Dl

and later concatenated with the

feature map PA
3Dl

from the 3D network as shown in Equation 5.18.

PA”
3Dl

= (PC
2D_3Dl

⊙ PA
2D_3Dl

)∥PA
3Dl

(5.18)

• The final output of the feature fusion module is denoted as PA”
3Dl

and is sent to the 3D

network for decoder operations involving two 3 x 3 x 3 convolution batch normalization,

ReLU, and upsampling.

5.4 Pan-SUNet: Panoptic Semantic Utility Network

This introduction has discussed that Pan-SUNet takes SUNet as a baseline to expand further

the scene understanding pipeline for the utility transmission corridor. This section will

introduce Pan-SUNet, a unique novel network that takes multimodal input and uses multi-

resolution deep-learning neural networks that embed spatial regularities between the regions

and objects of interest. It comprises three different classifiers. A 2D regional prediction

network [52] and a 2D object detection [11] network collaborate to generate utility region-

based segmentation masks and detect objects that constrain and refine the predictions of
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Figure 5.6: The Overall architecture of Pan-SUNet: 3D voxel grid and 2D BEV is generated

from point cloud. 3D Voxel grid is convoluted through multi-resolution 3D semantic seg-

mentation. 2D BEV uses a shared encoder for segmentation regional prediction of corridor

and non-corridor classes. The detection head produces span and pylon objects that can

later fuse regional masks to impose the spatial layout consistency on 3D objects through

the hierarchical layout consistency loss function. Panoptic fusion fuses the 2D Object and

semantic segmentation to project onto 3D objects and readjusts semantic segmentation labels.

a 3D network through regional fusion, loss-based late fusion, and panoptic fusion as shown

in Figure 5.6. The next sections will discuss panoptic segmentation’s contribution in detail:

BEV modified pipeline, regional fusion, and panoptic fusion modules, as the baseline of

SUNet remains the same.

5.4.1 Panoptic Segmentation

This module combines the 3D semantic segmentation network’s output and object detection

in the 2D pipeline for pylons and spans, which leverages semantic spatial layout consistency.
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Figure 5.7: Regional fusion generation of segmentation shows a) polygon generated from step

1 and b) segmentation mask generated from polygon.

This approach focuses on utility regions and key objects like pylons and spans, which are

detected in 2D BEV and projected onto 3D voxel space using a simple process. The Panoptic

segmentation module estimates the height of pylons and spans based on the 3D semantic

segmentation prediction, enabling the conversion of 2D bounding boxes to 3D by adding

the z-axis. While this work emphasizes semantic segmentation, panoptic segmentation

generates instance IDs for pylons and spans and fine-tunes segmentation results by adjusting

misclassifications within 3D bounding boxes. In Figure 5.6, pylon and span instances are

color-coded according to their object instance IDs.

5.4.2 2D BEV Modified Pipeline

Making spatially accurate predictions requires integrating a broader receptive field and global

context into a semantic segmentation network, which is a considerable problem. Human

scene semantic perception strongly depends on their capacity for understanding the larger

context. The 3D segmentation network can only encode the local context and does not have

the global scene information required to encode the spatial layout and the object’s regional

relationship. To solve this problem, a 2D BEV pipeline that fuses the missing data using a
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loss-based late fusion module is utilized. The 2D pipeline consists of two classifiers: a regional

semantic segmentation and a two-dimensional object detection.

Regional Semantic Segmentation

Any simple 2D segmentation network can be used for regional segmentation. In this specific

design, a U-shaped encoder-decoder is used, which generates a regional class probability of

shape W ×H × Cp and takes Bird’s Eye View (BEV) representation of a complete 3D point

cloud. Regional segmentation and object detection share an encoder to learn shared features.

Object Detection

To leverage the regional semantic structure of utility corridors, research introduced an

additional module for 2D object detection. Previous work has configured utility transmission

zones based on corridor and non-corridor regions. This choice was due to the lack of

discriminating features between corridor and non-corridor regions, as vegetation height wasn’t

diverse in the available dataset. This research work attempts to devise a methodology to

segment utility regions from the 2D BEV (Bird’s Eye View). The proposed methodology

utilizes off-the-shelf 2D object detection networks to detect pylons and spans, which represent

the utility region [14, 10, 67, 13, 11, 12]. Hence, this part of the Pan-SUNet utilizes the

three-region-based spatial layout consistency. The state-of-the-art orientated object detection

network is used to detect span and pylon objects. It consists of a two-stage object detection

network that uses a shared encoder, an oriented regional proposal network, and a regional

classifier and regressor. The regional proposal network takes an encoded feature. It generates

a regional proposal vector (x, y, h, w, δα, δβ) with a rotated RoI that is passed to stage II,

where the R-CNN produces a classification label and regress spatial location of the object or

rotated bounding box [11, 10]. By incorporating these regionally fused segmentation masks

of three utility transmission zones, the network’s ability to predict 3D objects that are of

interest in the utility transmission zones is enhanced.
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Figure 5.8: Regional fusion from 2D regional segmentation and utility segmentation mask.

5.4.3 Fusion

The Fusion has four key modules: a) regional fusion, b) logit interpolation, c) hierarchical

layout consistency loss function, and d) panoptic fusion.

Regional Fusion

As discussed in the above section, this network has two classifiers: the segmentation classifier

outputs a 2D mask with two regional classes of corridor and non-corridor regions. Corridor

regions also have utility regions merged into them. This fusion performs the following steps to

generate implicit three classes based 2D regional segmentation mask using predicted oriented

bounding boxes of pylons and span along predicted regional segmentation.

• Step 1: Convert oriented bounding boxes to polygons using the following Equations

5.19,5.20,5.21, and 5.22, which generates four vertices p1, p2, p3, p4.

p1 = (x, y − h

2
) + (δα, 0) (5.19)

p2 = (x+
w

2
, y) + (0, δβ) (5.20)

p3 = (x, y +
h

2
) + (−δα, 0) (5.21)
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Figure 5.9: Panoptic Fusion: Conversion of the 2D Bounding boxes objects to 3D objects.

p4 = (x− w

2
, y) + (0,−δβ) (5.22)

• Step 2: Estimate the segmentation masks from polygons as shown in Figure 5.7.

• Step 3: Fuse the labels from regional segmentation and utility region generated in the

previous step as shown in Figure 5.8

Panoptic Fusion

The module takes input from 2D object detection of pylon and span W ×H × C and

W ×H × 6 and use the 3D semantic segmentation results W ×H ×D × C and adjust the

z-axis for implicit 3D object detection of pylon and spans. The semantic segmentation results

of pylon and powerline help estimate the minimum and maximum height of pylon points and

powerline points to adjust the 2D bounding boxes. There are four corners p1, p2, p3, p4 and

height information zmin and zmax to estimate the 3D bounding boxes as shown in Figure 5.9.

These 3D bounding boxes then help adjust the prediction and misclassification within the 3D

box for refining semantic segmentation. These 3D objects are assigned the instances ID based

on their unique bounding boxes for a better semantic analysis of utility network modeling.
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5.5 Summary

This chapter proposes three approaches to understanding the 3D utility transmission scene

from the 3D point cloud. The first approach is SUNet, which embeds spatial layout informa-

tion through loss-based late fusion. Additionally, it proposed and developed the design of

Fusion-SUNet, which builds over the SUNet baseline. Fusion-SUNet aims to generalize the

proposed network to fuse features on a deeper layer. Meanwhile, Pan-SUNet expands into

3D object detection and instance segmentation guided by panoptic semantic segmentation

and proposed panoptic fusion while building on SUNet. The next chapter will discuss experi-

mental configurations for all the proposed approaches and examine the dataset used for the

experiments in detail.
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Chapter 6

Deep Learning Evaluation Framework for

Utility Network Segmentation

This chapter will discuss the two datasets used for experiments and outline the experimental

configurations. It will elaborate on the design of experimental settings ablation studies for all

three approaches.

6.1 Dataset

The experiment used datasets acquired through ALTM (Airborne Laser Terrain Mapping)

from two sensors shown in Figure 6.1. These 3D point clouds were collected over utility

transmission lines to detect powerlines, pylons, high veg, medium veg, ground, and buildings.

The first dataset was acquired using Riegl, and the other was from Teledyne Optech’s sensor.

Table 6.1 shows the comparison between the dataset acquired by Riegl Q560 and Teledyne

Optech Galaxy T1000 with various factors such as density, powerline voltage, available

classes, coverage area, terrain characteristics, environment, location, and segmentation

difficulty. These variables reveal the high point density and diversity of transmission lines,

presenting challenges for subsequent scene analysis and computer vision tasks such as semantic

segmentation and object detection.
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(a) Riegl Q560 (b) Teledyne Optech Galaxy T1000

Figure 6.1: Riegl and Teledyne Optech sensors used to acquire dataset.

Varriables Riegl Teledyne Optech

Density 5pts/m2 upto 15pts/m2

Voltage 230kV Variable

Wires Types Transmission Transmission, Distribution, Residential

Classes 4 7

Coverage Area 67km 84km

Terrain Non-Homogenous Relatively Flat

Environment High Vegetated Area Mix Vegetations

Locations North America Europe

Segmentation Difficulty Medium-High High

Table 6.1: Comparision of Teledyne and Riegl dataset.
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6.1.1 Riegl Q560

Riegl Q560 laser scanner to collect the data across a 67km region in Steamboat Springs,

Colorado, in the United States. The acquired data were later split into train and test sets

to conduct experiments. The first 14km of the dataset served as a testing increment, and

the remaining data served as network training and validation increments. The collection

consisted of 67 non-overlapping scenes, each with two million points and an average density

of 5points/m2. It contains four classes: ground, high vegetation, pylon, and powerlines.

6.1.2 Teledyne Optech Galaxy T1000

Teledyne Optech’s Galaxy T1000 airborne LiDAR scanner is utilized by the Network Mapping

Group (NMGroup) to survey transmission corridors throughout the United Kingdom. NMG

surveyed a transmission corridor that was 84km long. The acquired data contained the noise

points, but the research did not include quantitative analysis due to the lack of ground truth

labels. The data was cleaned using NSANet-1 and voxel-based post-processing. The acquired

cleaned data was divided into training and testing sets, with approximately 20km selected

for testing increment. The average density of each point cloud is up to (15points/m2).

6.1.3 Qualitative Comparision of Two Datasets

Figure 6.2 presents a visual comparison of two datasets, with a focus on the elevation aspect

of the ground. The figure is split into two parts, (a) and (b), each depicting a color-coded

elevation map where the color gradient from red to blue represents a transition from high

to low elevation. In subfigure (a), the Riegl dataset showcases a diverse topography with

a smooth elevation gradient depicted by colors ranging from red (higher elevation) to blue

(lower elevation), offering potential applications in geological analysis.

Subfigure (b) reveals the Teledyne Optech dataset, featuring a distinctive linear pattern

in the red-to-blue gradient, suggesting consistent, flat terrain or abrupt elevation changes,

such as a riverbed or man-made features.
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(a) Riegl: Red to blue represent high to low elevation

(b) Teledyne Optech: Red to blue represent high to low elevation

Figure 6.2: Elevation-based visual comparison between Riegl and Teledyne Optech Datasets.
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(a) Riegl: Red: Only Echo, Blue: First of Many, Green Intermediate,

Yellow: Last of Many

(b) Teledyne Optech: Red: Only Echo, Blue: First of Many, Green

Intermediate, Yellow: Last of Many

Figure 6.3: Comparative visualization of echo signatures for High Vegetation, Powerline, and

Pylon classes in Riegl and Teledyne Optech datasets.
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Figure 6.3 provides a comparative visualization of echo classification from Riegl and

Teledyne Optech LiDAR datasets, color-coded to represent single and multiple echoes. In

subfigures (a) and (b), red indicates single echoes, blue denotes the first of many echoes,

green represents intermediate echoes, and yellow signifies the last of multiple echoes.

In Figure 6.3(a), the Riegl dataset showcases a complex environment with a notable

presence of intermediate and last echoes. Figure 6.3(b) illustrates the Teledyne Optech

dataset, displaying a mix of single and multiple echoes with a distribution pattern suggesting

variations in canopy density or surface complexity. This comparison aids in understanding

how different LiDAR systems interpret scenes, particularly in distinguishing features like

vegetation density, terrain roughness, and object height.

Figure 6.4 visually compares elevation data captured by Riegl and Teledyne Optech

LiDAR sensors, focusing on the vertical aspect of pylons, powerlines, and high vegetation. In

subfigures (a) and (b), a color gradient from red to blue signifies a range from high to low

elevation.

In Figure 6.4(a), the Riegl dataset displays a vivid spectrum where warmer colors represent

high elevations and cooler colors denote lower elevations. This visual cue aids in interpreting

the terrain’s verticality, especially for infrastructure mapping of pylons and powerlines. Figure

6.4(b) shows the Teledyne Optech dataset using the same color scheme to depict elevation

differences. The warmer colors highlight high-elevation features against the cooler backdrop

of lower terrain.

This visual analysis emphasizes elevation disparities within each dataset. It showcases

the sensors’ ability to capture the vertical structure of the environment, which is crucial for

applications like powerline network management, forestry, and urban development.

Figure 6.5 presents a comparative visualization of Teledyne Optech Galaxy T1000 and

Riegl Q560 LiDAR datasets, emphasizing point density, echo type, and elevation.

The top row compares point density, with the Riegl Q560 on the left showing well-defined

linear patterns denoting high density and the Teledyne Optech Galaxy T1000 on the right

exhibiting a seemingly more uniform distribution.
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(a) Riegl: Red to blue represent high to low elevation

(b) Teledyne Optech: Red to blue represent high to low elevation

Figure 6.4: Elevation profile visualization for Pylon, Powerline, and High Vegetation features

in Riegl and Teledyne Optech datasets.
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The middle row illustrates echo patterns, with the Riegl dataset dominated by first

and only echoes, while the Teledyne dataset displays a more complex pattern, including

intermediate and last echoes.

The bottom row provides an elevation map, with the Riegl data exhibiting clear elevation

along infrastructure lines and the Teledyne dataset showcasing a rich topography with

elevation variations.

Figure 6.6 visually compares classified data from Riegl and Teledyne Optech LiDAR

systems, revealing distinctions in class granularity. The Riegl image focuses on powerlines

(red), pylons (white), and ground (orange), while the Teledyne image introduces more classes,

including medium vegetation (dark green), buildings (yellow), and other features (blue).

This contrast suggests that Teledyne Optech may have a higher classification capability or a

different processing algorithm discerning a broader range of features.

6.2 Experimental Configuration

This section discusses the architectural designs and experimental setups for the deep learning

networks introduced in Chapter 5: SUNet, Fusion-SUNet, and Pan-SUNet. It outlines the

data preprocessing steps, such as input data representation and feature channel organization,

and discusses the selection of voxel and grid sizes. Additionally, it covers the computational

and memory resources utilized for the experiments and describes the methodologies employed

for ground truth preparation.

6.2.1 SUNet and Fusion-SUNet

Incremental Learning with K-fold Cross-Validation

This involves a combination of incremental learning to train the network on a large dataset

using increments and k-cross validation for fine-tuning to prevent overfitting. This technique

is applied to train regional and 3D semantic segmentation networks in this thesis. The dataset

is divided into three increments of equal size. One increment is reserved for testing, and
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Figure 6.5: Comparative visualization across density, echo, and elevation attributes in

Teledyne Optech Galaxy T1000 and Riegl Q560 datasets.
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(a) Riegl Classes; Red: Powerline, White: Pylon, Orange: Ground,

Green: High Veg

(b) Teledyne Optech Classes; Red: Powerline, White: Pylon, Orange:

Ground, Green: High Veg, Dark Green: Medium Veg, Yellow: Building,

Blue: Others

Figure 6.6: Class map visualization: comparative analysis of Riegl and Teledyne Optech

datasets.

the other two increments are used for training. Each training increment undergoes K=3

cross-validation for fine-tuning a neural network with an 80-20%

2D Regional Segmentation

For pretraining the 2D regional prediction network in the context of global spatial layout

prediction, the experiments utilized half of the available scenes. Each scene underwent

subdivision into four smaller subscenes using the GPS timestamps associated with the flight

lines. Subsequently, these subscenes were mapped onto a 2D bird’s eye view (BEV) grid,

each with dimensions of 640× 640, where each pixel represents an area of 1m2.
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Within this grid, two feature channels were designated: the mean elevation and the count

of occupancy points per pixel, resulting in an input dimensionality for the 2D network of

640× 640× 2. The network’s output corresponds to a size of 640× 640× 3, representing the

confidence scores for the regional classes.

The network underwent pretraining with a batch size of 1 over 100 epochs, applying

incremental learning with k-fold cross-validation for fine-tuning a neural network to mitigate

the risk of overfitting. Data augmentation strategies were employed to enhance the robustness

of the model, including horizontal and vertical flips, along with random rotations.

The training was executed on a dual GPU setup, utilizing RTX 6000 cards using the

Adam optimizer with a learning rate of α = 0.001 and a 0.85 decay rate for every 10,000

steps through a staircase learning rate schedule. The training duration ranged between 4 to

5 hours, and inference on this pre-trained model was achieved in approximately 30 seconds,

demonstrating the network’s efficiency.

3D Semantic Segmentation

The voxel grid is generated over each subscene with dimensions of 640× 640× 448, where

each voxel represents a volume of 1m3. Each batch is fed with the maximum elevation data

from the entire scene to give the network a comprehensive vertical context. The feature

channels comprise absolute and relative elevation metrics, as detailed in the methodology

and illustrated in Figure 6.4, the number of occupancy points, and the number of returns.

A feature engineering study was conducted to select these specific features, which will be

expounded upon in the subsequent section. The output from both approaches is a tensor of

dimensions 32× 32× 448× 5, signifying the confidence scores for 3D class predictions, which

include background, pylon, powerline, vegetation, and ground. For the Teledyne Optech

Galaxy T1000 dataset, the output dimensionality is 32× 32× 448× 8. The final prediction

phase assigns the true class label based on the highest confidence score and projects voxel

labels onto the points using the projection matrix. Training for these networks was conducted

using two NVIDIA RTX 6000 GPUs over 100 epochs, utilizing the Adam optimizer with a
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Figure 6.7: Comparative visualization of span and pylon detection: horizontal vs. oriented

bounding boxes.

learning rate of α = 0.0005 and a 0.80 decay rate for every 100,000 steps through a staircase

learning rate schedule. The training time spanned between 48 and 60 hours, with inference

taking approximately 2 to 3 minutes for each model.

6.2.2 Pan-SUNet

2D Object Detection Ground truth

To generate labels for object detection of pylons and spans, two distinct annotation tools

were employed depending on the orientation of the bounding boxes. Horizontal bounding

boxes were created using the MATLAB Image Processing Toolbox, while oriented bounding

boxes were annotated with the Labelme tool [157]. The experiments conducted compared

the effectiveness of these two bounding box types. Horizontal bounding boxes tend to

encompass more background in cases involving oriented objects, which can influence detection

performance. Consequently, a comparative analysis was conducted to assess the impact of

bounding box orientation on model performance, with results illustrated in Figure 6.7.

To set the stage for experiments, a range of 2D object detection networks were pre-trained

and evaluated. A 2D XY-projection of the point cloud is rasterized on a 640m2 grid, with
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each grid pixel representing 1m2. The networks’ inputs comprised three feature channels:

the normalized standard deviation of elevation scaled between [0-1], the normalized standard

deviation of elevation values quantized between 0 and 255, and a binarized representation of

elevation standard deviation values per pixel.

A comprehensive comparative study was undertaken to examine the feasibility and

performance of 2D object detection. This study selected state-of-the-art networks for this

evaluation, comparing their effectiveness with horizontal versus oriented bounding boxes, and

contrasting two-stage systems like Faster R-CNN [67] and Rotated Faster R-CNN [10], with

one-stage systems such as Oriented R-CNN [11], DAFNe [13], and YOLOv3 [14].

2D Regional Pipeline

The 2D regional prediction network is pre-trained on half of the available scenes for the global,

regional prediction of spatial layout as part of the experimental preparation. Each scene

is segmented into four smaller scenes according to the GPS time associated with the flight

line. These are then projected onto a 640× 640 2D BEV grid, where each pixel corresponds

to 1m2. The network’s input features three channels: the normalized standard deviation of

elevation scaled between [0-1], the normalized standard deviation of elevation values ranging

between 0 and 255, and the binarized standard deviation of elevation values per pixel, as

shown in Figure 6.8. The input size for the 2D network is 640 × 640 × 3, and the output

size, representing the confidence scores for the regional classes, is 640× 640× 3. To avoid

overfitting, the network is pre-trained with a batch size of 1 for 100 epochs, employing K-fold

cross-validation. Data augmentation techniques are utilized for random rotation, horizontal

flip, and vertical flip. The training is conducted on two RTX 6000 GPUs, using the Adam

optimizer with a learning rate of α = 0.001 and a 0.85 decay rate for every 10,000 steps

through a staircase learning rate schedule. The training time ranges between 4 to 5 hours,

and inference takes approximately 30 seconds.
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Figure 6.8: Visualization of input feature channels for the 2D regional pipeline.

3D Semantic Segmentation

A voxel grid is generated of size 640× 640× 448 and a voxel of 1m3 over each subscene.

Each batch 32× 32× 448× 4 contained the highest elevation of the entire picture to give the

network a comprehensive look and help it cope with vertical context more effectively. The

number of returns, the number of occupancy points, and the absolute and relative elevation

were all included in the feature channels. The feature engineering study presented by SUNet

is utilized to choose these features. Pan-SUNet produces a confidence score against 3D

classes as 32× 32× 448× 5 (background, pylon, powerline, vegetation, and ground) and

32× 32× 448× 8 for T1000’s dataset. The final prediction provides a true label based on the

greatest confidence score and projects voxel labels on points using the projection matrix and

using two GPU RTX 6000, utilizing the Adam optimizer with a learning rate of α = 0.0005

and a 0.80 decay rate for every 100,000 steps through a staircase learning rate schedule.

Pan-SUNet was trained for 100 epochs over 48–60 hours, with inference requiring only a few
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minutes.

6.3 Evalaution Metrics

6.3.1 Semantic Segmentation

Precision, recall, and F1-Score are the key performance indicators to assess the effectiveness

of the network. Precision quantifies the proportion of accurately predicted instances out of

all the cases classified as a particular class. Recall, however, captures the ratio of correctly

predicted cases to the total number of actual instances of that class. The F1-Score provides

a harmonic mean of precision and recall, indicating their balance.

6.3.2 Object Detection

The success of object detection networks in locating and identifying objects within an image

is gauged using Average Precision (AP) and Average Recall (AR). AP is derived from the

area under the precision-recall curve and considers the Intersection over the Union (IoU)

threshold, which discriminates between true positives and false positives. Similarly, AR is

calculated from the area under the recall-precision curve, factoring in the same IoU threshold.

These metrics provide a comprehensive view of a model’s detection performance.

AP =
k=n−1∑
k=0

[Recall(k)−Recall(k + 1)] ∗ Precision(k) (6.1)

IoU =
AreaOfOverlap

AreaOfUnion
(6.2)
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6.3.3 Ablation Studies

SUNet

This research undertook a sequence of ablation experiments to substantiate the individual

contributions of various components. The impact of each was scrutinized by systematically

removing elements related to loss functions, features, and architectural modules. The

investigations focused on the Riegl dataset, benchmarking the results against the capabilities

of current leading-edge networks. Key design decisions were informed by an exhaustive

performance assessment, providing a granular understanding of the factors influencing network

efficiency.

Fusion-SUNet

The ablation study conducted a comparative analysis of the deep attention fusion module

against leading networks, specifically within the context of the Riegl dataset.

Pan-SUNet

This section delves into the comparative performance evaluation of three foundational models

for 3D semantic segmentation: 3D U-Net [9], 3D Attention U-Net [56], and RandLA [8]. The

analysis spans datasets acquired from Riegl and Teledyne Optech sensors, focusing on their

application in utility regions and the integration of various fusion modules. Furthermore,

the study undertakes a comprehensive feasibility analysis to determine the most suitable

2D object detection network tailored to these specific datasets. It also benchmarks the

capabilities of the latest object detection networks, assessing their effectiveness on data from

Riegl and Teledyne.
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6.4 Summary

This chapter describes the datasets used in this research and highlights the differences between

data obtained from two sensor technologies. It examines the point density, terrain complexity,

surrounding environment, and voltage levels of transmission lines. The discussion also covers

the challenges these variables pose to the analytical processes involved in scene interpretation.

In addition, the chapter provides information on the experimental setups and evaluation

metrics used to assess performance, explaining the experimental design and its impact on the

results. The next chapter will expand on this discussion by providing a detailed quantitative

and qualitative analysis, further demonstrating the methods introduced in the previous

chapter.
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Chapter 7

Experimental Results and Discussion for

Utility Network Segmentation

This chapter will present the results from all three approaches. It will discuss the reported

results and analyze the observations. This chapter’s qualitative and quantitative analysis will

summarize the second stage of the utility scene understanding pipeline. The next few sections

will be divided by proposed approaches across datasets and ablation studies, as discussed in

the previous chapter.

7.1 SUNet Performance Evaluation on Riegl Dataset

Chapter 7 presents the results obtained from the three deep-learning networks for segmenting

utility corridor point clouds explained in Chapter 5. The goal is to perform a comprehensive

and rigorous ablation analysis to evaluate the network’s performance under various factors

through quantitative and qualitative techniques. The chapter is divided into sections focusing

on each deep learning network and comparing their performance across different datasets.

In addition, the chapter explores the detailed findings from ablation studies, as introduced

earlier, to provide a more in-depth understanding of each network model’s capabilities. This

analytical approach promises to highlight the relative effectiveness of the models and provide
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Ablation Setup
2D Regions(2 Classes) Dataset

F1-score

WCE HLC Pylon Powerline High Veg Ground

✓ ✗ ✓ R 82.0 % 91.0% 97.0% 94.0%

✗ ✓ ✓ R 84.0% 98.0% 99.0% 99.0%

Table 7.1: Comparative analysis of SUNet ablation: evaluating the impact of loss-based late

fusion on F1-score performance with WCE and HLC considerations.

a comprehensive synthesis of our findings, thus guiding future research initiatives in the field.

7.1.1 Analysis of Loss Functions and Elevation Features

Loss Functions

Table 7.1 showcases an ablation study conducted on the SUNet model to investigate its

performance variations under different loss functions, represented by the F1-score metric.

The assessment revolves around two primary loss functions: WCE and HLC.

The results indicate that using solely the WCE loss function, the model posts an F1-score

of 82% for Pylon, 91% for Powerline, 97% for High Vegetation, and 94% for Ground. In

contrast, when adopting the HLC loss function, a discernible enhancement in performance

across all categories emerges. To be specific, the F1-score registers (2% improvement) for

Pylon , (7% improvement) for Powerline , achieves (2% improvement) for High Vegetation,

and (5% improvement) for Ground .

This analysis shows the most substantial performance gains using HLC in the Powerline,

High Vegetation, and Ground categories. However, while Pylon detection also benefits from

the HLC loss function, the improvement is relatively modest.

This result suggests that the HLC Loss appears to be more effective than the WCE for

the SUNet model in enhancing its F1-score across all tasks on the Riegl dataset.
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Ablation Setup
Fusion Dataset

F1- Score

Occ. AE NR RE Pylon Powerline High Veg Ground

✓ ✓ ✓ ✗ HLC R 77.0% 91.0% 97.0% 93.0%

✓ ✓ ✓ ✓ HLC R 84.0% 98.0% 99.0% 99.0%

Table 7.2: SUNet ablation study assessing feature engineering impact on F1-score: evaluating

occupancy points, absolute and relative elevation, and number of returns.

Feature Engineering

In this ablation study, the efficiency of the SUNet model was examined through a progressive

feature engineering analysis, which incorporates a combination of occupancy points, absolute

elevation, and the number of returns. These features were selected to enhance the model’s

input data, influenced by methodologies from [18] that were pivotal in developing absolute

and relative elevation modules to contend with non-homogeneous surfaces effectively. Non-

homogeneous terrains present challenges in classification tasks, often causing powerline points

at lower elevations to be misclassified as ground.

When assessing the absolute performance, as depicted in Table 7.2, the SUNet model

demonstrates outstanding performance, especially when ARE module is engaged. The

model attains remarkably high F1-scores in the classification of High Vegetation and Ground

(99% or both) upon incorporating all selected features, reflecting near-perfect classification

accuracy. Furthermore, the model exhibits a robust F1-score for Powerline classification

(98%).

Comparatively, excluding the RE feature decreases performance, as the F1-score drops to

77% for Pylons, 91% for Powerlines, and 93% for ground. This relative gain underlines the

critical role of RE in the model’s ability to discriminate between classes effectively.

The study outcomes, particularly the improvement with the ARE module, underscore the

utility of tailored feature engineering in enhancing deep learning networks.
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7.1.2 Module-based Ablation Study

In a module-based ablation study, experiments are conducted by incorporating different

combinations of modules into the SUNet framework. Table 7.3 presents an ablation study

focusing on the recall metric for a SUNet model by varying the use of MFA and FS across

different object classes.

Ablation Setup Features
Fusion Dataset

Recall
MFA FS Occ. AE NR RE Pylon Powerline High Veg Ground

✗ ✗ ✓ ✓ ✓ ✓ HLC R 72.0% 84.0% 97.0% 83.0%
✓ ✓ ✓ ✓ ✓ ✓ HLC R 78.0% 99.0% 99.0% 100.0%
✓ ✗ ✓ ✓ ✓ ✓ HLC R 82.0% 98.0% 99.0% 99.0%

Table 7.3: SUNet ablation study examining the impact of MFA and FS on Recall.

Ablation Study Features
Fusion Dataset

Precision
MFA FS Occ. AE NR RE Pylon Powerline High Veg Ground

✗ ✗ ✓ ✓ ✓ ✓ HLC R 84.0% 98.0% 97.0% 94.0%
✓ ✓ ✓ ✓ ✓ ✓ HLC R 97.0% 97.0% 99.0% 99.0%
✓ ✗ ✓ ✓ ✓ ✓ HLC R 96.0% 99.0% 99.0% 99.0%

Table 7.4: SUNet ablation study examining the impact of MFA and FS on Precision.

Ablation Study Features
Fusion Dataset

F1-score
MFA FS Occ. AE NR RE Pylon Powerline High Veg Ground

✗ ✗ ✓ ✓ ✓ ✓ HLC R 77.0% 91.0% 97.0% 93.0%
✓ ✓ ✓ ✓ ✓ ✓ HLC R 87.0% 98.0% 99.0% 100.0%
✓ ✗ ✓ ✓ ✓ ✓ HLC R 89.0% 99.0% 99.0% 99.0%

Table 7.5: SUNet ablation study examining the impact of MFA and FS on F1-scores.

The table displays three configurations of the SUNet model, which show the impact of

including MFA and FS on the recall rates for all classes. Without MFA and FS, the first

configuration serves as a baseline, yielding lower recall rates across the board, notably 72%

for Pylons and 83% for Ground. Including MFA and FS in the second configuration shows a

significant improvement in recall rates, particularly for the Powerline and Ground categories,

which peak at 99% and 100%, respectively. This indicates a perfect recall for the Ground

class, implying that all relevant ground instances in the dataset were correctly identified.
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The third configuration, where MFA is enabled, but FS is disabled, reveals a subtle effect

on the recall rates. While the recall for Powerline remains high at 98% there is a slight drop

compared to the configuration where both MFA and FS are used. However, this configuration

still outperforms the baseline for all classes, demonstrating the effectiveness of MFA alone.

Notably, High Vegetation consistently shows high recall across all configurations, suggesting

that the vegetation-related features are well-captured by the SUNet model irrespective of

MFA or FS usage.

In summary, MFA is a critical component for the SUNet model’s ability to recall instances

across the evaluated classes correctly. While FS also contributes to performance enhancement,

particularly ensuring a perfect recall in the Ground class, its absence does not drastically

reduce the model’s efficiency thanks to the robustness provided by MFA.

Table 7.4 and Table 7.5 showcase the influence of MFA and FS on the precision and

F1-score metrics, respectively, for the SUNet model across four different classes: Pylon,

Powerline, High Vegetation, and Ground.

The precision metric is assessed in Table 7.4. The baseline configuration without MFA

and FS presents lower precision values for the Pylon and Ground categories, with 84% and

94%, respectively. Introducing MFA and FS yields a remarkable improvement in precision for

the Pylon class, indicating a relative gain of approximately 15%. Furthermore, Ground class

precision also showed a 5% relative improvement. Interestingly, for Powerline and High Veg,

the precision is already high in the baseline and remains consistent across all configurations,

suggesting that MFA and FS have a more pronounced effect on classes with lower baseline

precision scores.

Table 7.5 focuses on the F1-score, a harmonic mean of precision and recall. The baseline

(without MFA and FS) shows lower F1-scores for all classes, with the Pylon class at 77%.

Implementing MFA and FS results in substantial relative gains for Pylon and Powerline,

with increases to 87% and 98% in their F1-scores, translating to relative improvements

of approximately 13% and 7%, respectively. The High Veg and Ground classes exhibit

the highest F1-scores in all configurations, indicating robust model performance for these
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Ground truth

SUNet

SUNet + MFA

Figure 7.1: Comparative Visualization: Ground Truth vs. SUNet vs. SUNet with MFA -

Classifying Pylons (blue), Powerlines (red), Vegetation (green), and Ground (dark green).
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a) SUNet

b) SUNet + MFA

Figure 7.2: Error Analysis: SUNet versus SUNet with MFA - Classifying Pylons (blue),

Powerlines (red), Vegetation (green), and Ground (dark green).
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categories, with the Ground class reaching a perfect score of 100% when both MFA and FS

are applied.

The third configuration in each table, where MFA is used without FS, demonstrates that

MFA alone contributes significantly to the precision and F1-score improvements. However,

the combination of MFA and FS maximizes performance, especially for the Pylon and Ground

classes, suggesting that FS provides an additional boost to the model’s performance.

These tables indicate that MFA plays a crucial role in enhancing the model’s precision

and F1-score. At the same time, FS refines these metrics, leading to the most pronounced

improvements in categories that initially had lower scores.

Figures 7.1 and 7.2 visually compare segmentation results and errors between the SUNet

model and the SUNet model with the MFA module.

In Figure 7.1, the color-coded images represent ground truth, SUNet, and SUNet with

MFA. The ground truth demonstrates an ideal scenario, while the SUNet image exhibits

discrepancies, particularly around pylons and powerlines. The SUNet + MFA results show

improved segmentation, with fewer fragmentation issues, closely resembling the ground truth.

This suggests that MFA positively contributes to the model’s performance.

Figure 7.2 provides an error visualization, comparing SUNet’s performance with and

without the MFA module. The first image (a) shows errors in the original SUNet model,

with pronounced blue and red areas indicating misclassifications of pylons and powerlines.

Lower parts of pylons are still misclassified as trees, and isolated points are labeled as

powerlines. These errors occur because of the structural similarity between trees and pylons

regarding point density and data distribution. The second image (b), after integrating MFA,

demonstrates reduced errors, indicating improved precision in classifying critical infrastructure

components.

These visualizations effectively illustrate the positive impact of the MFA module on

SUNet’s accuracy in segmenting and classifying scene elements, particularly in reducing errors

for critical infrastructure components like pylons and powerlines.
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7.2 Fusion-SUNet Performance on Riegl Dataset

This section aims to evaluate the performance of Fusion-SUNet in comparison to state-of-the-

art networks. The study seeks to understand the impact of attention-based multiscale feature

fusion in enforcing spatial layout consistency. As discussed in Section 6.3.3, the baseline

network for Fusion-SUNet was the Attention 3D U-Net [56]. The comparative study used

Riegl data as input for Fusion-SUNet and compared it to other state-of-the-art networks.

7.2.1 Recall Analysis

Experiments were conducted to compare Fusion-SUNet with various versions of SUNet [35],

Attention 3D U-Net [56], and pre-trained RandLA [8], which was fine-tuned on the Riegl

data. Table 7.6 presents the recall measure of Fusion-SUNet in the Riegl dataset.

At the center of this discussion is the modular design of the tested networks. The networks

have MFA, FS, Occ, AE, RE, NR, and HLC. The integration of HLC and the novel A-Fusion

module set Fusion-SUNet apart.

With an impressive 94% recall rate, Fusion-SUNet proved to be a more effective pylon

detector than Attention 3D U-Net, the baseline model, by a significant 22%.

Fusion-SUNet’s 98% recall in powerline identification somewhat beats that of SUNet,

its closest competition, highlighting the added importance of high-level context knowledge.

This emphasizes how increased context comprehension has a subtle but significant impact on

complex object identification tasks.

Fusion-SUNet consistently performs well in the ’High Vegetation’ category, suggesting

that while it excels in vegetation detection, the integration of A-Fusion may not result in

significant improvements in this specific category.

Ground classification recall rates, which are constantly at 99%

Fusion-SUNet is a network that combines advanced modules and features to improve the

detection of pylons while still accurately detecting powerlines and vegetative occlusions. It

demonstrates its reliability and potential as a model for LiDAR-based aerial surveillance and
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analysis.

7.2.2 Precision Analysis

Table 7.7 provides a comparative analysis of Fusion-SUNet’s performance in terms of precision

on the Riegl dataset. Regarding pylon identification, Fusion-SUNet achieves a precision of

92% which matches the best performance among other configurations. This proves that while

Fusion-SUNet has fewer false negatives in identifying pylons, as seen in the recall rates, it

does so with high accuracy, maintaining a low false-positive rate.

For powerline detection and identifying ’High Vegetation’ objects, Fusion-SUNet displays

a precision of 99% indicating its ability to recognize vegetative obstructions and powerlines

accurately is comparable to the top-performing models. This further supports its usefulness

when differentiating between vegetation and critical infrastructure is crucial.

The ground classification precision of Fusion-SUNet is 99% similar to the performance of

other networks, indicating its ability to identify the ground accurately.

7.2.3 F1-score Analysis

Table 7.8 provides a comparative analysis of Fusion-SUNet’s performance in terms of F1-

score on the Riegl dataset. Fusion-SUNet attains an F1-score of 93% for pylons, reflecting

a balanced and robust performance in detecting the presence of pylons and minimizing

incorrect identifications. In powerline classification, the F1-score for Fusion-SUNet is perfect

at 100%, indicating an exceptional balance in identifying powerlines accurately while avoiding

misclassification. This perfect score mirrors that of the SUNet model without the HLC

module, again showing that additional complexity in the model does not necessarily translate

to improved performance in all categories. For High Veg objects, the F1-score is a high 99%

for Fusion-SUNet, reaffirming its high precision and recall for vegetative features. The ground

detection’s F1-score of 99% remains consistent across all models, including Fusion-SUNet,

confirming that this task has been effectively optimized in current model configurations.
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Fusion-SUNet’s consistent high accuracy is highlighted by the precision and F1-score

tables, particularly in powerline detection, where the addition of complex features and

modules does not significantly improve precision in every case but maintains an overall

efficient performance that shows dependable semantic segmentation within LiDAR datasets.

Ablation Setup
Modules Features Fusion Recall

MFA FS Occ. AE NR RE HLC A-Fusion

P
y
lo

n

P
ow

er
li
n
e

H
ig

h
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eg

G
ro
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d

Att 3D U-Net ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ 72.0% 84.0% 97.0% 93.0%
RandLA ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ 75.0% 86.5% 76.0% 95.0%
SUNet ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 78.0% 99.0% 99.0% 100.0%
SUNet ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ 82.0% 98.0% 99.0% 99.0%
Fusion-SUNet ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 94.0% 98.0% 99.0% 99.0%

Table 7.6: Comparative study of Fusion-SUNet for Riegl dataset on Recall.

Ablation Setup
Modules Features Fusion Precision

MFA FS Occ. AE NR RE HLC A-Fusion
P
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Att 3D U-Net ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ 84.0% 98.0% 97.0% 94.0%
RandLA ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ 92.0% 98.5% 87.0% 96.0%
SUNet ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 97.0% 97.0% 99.0% 99.0%
SUNet ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ 96.0% 99.0% 99.0% 99.0%
Fusion-SUNet ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 92.0% 99.0% 99.0% 99.0%

Table 7.7: Comparative study of Fusion-SUNet for Riegl dataset on Precision.

Ablation Setup
Modules Features Fusion F1-score

MFA FS Occ. AE NR RE HLC A-Fusion
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Att 3D U-Net ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ 77.0% 91.0% 97.0% 93.0%
RandLA ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ 83.5% 91.3% 81.5% 95.5%
SUNet ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 87.0% 98.0% 99.0% 100.0%
SUNet ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ 89.0% 99.0% 99.0% 99.0%
Fusion-SUNet ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 93.0% 99.0% 99.0% 99.0%

Table 7.8: Comparative study of Fusion-SUNet for Riegl dataset on F1-score.
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7.3 Pan-SUNet Performance Evaluation on Riegl Dataset

This section will extensively compare the Pan-SUNet’s performance with the Riegl dataset.

7.3.1 2D Object Detection Results

The assessment for determining the most suitable baseline for 2D object detection, essential

for accurately modeling utility corridors, is underpinned by the data presented in Tables 7.9

and 7.10. The tables quantitatively compare the performance of different detection methods,

focusing on AP and AR for detecting pylon and span structures using Riegl Data.

Table 7.9 offers a holistic view of the object detection performance, reporting both AP

and AR for an IoU threshold of 0.5.

In contrast, Table 7.10 provides a class-specific performance analysis, presenting the AP

metric for pylons and spans separately. This class-specific evaluation is crucial for the research

focus on modeling the utility corridor through the pylon-to-span relationship, as it directly

reflects the network’s precision in detecting the critical components of the infrastructure.

Ablation Setup Category Bounding Box AP AR

Faster RCNN 2D Two-stage Horizontal 97.6% 88.4%

YOLO v3 2D Single stage Horizontal 97.3% 79.2%

DAFNe 2D Anchor-free Single-stage Horizontal 95.4% 92.2%

Orinted RCNN 2D Oriented Two-stage Oriented 95.4% 96.9%

Rotated Faster RCNN 2D Oriented Two-stage Oriented 95.4% 96.9%

Table 7.9: Comparative study for 2D object detection for pylon and span objects for average

precision (AP) and average recall (AR) over IoU=0.5.

A closer examination of Tables 7.9 and 7.10 reveals that Oriented RCNN and Rotated

Faster RCNN both achieve a perfect AP score of 100% for pylon detection, which is notably

superior relative to the 97.6% and 97.3% AP achieved by Faster RCNN and YOLO v3
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Ablation Setup Category Bounding Box
Average Precision

Pylon Span

Faster RCNN 2D Two-stage Horizontal 100.0% 96.1%

YOLO v3 2D Single-stage Horizontal 96.1% 92.2%

DAFNe 2D Anchor-free Single-stage Horizontal 94.1% 92.9%

Oriented RCNN 2D Oriented Two-stage Oriented 100.0% 90.8%

Rotated Faster RCNN 2D Oriented Two-stage Oriented 100.0% 91.0%

Table 7.10: Class-specific evaluation for 2D object detection of pylon and span objects for

average precision (AP) over IoU=0.5.

respectively. However, when considering span detection, Oriented RCNN’s performance

exhibits a slight decrease in AP (90.8%) as compared to the 91.0% of Rotated Faster RCNN,

suggesting a marginally better alignment with the oriented nature of the spans by the latter.

This quantitative assessment is supported by Figures 7.4c and 7.4d, where the Oriented

RCNN and Rotated Faster RCNN depict a more accurate representation of object orientation

compared to their horizontal counterparts.

The limitations of horizontal bounding boxes are quantitatively evident: there is a

discernible drop in the AR from 96.1% with Rotated Faster RCNN to 88.4% with Faster

RCNN (Table 7.9). This decline highlights the ineffectiveness of horizontal boxes in scenarios

demanding precise orientation sensitivity, which is further exemplified visually in Figures 7.3

and 7.4b. However, Oriented detectors do not show the highest AP and AR. It shows the

best balance between AP and AR. Also, the oriented box is well aligned with our purpose to

focus on span and pylon, minimizing the inclusion of background information while aligning

it with the network’s orientation. It will enrich the fusion.

A combination of quantitative and visual analyses strongly supports the adoption of

Oriented RCNN for future enhancements in Pan-SUNet’s 2D object detection capabilities.

This network not only achieves top-tier recall, a critical measure of detection robustness, but

also exhibits high precision in object localization.
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Figure 7.3: Visualization of results of 2D objects span and pylon; a) Ground truth, b) Faster

RCNN, and c) YOLO v3.
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Figure 7.4: Visualization of results of 2D objects span and pylon; a) Ground truth, b) Rotated

Faster RCNN, c) Oriented RCNN, and d) DAFNe.
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Methods Dataset
Corridor

Precision Recall F1-score

2D Regional Segmentation R 86% 97% 91%

Table 7.11: The results of regional segmentation results for corridor class in the Riegl dataset.

7.3.2 2D Regional Segmentation Results

Our spatial hierarchy framework includes a 2D regional semantic segmentation specifically

designed to integrate human-like spatial awareness and contextual reasoning into the proposed

deep learning networks, including the Pan-SUNet. This segmentation approach is particularly

useful for delineating corridors, which is crucial for analyzing and vectorizing powerlines and

pylons.

The segmentation method used in this study efficiently identifies corridor regions within

the Riegl dataset. It demonstrates both high processing speed and accuracy. The performance

metrics provided indicate the effectiveness of this model. It achieves a precision rate of 86%,

meaning that a high proportion of predicted corridors are correct. The network’s recall rate is

an impressive 97%, showing that it can correctly identify nearly all relevant corridor features

within the dataset. The F1-score is 91%, indicating that the model performs well overall for

the corridor class by balancing precision and recall.

Table 7.11 consolidates the performance indicators for the corridor class in the Riegl

dataset, segmented by region. The presented data in the table confirms that the segmentation

network is suitable for independent use, demonstrating its operational effectiveness in this

specialized application.

7.3.3 3D Semantic Segmentation Results

Figure 7.5 illustrates the ground truth and Pan-SUNet’s capability to distinguish between

corridor, non-corridor, and utility zones, showing the contrast between the actual classifications

and Pan-SUNet’s predictions. Similarly, Figure 7.6 provides a comparative visualization of
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Ground truth

Corridor, Non-corridor, Utility Zones

Utility Zone

Figure 7.5: Visualization of Pan-SUNet’s segmentation performance on the Riegl dataset:

ground truth and three Regions (blue: non-corridor, green: corridor, and yellow: utility

zone).

the ground truth versus Pan-SUNet’s semantic and panoptic segmentation abilities, effectively

showcasing the model’s precision in identifying pylons, powerlines, high vegetation, and

ground.

Ablation Study

A comprehensive ablation study was conducted to understand the impact of different network

architectures and fusion techniques on the Riegl dataset. The study compared the baseline

models - 3D U-Net, Attention 3D U-Net, and pre-trained RandLA - with enhanced versions

featuring loss-based and panoptic fusion. The results, as shown in Tables 7.12, 7.13, and

7.14, demonstrate that these improvements led to noticeable gains in performance. It is

worth noting that RandLA, which has only one voltage wire and pylon context, achieved

performance improvements that were very similar to those of the Attention 3D U-Net baseline
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Ground truth.

Pan-SUNet Semantic Segmentation.

Pan-SUNet Panoptic Segmentation.

Figure 7.6: Comparative results of ground truth vs Pan-SUNEt’s semantic segmentation

and Pan-SUNet’s Panoptic segmentation results for utility corridor scene: blue: pylon, red:

powerline, green: high vegetation and orange: ground, and Pan-SUNet Panoptic segmentation.
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model.

In terms of numbers, using Attention 3D U-Net with fusion strategies resulted in a

significant improvement. The F1-score for the pylon class increased by 19% and for powerlines

by 8.5% when compared to the baseline 3D U-Net without fusion, as shown in Table 7.14.

Moreover, the precision for pylons increased from 84% to 99%, indicating the proposed

network’ enhanced accuracy.

P
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et

Ablation Settings
Recall

Baseline
Fusion

2D Regions Dataset
HLC Panoptic Pylon Powerline High Veg Ground

3D U-Net ✗ ✗ 0 R 70.0% 84.0% 94.0% 93.0%

Att- 3D U-Net ✗ ✗ 0 R 72.0% 84.0% 97.0% 93.0%

RandLA ✗ ✗ 0 R 75.0% 86.5% 77.0% 95.0%
3D U-Net ✓ ✗ 3 R 74.0% 85.0% 94.0% 93.0%

Att- 3D U-Net ✓ ✗ 3 R 86.0% 98.0% 99.0% 99.0%
RandLA ✓ ✗ 3 R 77.0% 95.5% 95.0% 97.0%

3D U-Net ✓ ✓ 3 R 80.0% 95.0% 99.0% 98.0%

Att- 3D U-Net ✓ ✓ 3 R 90.0% 98.0% 99.0% 99.0%
RandLA ✓ ✓ 3 R 89.0% 97.5% 97.0% 98.0%

Table 7.12: Riegl dataset’s ablation study of Pan-SUNet performance comparison for Recall.
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Ablation Settings
Precision

Baseline
Fusion

2D Regions Dataset
HLC Panoptic Pylon Powerline High Veg Ground

3D U-Net ✗ ✗ 0 R 80.0% 97.0% 90.0% 92.0%

Att- 3D U-Net ✗ ✗ 0 R 84.0% 98.0% 97.0% 94.0%

RandLA ✗ ✗ 0 R 92.0% 99.0% 87.0% 96.0%
3D U-Net ✓ ✗ 3 R 90.0% 97.0% 90.0% 95.0%

Att- 3D U-Net ✓ ✗ 3 R 93.0% 99.0% 99.0% 99.0%
RandLA ✓ ✗ 3 R 94.0% 99.0% 98.0% 99.0%

3D U-Net ✓ ✓ 3 R 96.0% 97.0% 95.0% 97.0%

Att- 3D U-Net ✓ ✓ 3 R 99.0% 100.0% 99.0% 99.0%
RandLA ✓ ✓ 3 R 98.0% 99.0% 98.0% 99.0%

Table 7.13: Riegl dataset’s ablation study of Pan-SUNet to compare performance on Precision.

Comparative Study

Further comparative analysis evaluated the performance of Pan-SUNet for the principal

task of semantic segmentation against other SUNet variants, including Attention 3D U-Net

and RandLA. For instance, the implementation of Attention 3D U-Net with 3 region fusion
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Ablation Settings
F1-score

Baseline
Fusion

2D Regions Dataset
HLC Panoptic Pylon Powerline High Veg Ground

3D U-Net ✗ ✗ 0 R 75.0% 90.5% 92.0% 92.5%

Att- 3D U-Net ✗ ✗ 0 R 77.0% 91.0% 97.0% 93.0%

RandLA ✗ ✗ 0 R 83.5% 91.3% 81.5% 95.5%
3D U-Net ✓ ✗ 3 R 82.0% 91.0% 92.0% 94.0%

Att- 3D U-Net ✓ ✗ 3 R 86.0% 98.0% 99.0% 99.0%
RandLA ✓ ✗ 3 R 85.5% 97.25% 96.0% 98.0%

3D U-Net ✓ ✓ 3 R 88.0% 95.0% 99.0% 97.0%

Att- 3D U-Net ✓ ✓ 3 R 94.0% 99.0% 99.0% 99.0%
RandLA ✓ ✓ 3 R 93.0% 98.2% 97.0% 98.0%

Table 7.14: Riegl dataset’s ablation study of Pan-SUNet to compare performance on F1-score.

Methods Dataset 2D Regions
F1-score

Pylon Powerline High Veg Ground

3D U-Net Riegl 0 75.0% 90.5% 92.0% 92.5%

Att- 3D U-Net Riegl 0 77.0% 91.0% 97.0% 93.0%

RandLA Riegl 0 83.5% 91.3% 81.5% 95.0%

SUNet Riegl 2 89.0% 99.0% 99.0% 99.0%
Fusion-SUNet Riegl 2 93.0% 99.0% 99.0% 99.0%
Pan-SUNet Riegl 3 94.0% 99.0% 99.0% 99.0%

Table 7.15: Riegl dataset’s cross network compartive study with Pan-SUNet on F1-score.

increased the F1-score for pylons by 19%, indicating improved detection of these critical

infrastructure components.

Pan-SUNet’s voxel-based approach was benchmarked against point-based networks, re-

vealing that while the former offers competitive performance, it does so with an increase

in inference speed as point-based RandLA takes 400s to process 1km strip of point cloud

and voxel-based network takes 50s. Table 7.13 highlights this point, highlighting that the

voxel-based network not only matches but often surpasses the precision of point-based meth-

ods—achieving a near-perfect precision of 100% for powerlines when enhanced with Attention

3D U-Net and fusion, a testament to its accuracy.

Moreover, existing commercial software that relies on network maps or manual refinement

and labeling for pylon and powerlines, Pan-SUNet showcases exemplary performance in

autonomously identifying powerlines and pylons with minimal reliance on external data
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Methods Category Bounding Box AP AR
Average Precision

Pylon Span

Pan-SUNet 2D Oriented 95.4% 96.9% 100.0% 90.8%

Pan-SUNet 3D Oriented 97.4% 95.9% 99.0% 92.0%

Table 7.16: Comparative performance matrics of Pan-SUNet for 2D and 3D object detection

on Riegl dataset: highlighting overall AP, AR, and class-wise AP for pylon and span detection

at IoU=0.5.

inputs as shown in Table 7.15. In summary, the experimental results of Pan-SUNet show the

efficiency and effectiveness for 3D semantic segmentation.

7.3.4 3D Object Detection Results

Using Pan-SUNet for object detection makes it easier to transform 2D detections into

useable 3D spatial models, which is important for improving utility infrastructure predictive

maintenance plans and transmission corridor analysis in-depth. Performance study in

Table 7.16 shows that Pan-SUNet can adapt to a more complicated 3D spatial context, as

evidenced by its remarkable AP of 97.4% for pylons, and its remarkable precision in 2D

object identification, especially for pylons, with an AP of 95.4%. Pan-SUNet’s balanced

results validate its effectiveness in semantic segmentation and object detection tasks, even

though 3D span detection performance slightly declined. This puts it in a position to be

further tested with Teledyne Optech’s more challenging dataset to improve performance in

complicated settings.

7.4 Pan-SUNet Performance: Teledyne Galaxy T1000

In this section, a new dataset acquired by Teledyne Optech’s Galaxy T1000, explained in 6.1.2,

has been used for evaluating Pan-SUNet’s performance. This dataset contains considerable

amounts of noises induced by the MPIA, which has been removed by applying the NSANet
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(a) Initial point cloud with ambient noise.

(b) Noise points detection highlighted by NSANet, marked

with a red color.

(c) Cleaned point cloud after NSANet noise reduction.

Figure 7.7: Noise removal process in Teledyne Optech T1000 dataset using NASNet.
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Methods Category Bounding Box AP AR

Rotated Faster RCNN 2D Oriented Two-stage Oriented 65.8% 75.5%

RoI Transformer 2D Oriented Two-stage Oriented 72.3% 76.7%

Orinted RCNN 2D Oriented Two-stage Oriented 85.6% 88.0%

Table 7.17: Comparative study for 2D object detection for Teledyne dataset for pylon and

span objects for average precision (AP) and average recall (AR) over IoU=0.5.

proposed in Chapter 4. Figure 7.7 shows the raw dataset that includes noise points, and

the classification of noise points by NSANet, marked in red. The figure also presents a final

filtered dataset after noise removal, in which only the object points are preserved. The Galaxy

dataset, which was free of any noise, was used as input for evaluating the performance of

Pan-SUNet.

7.4.1 2D Object Detection Results

Based on the analysis performed, it has been determined that using oriented bounding boxes

is the most effective method for detecting pylons and spans in electrical transmission corridors

within the Riegl dataset. To confirm this, a detailed comparative study was conducted

using data compiled by the Network Mapping (NM) Group, a U.K.-based geospatial service

company specializing in utility network asset management. Three state-of-the-art-oriented

object detection networks were chosen based on their performance on the DOTA benchmark

to compare their performance to Pan-SUNet. The analytical findings are summarized in

Tables 7.17 and 7.18, and visual validations of detection efficiency are depicted in Figures 7.8,

7.9, and 7.10.

With an AP of 85.6% and AR of 88.0%, the Oriented RCNN performs better in pylon

detection than both the Rotated Faster RCNN and the ROI Transformer (Table 7.17).

Furthermore, Oriented RCNN performs better than Rotated Faster RCNN, this is roughly

19.8% higher AP for pylons and 19.6% higher AP for spans (Table 7.18). The superior
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Figure 7.8: Teledyne dataset Visualization of results of 2D objects span and pylon for high

voltage span and pylon.
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Methods Category Bounding Box
Average Precision

Pylon Span

Rotated Faster RCNN 2D Oriented Two-stage Oriented 69.7% 61.5%

RoI Transformer 2D Oriented Two-stage Oriented 78.2% 66.4%

Orinted RCNN 2D Oriented Two-stage Oriented 89.5% 81.1%

Table 7.18: Comparative study for 2D object detection for Teledyne dataset for pylon and

span objects for pylon average precision (AP) and span average precision (AP).

performance of Oriented RCNN is further supported by visual comparisons in Figure 7.10,

particularly in difficult settings. Oriented RCNN, chosen as the baseline, shows success in

reliably detecting objects in complicated circumstances, despite difficulties in Pan-SUNet’s

performance on the Teledyne dataset. This establishes its position for further trials inside

the Pan-SUNet framework for utility corridors.

7.4.2 2D Regional Segmentation Results

In this section, the performance of the Teledyne Optech Galaxy T1000 and the Riegl Q560 is

compared for 2D regional segmentation tasks. Table 7.19 shows that the Teledyne Optech

Galaxy T1000 outperforms the Riegl Q560 (88.1%) with a significantly higher overall accuracy

(0A) of (95.0%), almost reaching the maximum score. Teledyne Optech’s dataset performs

better than Riegl’s dataset due to fewer instances of high vegetation in non-corridor zones,

which do not confuse the classification model with similar structural features to pylons.

Therefore, the corridor class has a more balanced precision and recall, leading to increased

OA.

Teledyne Optech Galaxy T1000 segmentation results for the corridor class are shown

in Table 7.19. Pan-SUNet’s efficiency is demonstrated with precision of 92.0%, recall of

89.0%, and an F1-score of 91.0%, indicating a strong balance between precision and recall

and highlighting the model’s potential for accurate corridor space delineation. These results

highlight the usefulness of the Teledyne Optech Galaxy T1000 in 2D regional segmentation,
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Figure 7.9: Teledyne dataset Visualization of results of 2D objects span and pylon for

overlapping wires.
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Figure 7.10: Teledyne dataset Visualization of results of 2D objects span and pylon for high

voltage transmissionand distribution spans and pylon.
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Methods Dataset OA
Corridor

Precision Recall F1-score

2D Regional Segmentation T 95.0% 92.0% 89.0% 91.0%

2D Regional Segmentation R 88.1% 86.0% 97.0% 91.0%

Table 7.19: Comparative evaluation of 3D regional segmentation using Teledyne Optech’s

Galaxy T1000 and Riegl datasets.

which is essential for applications involving precise mapping and provides enhanced precision

for later phases of data processing.

7.4.3 3D Semantic Segmentation Results

Acurate 3D semantic segmentation of utility corridors is essential for efficient management

and upkeep of powerline networks. Research employing the Pan-SUNet and Riegl datasets has

demonstrated encouraging outcomes in semantic segmentation. The Teledyne Optech Galaxy

T1000 dataset introduces complexity because of the different transmission line voltages from

low-voltage distribution lines (4kV-12kV) to high-voltage transmission lines (275kV-400kV),

while the Riegl Q560 dataset provides a simpler scenario with constant voltage levels (230kV),

posing difficulties in segmenting smaller pylons and lower voltage lines that demand accuracy

and detail. The next part examines Pan-SUNet’s 3D semantic segmentation outcomes using

the Teledyne Optech Galaxy T1000 dataset and contrasts them with the dataset from Riegl

Q560.

Ablation Study

In this section, the impact of integrating HLC and Panoptic Fusion on the performance

metrics of Pan-SUNet is assessed. Thesis evalauted its influence on recall, precision, and

F1-score against established models such as 3D U-Net, Attention U-Net, and RandLA. You

can find the results in Tables 7.20, 7.21, and 7.22.

• Impact on Recall: Baseline models show variable performance across classes, with the

3D U-Net having 66% recall for Pylons and 50% for Buildings. Integration of HLC
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3D U-Net ✗ ✗ 0 T 66.0% 97.0% 83.0% 92.0% 59.0% 98.0% 50.0%

Att-3D U-Net ✗ ✗ 0 T 61.0% 94.0% 91.0% 85.0% 37.0% 98.0% 39.0%

RandLA ✗ ✗ 0 T 78.0% 96.0% 96.0% 97.0% 83.0% 98.0% 78.0%
3D U-Net ✓ ✗ 3 T 66.0% 97.0% 91.0% 92.0% 63.0% 98.0% 50.0%

Att-3D U-Net ✓ ✗ 3 T 61.0% 94.0% 97.0% 85.0% 60.0% 98.0% 41.0%

RandLA ✓ ✗ 3 T 78.0% 96.0% 96.0% 97.0% 83.0% 98.0% 78.0%
3D U-Net ✓ ✓ 3 T 66.0% 97.0% 91.0% 92.0% 63.0% 98.0% 50.0%

Att-3D U-Net ✓ ✓ 3 T 86.0% 94.0% 97.0% 85.0% 60.0% 98.0% 41.0%

RandLA ✓ ✓ 3 T 83.0% 96.0% 96.0% 97.0% 83.0% 98.0% 78.0%

Table 7.20: Recall metrics comparison for Pan-SUNet with ablation setups: three baline

networks, HLC, Panoptic fusion integration, 2D regional segmentation and datasets.
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3D U-Net ✗ ✗ 0 T 32.0% 87.0% 80.0% 77.0% 43.0% 98.0% 83.0%

Att-3D U-Net ✗ ✗ 0 T 27.0% 65.0% 92.0% 88.0% 27.0% 98.0% 87.0%

RandLA ✗ ✗ 0 T 84.0% 90.0% 95.0% 91.0% 71.0% 99.0% 97.0%
3D U-Net ✓ ✗ 3 T 58.0% 96.0% 91.0% 77.0% 39.0% 98.0% 83.0%

Att-3D U-Net ✓ ✗ 3 T 50.0% 96.0% 95.0% 88.0% 22.0% 98.0% 88.0%

RandLA ✓ ✗ 3 T 86.0% 93.0% 95.0% 91.0% 74.0% 99.0% 97.0%
3D U-Net ✓ ✓ 3 T 76.0% 96.0% 99.0% 77.0% 39.0% 98.0% 83.0%

Att-3D U-Net ✓ ✓ 3 T 77.0% 96.0% 97.0% 88.0% 22.0% 98.0% 88.0%

RandLA ✓ ✓ 3 T 86.0% 97.0% 95.0% 91.0% 74.0% 99.0% 97.0%

Table 7.21: Precision metrics comparison for Pan-SUNet with ablation setups: three baline

networks, HLC, Panoptic fusion integration, 2D regional segmentation and datasets.

marks improvement, and with Panoptic Fusion, significant recall increases are observed,

such as in Attention U-Net for Pylons, rising to 86%, and in RandLA increasing from

78% to an enhanced 83%.
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3D U-Net ✗ ✗ 0 T 43.0% 91.0% 81.5% 84.0% 50.0% 98.0% 62.0%

Att-3D U-Net ✗ ✗ 0 T 37.0% 77.0% 91.5% 86.0% 37.0% 98.0% 54.0%

RandLA ✗ ✗ 0 T 80.0% 93.0% 98.0% 93.0% 75.0% 98.0% 86.0%
3D U-Net ✓ ✗ 3 T 62.0% 96.0% 91.0% 84.0% 48.0% 98.0% 63.0%

Att-3D U-Net ✓ ✗ 3 T 55.0% 95.0% 96.0% 86.0% 32.0% 98.0% 56.0%

RandLA ✓ ✗ 3 T 82.0% 95.0% 98.0% 93.0% 78.0% 98.0% 88.0%
3D U-Net ✓ ✓ 3 T 71.0% 96.0% 95.0% 84.0% 48.0% 98.0% 63.0%

Att-3D U-Net ✓ ✓ 3 T 81.0% 95.0% 97.0% 86.0% 32.0% 98.0% 56.0%

RandLA ✓ ✓ 3 T 85.0% 97.0% 98.2% 93.0% 78.3% 98.0% 88.0%

Table 7.22: F1-score metrics comparison for Pan-SUNet with ablation setups: three baline

networks, HLC, Panoptic fusion integration, 2D regional segmentation and datasets.

• Impact on Precision: For baseline models without HLC and Panoptic Fusion, precision

metrics differ significantly; 3D U-Net for Pylons posts 32%. Results are improved

by including HLC, and major improvements are observed with Panoptic Fusion. For

example, Attention 3D U-Net’s precision for Pylons increases from 27% to 77%, and

RandLA for Others climbs from 71% to 74%.

• Impact on F1-score: 3D U-Net shows a low F1-score of 43% for pylon. However,

when HLC is included, the performance of the models improves. With the addition

of Panoptic Fusion, the models show substantial increases in F1-score. For example,

Attention 3D U-Net’s F1-score in the Pylon class improves from 37% to 81%. RandLA

also benefits significantly, particularly in the Others class, where F1-score increases

from 75% to 78.3%.

According to quantitative assessments, all models perform much better when both HLC

and Panoptic Fusion are used. Notable improvements are seen in recall for Pylons and

precision for Others, especially in Attention U-Net and RandLA models. The relative metric
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Figure 7.11: Performance comparision of wires of different voltage in Teledyne Optech dataset.

The results reflect the lower performance on low voltage powerlines.

studies, which provide remarkable percentage point gains in precision and F1-scores across

all models, further highlight the efficacy of these integrations.

This thorough evaluation demonstrates how using Panoptic Fusion and HLC can signifi-

cantly improve segmentation tasks and improve the performance of cutting-edge segmentation

networks using Teledyne Optech datasets.

Qualitative Analysis

In this study, a qualitative analysis of the performance of Pan-SUNet is conducted, which

has been augmented with RandLA and various attention mechanisms. Our focus has been

on different utility and urban infrastructure elements, and we have specifically explored the

detection and classification of voltage power lines of varying sizes, the size of pylons, and the

segmentation of buildings in urban scenes.

• Robustness in High-Voltage Wire Detection: As seen in Figure 7.14, the network

demonstrates remarkable accuracy in recognizing high-voltage power lines with three-

phase wires and a ground wire, retaining accuracy even when the ground wire is close

159



Figure 7.12: Performance comparison of pylons of different heights in Teledyne Optech

dataset. The results reflect the lower performance on small size pylons.

to the ground. This demonstrates the network’s strong segmentation capabilities for

high-voltage power lines.

• Challenges in Low-Voltage Wire and Small Pylon Detection: As Figure 7.13 shows, the

network performs noticeably worse when it comes to low-voltage lines (4kV to 12kV)

and small pylon structures. This graphic depiction correlates with the numerical data in

Figures 7.11 and 7.12, providing information about the network’s difficulties in precisely

handling these complex infrastructure elements.

• Generalization Issues with Building Segmentation: Building segmentation presents

a difficulty to the network, particularly for structures with flat surfaces, as Figure

7.15 illustrates. An examination in comparison with other urban features, such as

dense vegetation, highlights the necessity of enhancing the network’s capacity for

generalization, underscoring the significance of more accurately differentiating building

structures in intricate urban environments.

The comprehensive evaluation results highlight the strengths and weaknesses of Pan-
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Figure 7.13: Visualization showing the problematic areas of low voltage powerline being

misclassified while high voltage powerline are correctly classified.

SUNet’s operations. The detection of high-voltage wires is found to be a strong feature,

while the identification of low-voltage wires and small pylons, and accurate segmentation of

buildings are areas that require further improvement. The insights gained from the evaluation

demonstrate the potential of Pan-SUNet in critical applications and emphasize the need to

enhance its performance in analyzing urban infrastructure under different scenarios.

Comparative Study

The results of Pan-SUNet for the Teledyne dataset were compared with 3D U-Net, Attention

3D U-Net, RandLA, and Pan-SUNet with the Riegl dataset. This comparison highlighted

the performance disparities and the challenges posed by the complexity of the Teledyne

dataset as shown in Figure 7.13. The study also demonstrated that dealing with the diverse

range of transmission voltages in high-density point clouds presents significant difficulties

for voxel-based networks as shown in Figure 7.15. Consequently, a point-based network as a

baseline is essential as shown in Table 7.23.

Furthermore, this research illustrated that Panoptic fusion and segmentation fusion have

the potential to enhance the outcomes of any existing baseline as shown in Figure 7.18. This

finding underscores the network-agnostic capabilities of the proposed system.
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(a) Ground truth

(b) Results of Pan-SUNet with 3D U-Net as baseline.

(c) Results of Pan-SUNet with Attention 3D U-Net as baseline.

(d) Results of Pan-SUNet with RandLA as baseline.

Figure 7.14: Visualization of high voltage powerline and tall steel pylons reflecting the ease

of segmentation for Pan-SUNet irrespective of baseline.
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Figure 7.15: Comparison of the performance between the building class and low voltage

powerline highlights the challenge in generalization. This disparity reflects the degradation

in performance and misclassification issues, especially for buildings with flat surfaces.
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3D U-Net Teledyne 0 43.0% 91.0% 81.5% 84.0% 50.0% 98% 62.0%

Att- 3D U-Net Teledyne 0 37.0% 77.0% 91.5% 86.0% 37.0% 98.0% 54.0%

RandLA Teledyne 0 80.0% 93.0% 98.2% 93.0% 75.0% 98.0% 86.0%

Pan-SUNet Teledyne 3 85.0% 97.0% 98.2% 93.0% 78.3% 98.0% 88.0%

Pan-SUNet Riegl 3 94.0% 99.0% 99.0% - - 99.0% -

Table 7.23: Teledyne dataset’s compartive study with Pan-SUNet on F1-score.
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Figure 7.16: F1-score comparison for object detection on Teledyne vs. Riegl datasets with

varied point densities.

7.4.4 3D Object Detection Results

A comprehensive comparison evaluated Pan-SUNet’s effectiveness using Teledyne and Riegl

datasets against baselines, including 3D U-Net, Attention 3D U-Net, RandLA, and different

Pan-SUNet variations. The analysis highlighted relative performance strengths and chal-

lenges in processing complex, high-density point clouds from the Teledyne dataset (Figure

7.16). Quantitative data underscored Pan-SUNet’s superior performance in both 2D and

3D oriented bounding box contexts, revealing marked improvements in AP for pylons and

span detections compared to other baselines. In 2D, Pan-SUNet achieved an AP of 89.5%

for pylon detection and 81% for span detection, slightly improving to 89.5% and 84% in

3D, indicating sophisticated advancements introduced by 3D orientation. The comparison

highlights the struggle of voxel-based network approaches in handling intricate details of

transmission voltage variations in high-density point clouds, advocating for the superiority

of point-based networks, as evident in the quantitative results in Table 7.24. Additionally,

the study confirms the beneficial impact of integrating panoptic fusion and segmentation

fusion techniques, visually represented in Figures 7.17 and 7.6. These fusion approaches
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(a) Ground truth

(b) Pan-SUNet detection with 3D U-Net baseline for power-

line and pylon segmentation

(c) Enhanced Pan-SUNet detection with Attention 3D U-Net

baseline

(d) RandLA-Net enhanced powerline and pylon segmentation

performance

Figure 7.17: Comparative misclassification analysis of 230kV voltage powerline and medium

wood pylons by different 3D segmentation models.
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(a) Ground truth

(b) Pan-SUNet segmentation output for powerline and pylon identification

(c) Visualization of Span Objects and Pylons through Unique Instance ID Segmentation

Figure 7.18: Instance segmentation of span objects and pylons detected by Pan-SUNet with

unique ID coloring.
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Methods Category Bounding Box AP AR
Average Precision

Pylon Span

Pan-SUNet 2D Oriented 85.6% 88.0% 89.5% 81.0%

Pan-SUNet 3D Oriented 87.6% 88.0% 89.5 % 84.0%

Table 7.24: Comparative performance matrics of Pan-SUNet for 2D and 3D object detection

on Teledyne Optech’s dataset: highlighting overall AP, AR, and class-wise AP for pylon and

span detection at IoU=0.5.

demonstrate network-agnostic benefits, showcasing their broad applicability in diverse point

cloud segmentation tasks. The instance segmentation demonstrated in Figure 7.6, where each

span object and pylon is assigned a unique instance ID, represents a significant advancement

beyond basic object classification, crucial for utility network modeling and simulation.

7.5 Summary

In Chapter 7, a detailed exploration of experimental outcomes using two distinct datasets

reveals the significance of SUNet’s loss-based late fusion technique for spatial coherence in

layout, laying the groundwork for further investigations. The developed Fusion-SUNet and

Pan-SUNet methods advance the approach, with evaluation on the Riegl dataset indicating

their significant improvement in segmentation tasks. Particularly, Pan-SUNet outperforms

Fusion-SUNet in object detection for spans and pylons from both 3D and 2D perspectives,

establishing it as the preferred methodology. Comparative analysis with RandLA on the

Teledyne dataset demonstrates Pan-SUNet’s high efficiency and effectiveness, highlighting

areas for potential improvement in powerline voltage levels and pylon dimensions for future

research.

Overall, this chapter provides a comprehensive understanding of the approaches’ strengths

and limitations, serving as a solid foundation for future innovations, with Pan-SUNet repre-

senting a significant breakthrough in precise object detection and segmentation.
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Chapter 8

Conclusions and Future Work

8.1 Summary of Key Findings

This thesis has proposed and developed an integrative and multiscale deep learning network

for transmission corridor noise filtering, scene segmentation, and instance span-span analysis.

This section will outline the key findings of each contribution.

Noise Filtering Deep Convolutional Neural Network: NSANet effectively filters the

noise from a 3D point cloud using physical priors. The AET fusion theory outperforms

variations of FIT in recall (87.30%), precision (92.90%), and F1-score (90.0%). Addressing

the imbalance in noise points, NSANet utilizes the WCE loss function, surpassing CE by

8.7% and FL by 6.6%. Mean elevation (MZ) proves vital for noise filtering, demonstrating

high performance in recall, precision, and F1-score (87.30%, 92.90%, and 90.0%, respectively).

Multiscale feature fusion of physical priors enhances performance, surpassing local spatial

attention by 2.2%. These findings conclude that multiscale feature fusion, facilitated through

attention mechanisms, plays a pivotal role in developing noise filtering networks, and physical

priors have a critical role in resolving range ambiguity.

Semantic Utility Deep Convolutional Neural Network: SUNet uses multimodal

fusion to offer 2D regional prediction and 3D semantic segmentation for utility applications.

Scene classification is improved by using utility-object relationships and a consistent spatial
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arrangement. F1-score gains were observed across classes (Pylon 2.0%, Powerline 7.0%, High

Veg 2.0%, Ground 5.0%) during validation using the HLC loss function. The ARE module

corrected powerline misclassifications into the ground due to non-homogeneous terrain surfaces

(Pylon 7.0%, Powerline 7.0%, High Veg 2.0%, Ground 6.0%). Small item misclassifications

were decreased using the MFA module (Pylon 87.0% to 89.0% and Powerline 98.0% to

99.0%). However, the misclassification at the pedestal of the pylon persists. Based on these

observations, it was determined that multimodal and multiscale fusion improves network

performance, which benefits applications related to object detection and scene semantics.

Fusion-Semantic Utility Deep Convolutional Neural Network: Fusion-SUNet is

an improvement upon SUNet, aiming to classify objects and regions in 3D point clouds.

Fusion-SUNet enhances spatial layout consistency through deep attention fusion. The A-

Fusion module performs deep attention multimodal fusion between 2D regions at different

scales and 3D voxels. Combined with HLC, this fusion significantly improves performance

in the Pylon class (from 77% to 93%) while maintaining other classes at a 99.0% F1-score.

These observations indicate that multimodal multiscale fusion of spatial layout can help

the network understand the relationships between objects and regions. Theoretically, it

emphasizes the significance of spatial layout consistency fused through channel and spatial

attention, facilitating scene understanding for specialized layout-based 3D scene applications.

Utility Regional Segmentation Deep Convolutional Neural Network: The 2D

regional prediction network aims to generate point-based regional predictions for SUNet,

Fusion-SUNet, and Pan-SUNet. This network maintains consistency and produces corridor

and non-corridor regional segmentation for Riegl and Teledyne datasets. The experiments

demonstrate an accuracy of 88.1% and 95.0% for Riegl and Teledyne datasets, respectively.

These results highlight the potential of extracting utility transmission zones to further model

utility powerline networks. Utilizing these findings, multimodal spatial layout fusion can be

applied to enhance the accuracy of overall point, object, and span-span instance segmentation.

Panoptic Semantic Segmentation Utility Deep Convolutional Neural Network:

Pan-SUNet makes object and region-based categorization possible, including instanced
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3D object detection, which fulfills the thesis’s ultimate goal. Combining multimodal and

multiscale fusion, it highlights spatial arrangement consistency while identifying pylons and

span objects in three dimensions. Regional fusion is used to divide these items into three

zones. Panoptic segmentation is then used to transfer the objects from 2D to 3D space

and assign unique IDs. Experiments were conducted on two datasets: Riegl, containing

high voltage (230kV) powerlines, and Teledyne, containing powerlines with variable voltages

(400kV-4kV).

Pan-SUNet Findings for Riegl Dataset: Oriented RCNN is used for 2D object detection

of Pylons and Spans in Pan-SUNet experiments using the Riegl dataset because of its higher

performance (95.4% AP and 96.91% AR). Three regions are supplied to the HLC loss function

by combining the results of object detection and 2D regional segmentation. Three baselines

(3D U-Net, Attention 3D U-Net, and RandLA) show improved semantic segmentation

outcomes; Attention 3D U-Net obtained the best F1-score (Pylon 86.0%, Powerline 99.0%,

Ground 99.0%, and High Veg 99.0%). Pan-SUNet is robust on the high-voltage powerline

Riegl dataset.

Furthermore, Pan-SUNet presents a panoptic fusion module that translates 2D object

detection into 3D space, attaining implicit 3D object identification with an AP of 97.4% and

AR of 95.9%. Attention 3D U-Net performs best at this step, refining semantic segmentation

predictions and assigning unique instance IDs for 3D objects (Pylon 94.0%, Powerline 99%,

Ground 99.0%, and High Veg 99.0%). Beyond point-based semantic segmentation, the

qualitative analysis produces instance-based span-span analysis.

Pan-SUNet Findings for Teledyne Optech Dataset: Experiments on the Teledyne

dataset using Pan-SUNet are noteworthy for their various features, such as a more even

landscape, variable voltage powerlines, and a wide range of item sizes. The reason for the

85.9% AP and 88.0% AR achieved by Oriented RCNN for pylons and spans is the variability of

the span object across the dataset. Combining these findings with regional segmentation gives

Three regions into the HLC loss function. With the RandLA baseline leading the way in all

classes (Pylon 82.0%, Powerline 95.0%, High Veg 98.2%, Medium Veg 93.0%, Ground 98.0%,
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Building 88%, Others 78.3%), F1-scores improve everywhere. For medium-to-tall pylons and

high-voltage powerlines, Pan-SUNet is reliable. Its panoptic fusion module achieves 87.60%

and 88.0% AP by projecting detections into 3D space. Final Pan-SUNet findings for the

Teledyne dataset show consistent performance for additional classes, with F1-scores of 97.0%

for Powerline and 85.0% for Pylon. The qualitative analysis yields instance-based span-span

analysis, point-based semantic segmentation, and 3D object detection.

Pan-SUNet Cross Dataset Findings: The trials demonstrated enhanced performance

for both datasets across all baselines when panoptic fusion and HLC were used. Qualitative

examination revealed difficulties in low voltage datasets, especially for small pylons, but

confirmed robustness for high voltage powerlines. Surface similarities between rooftops and

topography led to misclassification overlaps that also caused issues for buildings and other

classes.

These results showed that panoptic segmentation may generalize effectively for high-

voltage powerline corridor data irrespective of sensor and point density. Nevertheless, because

of imbalances in the dataset and the intrinsic difficulty of detecting small objects, it had

trouble with small pylons and low-voltage powerlines. Regardless of sensors and point

density, Pan-SUNet’s multimodal and multiscale fusion of layout consistency improves scene

categorization for span-span analysis, providing insightful information suitable to many utility

applications, particularly high-voltage powerlines.

8.2 Strengths and Contributions

The thesis presents several notable strengths and contributions that mark significant advance-

ments in the field of remote sensing and utility management:

Advancement in ALS Noise Characterization and Simulation: In this thesis, a

novel approach to simulating noise has been introduced. The focus of this technique is to

analyze point distribution within 3D point clouds, and it is particularly useful in addressing

the problem of imbalanced class distribution, which is a common challenge in ALS sensors.
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The proposed method sets the foundation for improving range ambiguity resolution, thus

providing a sophisticated approach to enhance data analysis in ALS applications.

Pioneering Noise Filtration with Neural Networks: One of the notable contributions of

this thesis is the development of a neural network that filters noise. The network incorporates

physical equations derived from sensor flight trajectory data, resulting in cleaner point clouds

that are not restricted to a particular sensor. This enhances the flexibility of the network,

making it compatible with various ALS systems. Additionally, the DDA module that has

been innovatively developed is network-agnostic, allowing easy integration with any existing

neural network architecture.

Network-Agnostic Strategies for Utility Scene Interpretation: This thesis proposes

three network-agnostic solutions to enhance the understanding of utility scenes. These

adaptable methodologies can use any state-of-the art point-based or voxel-based semantic

segmentation network to improve its performance, which makes it robust for any utility scene

understanding application to support asset management.

Enhancing 3D Segmentation Accuracy through Spatial Layout Consistency and

2D Integration: This research introduces a new method for segmenting utility scenes

by region, which is a significant step in extracting utility objects and assessing risks more

efficiently. This method is particularly effective at identifying spans and pylons in 2D

views, which helps to better model utility zones and improve the accuracy of locating

utility infrastructure components. Specifically, this research presents an innovative approach

that combines 2D regional segmentation and object detection to refine the accuracy of 3D

segmentation processes. By maintaining spatial layout consistency, the method leverages the

structural regularities observed in 2D utility scene analyses to inform and enhance the depth

perception required for 3D segmentation.

Innovation in 3D Object Detection and Instance Segmentation: The thesis represents

a significant advancement in 3D object detection and instance segmentation, surpassing

the basic level of object classification. These advancements are crucial for distinguishing

individual instances within the same object category, providing a detailed view of components
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necessary for precise utility network modeling and simulation. This increased detail sets

the stage for more intricate simulations and lays a solid foundation for subsequent utility

management applications.

The thesis significantly contributes by bridging the gap between academic research and

practical application in remote sensing. The ongoing integration of this research into beta

launches for utility understanding pipelines and the upcoming production launch in Teledyne

Optech’s LMS will provide substantial assistance to network mapping and utility companies

for risk analysis and vegetation management. This demonstrates the potential of the research

for practical applications with widespread impact.

8.3 Limitations and Prospects of Future Directions:

This thesis advances the application of deep learning in 3D scene analysis, focusing on

utility networks. However, it is crucial to identify limitations to highlight potential areas for

improvement and further research.

Challenges in Semantic Detail and Classification Accuracy: This research emphasizes

the difficulties CNNs encounter in classifying objects of varying sizes, especially when data

is sparse. The networks often misrepresent delicate structures, like low-voltage wires or

complex pylons, and struggle to differentiate between large areas with similar textures, such

as building roofs versus terrain. Upscaling techniques, including stable diffusion or PU-GAN,

are highlighted as promising methods to refine semantic segmentation, aiding models in

recognizing finer details [158, 159]. Future research will aim to explore and potentially invent

new CNN architectures with dynamic, receptive fields tailored to efficiently process variations

in object sizes and densities typical in utility management scenarios. This approach sets a

clear agenda for advancing CNNs in complex classification tasks, ensuring that future models

are precise and adaptable to the evolving demands of utility management.

Scope of Semantic Categorization: The study highlights challenges in utility management

semantic categorization with CNNs, emphasizing constraints on specific training data needs.
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Despite methodological robustness, resource-intensive dataset curation and data-sharing

limitations hinder adaptability in the utility sector. Adaptive learning models, like generative

AI for synthetic data [160, 161, 162, 163], knowledge distillation [164, 165, 166], and few-shot

learning [167, 168], offer promise for data-scarce scenarios.

The novel concept of prompt engineering could reshape semantic segmentation, allowing

CNNs to process diverse tasks through intuitive language prompts [169]. These advancements

may significantly enhance CNN’s flexibility in utility management, addressing evolving

challenges efficiently.

Constraints of Single-Modal Sensing: The study’s limitation to using only airborne lidar

point clouds as data input is a significant constraint. By relying solely on this single sensing

modality, the study overlooks the potential advantages of combining data from other sensing

modalities, such as UAS (Unmanned Aerial Systems) and satellite imagery. Incorporating

these complementary data sources could provide additional contextual cues and increase the

overall robustness of the model.

Multi-modal sensing can enrich the input data and provide a more comprehensive feature

set for CNNs to learn from. For example, satellite imagery could add a macro perspective of

the area, including landscape changes over time, while UAS could offer high-resolution images

that reveal surface textures and colors of the objects. These additional data modalities can

provide CNNs with a more holistic understanding of the scene, leading to better classification

and detection performance.

Generalization and Training Data Challenges: The ability of models to perform well

in diverse environments is still limited due to the learning method’s supervised nature and

the training data’s specificity. The issue of generalization in CNNs is primarily tied to their

reliance on large amounts of labeled training data, which must represent the real-world

variability the models are expected to handle. When a CNN is trained on data that is too

specific or not diverse enough, its ability to perform accurately across different environments

or datasets is compromised—a phenomenon known as overfitting. However, the transferability

of the model on various point densities is a domain issue. Therefore, domain adaption and
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generalized domain crafting can be a solution. Generative models, such as Stable Diffusion or

Generative Adversarial Networks (GANs), can create new, synthetic examples that expand

the diversity of the training dataset, helping the CNN to learn more generalized features [170,

171, 159]. Future work could potentially overcome these hurdles by integrating a broader

range of learning paradigms and generative techniques to bolster CNN’s ability to adapt and

perform well across various environments.

Geometric Representation and Decision-Making: The thesis recognizes the existing

discrepancy between CNN-based semantic segmentation and the geometric modeling essential

for managing utility networks. Comprehensive utility network management is crucial for

making operational decisions and assessing risks. While CNNs are great at identifying and

categorizing image data, they cannot translate these categorizations into the geometric models

that are vital for simulations. These simulations guide maintenance and emergency responses

within utility networks. Future work must focus on developing CNNs that recognize utility

components and output data in a format that can be easily integrated with CAD or GIS

software. This will result in models that support effective decision-making processes.

Real-Time Processing for Utility Management: Applying deep learning models to

utility network management is difficult because of the limited time between offline and

online processing, especially in real-time situations. Intense computation impedes real-time

decision-making, particularly when dealing with intricate models. The discussed CNNs need

to be streamlined using techniques like model pruning and quantization because they are not

optimized for real-time analysis. Computations can be accelerated via hardware accelerators.

Utility management requires the adaptation of CNNs for speed without sacrificing accuracy;

this may require making trade-offs in model complexity or creating new models specifically

designed for real-time processing. For 3D scene analysis to be used practically in utility

network maintenance, certain obstacles must be overcome.
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8.4 Concluding Remarks

This thesis presents novel approaches that enhance utility management by addressing difficul-

ties in semantic segmentation with ALS point clouds for utility scene understanding in remote

sensing. Novel noise simulation, NSANet filtering network, and multi-scale, multi-modal

point cloud segmentation enhance the state of the art.

Three deep learning architectures—SUNet, Fusion-SUNet, and Pan-SUNet—are presented

in this work and intended for utility scene segmentation for ALS point clouds. They reliably

classify infrastructure objects in 2D and 3D areas through multi-scale and multi-modal feature

fusion, supporting utility asset management and decision-making.

While significant, the thesis recommends further studies, such as expanding methods to

other sensing technologies, strengthening AI’s function in remote sensing for autonomous

operations, and using results outside the utility sector. This study establishes the ground-

work for developing AI and remote sensing, opening the door to more sophisticated utility

management systems. The methods and insights guide further study and the creation of

sophisticated infrastructure management systems.
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