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Remote sensing technologies are a critical component for managing utility infrastructure. Utility 

companies rely on GIS data for planning, engineering design, operations, severe weather 

response, vegetation management, asset management, disaster management, and many other 

usages. LiDAR offers cost effective and scalable solutions to many of the utility use cases.  Due 

to the advances in its technology, Photon LiDAR can capture data at a much faster rate and from 

a higher elevation than linear-mode LiDAR. However, high point density of Photon LiDAR 

point clouds presents a challenge for feature detection and extraction. This research presents an 

integrated approach for effective and efficient, detection and extraction of powerline features 

from highly dense 3D point clouds. The method involves selectively filtering the point clouds, 

detecting linear features using Hough transform, and extracting LiDAR points for electric 

features using RANSAC algorithms. Once the candidate points have been extracted, machine 

learning algorithms are employed to classify the points into specified target classes, namely, 

conductors (wires) and poles, with high levels of accuracy, precision and recall.
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CHAPTER 1 

INTRODUCTION  

1.1 Synopsis 

The utility industry maintains a large number of geographically distributed assets such as 

conductors (wires), poles, transformers, transmission lines, and towers in a Geographic 

Information System (GIS). Knowing the accurate location of these assets is very critical for 

accounting, operations, and response to outages during severe weather conditions. The accuracy 

of data stored in the GIS is often less than desired due to the vintage of the data. Utility 

companies also experience mergers and acquisitions, and as a result, the data integrated from 

disparate geographies has positional accuracy issues. Many legacy systems have no access to 

high resolution secondary sources, such as aerial imagery or GPS coordinates, resulting in data 

inaccuracies. 

Data accuracy varies depending on the source, type of area (urban versus rural), and 

thoroughness of the operator entering the data. It has been observed in worst cases situations, 

especially in certain rural areas, that the assets in the GIS are inaccurately positioned a mile off 

from where they are actually located in the field.  It is an expensive proposition to conduct field 

surveys or data digitization using aerial or oblique photographs to correct inaccuracies in the 

data. 

The utility industry relies on the positional accuracy of spatial data to perform several 

operations including vegetation management (trimming vegetation that interferes with the 

powerlines), asset management (determine the poles that pose hazard), joint use audit (determine 

third party attachments and encroachments), street light billing (determine the appropriate local 
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government for the purposes of billing), design activities (e.g., install new infrastructure such as 

poles, transformers), and operations (response to outages and maintenance requests). Several 

million dollars are spent each year to make field visits to perform the activities mentioned above. 

Inaccurate data are not only expensive to fix, but also create several safety and liability issues 

that cannot be ignored if not fixed. As utilities push toward smart grid technologies, the quality 

of the network depends on the accuracy of data stored within the systems, especially the 

positional accuracy of the data stored in a utility GIS (Shafiullah et al. 2016). Remote sensing 

technologies offer cost effective and scalable solutions to improve the data quality. Reliable and 

accurate data allows utilities to make better informed decisions. 

Remote sensing has been used extensively in the utility industry (Matikainen et al. 2016) 

to collect and manage data regarding assets and land base (e.g., parcel boundaries, street 

centerlines). It offers several advantages when collecting and processing data tied to powerline 

assets spread across several hundred or thousand miles covering the utility footprints. Instead of 

making expensive field trips, remote sensing technologies provide highly economical 

alternatives for data collection and processing. Among all the remote sensing technologies, Light 

Detection and Ranging (LiDAR), offers a unique opportunity to accurately and efficiently map 

utility assets (Ussyshkin et al. 2011 and Li et al. 2010). Linear-mode LiDAR sensors have been 

used extensively in the powerline transmission systems for the last 20 years. Transmission 

voltages are typically 69 kV and higher. Their conductors are usually 15 to 55 meters above the 

ground level. The right-of-way clearances are wider for the transmission lines. Therefore, 

interference from vegetation and urban environment is also less compared to distribution lines. 

The most common transmission use case for data collection is corridor mapping, where the point 
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clouds are collected specifically for new construction projects. Overhead conductors and 

associated structures (poles, pylons, H-frames, and streetlight standards) are ideal targets for 

LiDAR survey since they are elevated from the ground and have mandatory clearances from 

other structures, such as buildings and roads. However, vegetation encroachments and dense 

urban environments may pose challenges for data collection using LiDAR technology.  

Even though linear-mode LiDAR has been used for decades, not much research has been 

done on its feasibility for feature detection and extraction for the electric distribution assets. 

Distribution assets are typically operating in voltages below 69 kV. Their conductors are usually 

up to 15 meters above ground level. These lines are usually located in very dense urban areas and 

can have quite a bit of interference from vegetation given the lower height of their structures 

(poles). Also, the diameter of the distribution conductors is much smaller (1-2 cm.) compared to 

those of transmission conductors. There are two predominant reasons why linear-mode LiDAR is 

not extensively used in the distribution: first, the lack of sufficient point density needed to detect 

distribution assets; and second, the wide-spread areas of distribution assets which makes the data 

collection using linear mode LiDAR very costly.  

Photon LiDAR is an emerging technology (Ullrich et al. 2016) based on significantly 

improved sensors that can capture data for comparatively wider areas from higher elevations and 

faster aircraft speeds. In addition, this technology makes it possible to capture point clouds with 

higher densities (i.e., greater than 30 points per square meter). Higher density point clouds allow 

for capturing finer details of objects, and therefore making it possible to detect distribution 

assets. The Geiger-mode technology built by Harris Corporation is a Photo LiDAR that has been 

in commercial use since 2015. The scope of this research is to look at detection and extraction of 
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conductors and poles for both distribution and transmission powerlines using airborne Photon 

LiDAR data. 

1.2 Purpose 

 The objective of this research study is to do the following: 

 Study the feasibility to detect electric distribution assets using Photon LiDAR 

 Design and develop powerline feature detection and extraction algorithms for Photon 

LiDAR 

 Classify the points representing powerline features into their appropriate classes (i.e. 

conductors and poles) 

 Assess the accuracy of the classification algorithms 

1.3 Rationale 

The utility companies may have many positional errors in GIS. In some instances, the 

assets are at least one mile off in GIS from where they are supposed to be in the field. With the 

advent of the Mobile GIS and GPS systems, inaccurate data causes confusion and diminishes the 

value and usage of GIS. 

Linear-mode LiDAR has been used for the last 20 years for transmission corridor 

mapping and analysis. Photon LiDAR is a recent innovation (24-36 months) in the commercial 

LiDAR industry and is very promising for mapping the electric distribution assets due to the high 

accuracy of its data (5-10 cm for horizontal accuracy and 2-5 cm vertical accuracy). Not much 

information is available in the literature regarding feature detection and extraction using Photon 

LiDAR and specifically for electric distribution asset extraction. The unique contribution of this 
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research study is to develop innovative feature detection and extraction techniques for Photon 

LiDAR point clouds for the utility industry with emphasis on distribution assets.  

High point density (greater than 30 points per square meter) of Photon LiDAR data 

provides more detailed information to extract distribution assets. There is also a need to develop 

efficient algorithms to overcome the challenges posed by its large data volumes. Due to  its 

ability to collect data at faster pace and at a higher resolution (points per square meter), Photon 

LiDAR makes it cost effective to perform wide area point clouds collection and will probably be 

the chosen technology if proven feasible. 

1.4 Research Questions  

The primary objective of this research is to devise techniques to detect conductors and 

supporting structures (poles, pylons, H-Frame) from Photon LiDAR data. The key questions that 

are in scope of this research are as follows: 

1) Does Photon LiDAR have enough resolution (point density and spacing) to detect 

distribution features? 

2) Can the feature extraction techniques from linear-mode LiDAR, be improved to extract 

data using Photon-mode LiDAR? How will these techniques overcome challenges 

specific to Photon-mode LiDAR for detecting distribution assets?  

3) Can the results from feature extraction techniques support the accurate classification of 

conductors and poles for both transmission and distribution assets? 

4) Can these powerlines feature extraction techniques be categorized as automated, semi-

automated or manual? 
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5) Are the results of each procedure accurate enough for the requirements of a Utility GIS 

database? 

6) Is Photon LiDAR equally effective in detecting electric features in vegetated and non-

vegetated areas? 

1.5 Delimitations and Limitations 

Techniques devised in this research study for feature detection and extraction can be 

applied to powerlines in any area as long as certain conditions are met. These conditions include 

electrical codes, engineering standards, and terrain conditions. While the techniques are not 

specific to a location, it is possible that certain areas are more favorable for the techniques than 

others. Sample data for this study is collected from two different terrains (e.g., vegetated and 

urban). However, the study does not include all types of terrains; for example, there is no sample 

data available from mountainous areas. Canopy height is also a factor that can dramatically 

influence the percentage of powerline features extracted. The results obtained from this study 

may be achievable in other areas, if the terrain conditions are similar and the type of tree species 

is similar to the sample study areas. 

This research only attempts to look at the aerial Photon LiDAR technology to detect the 

utility assets. Other modes including terrestrial or mobile LiDAR are not included in the scope of 

this research. Linear features (conductors) along with supporting structures (poles, pylons, and 

H-Frames) are included in the scope of this research and other relevant assets such as 

transformers, switches, manholes, and pad-mounted equipment are not in scope for this study. 
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CHAPTER 2 

BACKGROUND AND LITERATURE REVIEW  

 The first part of this chapter establishes the importance of positional accuracy of 

powerlines. This review is focused on methods and techniques related to detection and extraction 

of linear features such as conductors and poles. The scope of this research is to look at detection 

and extraction methods for only the airborne LiDAR, and therefore it does not include studies 

done with ground-based mobile LiDAR (El-Halawany et al. 2013). Due to the rapid 

advancements in LiDAR technology, the majority of literature reviewed here is restricted to 

content published after 2005. Key definitions used in this study are listed in the APPENDIX.  

Remote sensing technologies, including Airborne LiDAR Systems (ALS), Terrestrial 

LiDAR Systems (TLS), UAV Systems, Synthetic Aperture Radars (SAR), Optical satellite 

imagery, Optical aerial imagery, and thermal imagery have been extensively used in the utility 

industry (Matikainen et al.2016). ALS is the preferred mechanism for wide area data collection, 

accurate 3D mapping of electrical assets (conductors and poles), and modeling of vegetation in 

proximity of the electrical features. Key advantages of ALS method include flexibility in data 

acquisition (data can be captured at night) and choice of vehicle (jet engine, single engine 

propeller, helicopter, UAV, etc.). However, ALS cannot penetrate cloud cover and can be very 

expensive. With the recent advances in LiDAR technology due to the advent of Photon LiDAR 

sensor, the data capture is not only efficient but is also cost effective. The next section describes 

the differences between linear-mode and Photon or Geiger-mode LiDAR. 
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2.1 Linear-mode versus Geiger-mode LiDAR  

A conventional LiDAR system, also called linear mode, has a single receiver and can 

only measure distance along a single vector at any point in time. Each detector is often triggered 

by hundreds or thousands of detected photons. Therefore, this technology often transmits a 

relatively wide (typically 5-10 ns) pulse from fairly low attitude (typically 1000-5000 ft.). The 

point density is typically between 1-8 points per square meter (ppm).  

In contrast to the conventional linear mode that detects hundreds or thousands of detected 

photons per ranging measurement, Photon LiDAR, also known as photon-counting LiDAR or 

Geiger-mode LiDAR, has an array of receivers (Stoker et al. 2016), and each can detect a single 

photon. Since only a single photon is required to trigger a measurement, Photon LiDAR can 

operate at much higher altitudes (12,000 – 29,000 ft.) with a relatively narrow (typically 500 ns) 

pulse. The point density obtained using Geiger-mode is typically greater than 30 ppm. A 

significant benefit of Photon LiDAR is the ability to collect vast amounts of data due to 

increased flying height and higher point density. However, linear-mode LiDAR still offers better 

vegetation penetration (Ullrich et al. 2016). Higher point density is needed to collect distribution 

assets, as they tend to be much lower and prone to greater interference from urban features and 

vegetation when compared to transmission assets.  

2.2 Significance of accuracy  

Several studies have successfully utilized LiDAR data to accurately predict the 

geographic position of powerlines. Ussyshkin et al. (2011) demonstrate the use of airborne 

LiDAR technology in powerline asset management, most notably in the catenary modeling (sag 
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and temperature calculations) and vegetation encroachment analysis. Powerline asset 

management depends on accurate geo-referenced measurements of powerline corridors including 

transmission lines and vegetation cover.  Traditionally, these measurements are captured using 

field surveys and truck rolls, which are an expensive and time-consuming exercise.  

Airborne LiDAR technology offers dual benefits of exceptional accuracy and efficiency 

of covering vast areas in a short amount of time. Three-dimensional point cloud data has high 

vertical accuracy in the range of +/- 1 cm for electric features, +/- 2cm for vegetation canopy 

with smooth surfaces, and +/- 9 cm for surfaces in hilly areas.  This level of accuracy allows for 

a precise estimation of the parameters used in catenary modeling of the powerlines, which in turn 

increases the reliability of the associated engineering calculations. 

A LiDAR data collection workflow consists of a series of steps, including mission 

planning, data collection, point cloud generation, data classification (e.g., ground points, 

vegetation features, structures), feature extraction (e.g., buildings, power lines), and, finally, the 

import of data into GIS tools. Apart from mapping engineering assets, airborne LiDAR has also 

enhanced the capability to map dense vegetation canopy present in the close proximity of 

powerlines. Mapping vegetation canopy is essential to assess the possibility of trees falling on 

the powerlines during storms, which is typically the largest cause of power outage. 

Consequently, vegetation management is a significant maintenance cost for a utility company. Li 

et al. (2010) describe how an Australian utility company spends $80 million AUD for yearly 

maintenance for inspecting and managing vegetation encroachments on powerlines.  

LiDAR is not only useful in accurate measurements, but is also increasingly useful in 

automatically detecting the type of vegetation species. This is a major shift from just looking at 
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the LiDAR for detecting the ground truth as-is to predicting the future growth of vegetation 

based on the type of tree species. Using the intensity value obtained from LiDAR and combining 

it with other remote sensing data such as Landsat, it is possible to assess the health of canopy 

cover in proximity of powerline corridor.  

2.3 Hough transform 

 Extensive literature exists for detecting both the linear features (e.g., powerlines and 

roads) and the non-linear features (e.g., buildings and towers) from point clouds. The scope of 

this review is restricted to linear (conductors) and structure (poles) features.  

Various methods, tools, and techniques have been developed to cope with the challenges 

encountered when working with point clouds. While noise and interference are the primary 

issues, powerlines offer unique challenges for feature detection due to the small thickness of the 

conductors (1-2 cm diameter) and vegetation encroachments. Many different approaches were 

proposed for detecting electric assets with respect to the data type (vector versus raster), data 

attribution (elevation versus intensity), and algorithm choice (filtering versus aggregation). 

Powerline detection and modeling in 3D space has been done by filtering, segmentation 

(Lari et al. 2014), and voxel-based classification (Jwa et al. 2009). Conductors are located at a 

certain elevation above the ground. Filtering ground and building points is usually the first step 

in isolating target points from others in the LiDAR data. Since conductors connected to 

supporting structures (H-frames and poles) form lines, line detection algorithms are well-suited 

to detect conductors. Hough transformation is the most widely adopted algorithm to detect lines 

in 2D space, which requires the 3D point cloud to be first converted to a 2D image.  
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Li et al. (2010) performed automated detection of features in the powerline corridor using 

two techniques: a) line detection from aerial imagery to obtain the two-dimensional geometry 

and b) line detection from LiDAR to obtain the elevation and surrounding canopy cover.  Hough 

transform was used to detect the lines from both the aerial image and LiDAR point clouds. The 

study claims a detection rate of 96% and a segmentation accuracy of 75.2% to showcase the 

effectiveness of Hough transform. 

While the majority of the studies consider elevation when extracting features from 

LiDAR data, Liu et al. (2009) provided a unique perspective by looking at intensity of point for 

extraction.  This research discussed two broad types of algorithms used to extract features: a) 

Creating raster layers from point cloud and performing calculations on the rasters and b) 

Performing the calculations directly on the point cloud, which preserves the valuable information 

available in the original point cloud, such as intensity of the point. Intensity is defined as the 

ratio of the strength of reflected light to that of emitted light for a given point. The intensity 

value is unique for different materials. For example, intensity value for powerlines is different 

from vegetation and buildings. It is very similar to spectral signature which is often used in 

remote sensing with satellite or aerial imagery. Intensity value returned by a point is affected by 

the relative size of the target compared to that of LiDAR pulse footprint. Additionally, while 

spectral signature is made of reflectance values in several bands in the electromagnetic spectrum, 

the intensity of a Photon LiDAR point is usually only a value in a single band. 

Since the ground points are often normally distributed (Bartels and Wei et al. 2006), non-

ground points are assumed to not follow the normal distribution. Utilizing the statistical 

distribution of points, it is possible to separate ground from non-ground points. Critical values of 
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skewness and kurtosis can also be calculated to separate the ground and non-ground points. 

While previous studies used only skewness to separate the points, the combined use of both 

skewness and kurtosis is expected to better extract powerlines and vegetation, from ground 

points.  

Hu et al. (2014) discuss an improved linear feature extraction method by performing 

mean shift clustering and tensor voting of point cloud before performing the weighted Hough 

transform. One of the problems with powerline detection is that usually a line consists of several 

conductors (wires) denoting multiple phases of electricity transmitted.  Since most of these 

conductors run parallel, a typical GIS stores these different phases as one line diagrams. A 

similar pattern is used for road center lines in the transportation industry. The road center line is 

the geometric center of all lanes of the traffic in a particular direction.  Mean shift clustering 

technique shifts the points to align closely to the geometric center. Small spatial extents (local 

windows) are used to calculate the point density, and using kernels, the location of shifts for the 

points is calculated. Tensor voting using eigen values and eigen vectors is employed to 

determine if a point is suitable to be included in the weighted Hough transform. The weights for 

the Hough transform are assigned based on the linear saliency of a point in the voting process. 

This study provides an advanced statistical method to enhance the standard Hough transform to 

detect and extract linear features with a remarkable accuracy rate (89.2%). 

Van Leeuwen et al. (2010) discuss another variation of the Hough transform which 

detects the shapes of canopy crowns for vegetation using a voting procedure based on 

parameterization of the shapes that touch the laser returns in the point cloud. This study has 

performed Hough transform to fit the basic canopy shape of a cone and other similar shapes. 
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This method of extracting shapes has a potential benefit that allows for linear features to appear 

as curves rather than just straight lines. This is accomplished by identifying individual shapes as 

local maxima based on the cluster of laser returns in the parameter space. However, the 

effectiveness of this study for detecting linear features such as powerlines remains unknown. 

Ma and Yao (2010) developed a grid-based LiDAR point cloud extraction algorithm, 

where a point cloud is converted to a grid format and characteristic lines are extracted using a 

popular Canny detection operator.  Linear features are then projected to the ground surface 

forming a characteristic plane and moving the plane to infinitesimal volume. Counting the 

number of points within the selected volume (point cloud) and selecting a line based on a 

threshold value for the number of points is the basic procedure used in this study. This method 

relies on planer surface models which have at least two edges to compute the linear features. 

However, the powerlines are typically simple linear features without multiple planes unlike 

buildings and therefore, the effectiveness of this technique is also questionable.  

Zhang et al. (2010) discuss a clustering based approach to detect linear features. 

Elevation and intensity information from LiDAR point cloud are used to create clusters within 

the point clouds. Three-dimensional Hough transform is applied to the dataset to extract 

vegetation, water and the man-made features like buildings. This study does not perform any 

quantitative accuracy assessment and presents only visual outputs from the analysis. Although 

the combination of elevation and intensity to create a cluster for voting purposes is probably 

unique to this study, the subsequent analysis lacks established statistical procedures.   

The combination of elevation and intensity is critical for powerlines since these two 

attributes often provide complementary information for analysis. Typically, powerlines are at an 
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elevation of 5 to 55 meters from above the ground and these lines are usually elevated from the 

surrounding features such as buildings and canopy. On the other hand, intensity values returned 

by the powerlines are usually lesser than typical values of those returned by roads, trees and 

buildings.  Exploiting these two parameters with opposing characteristics is an advantage when 

detecting powerlines from LiDAR data and any voting mechanism for Hough transform taking 

these two parameters into consideration is likely to return superior results. 

Mareboyana and Chi (2006) discussed an algorithm, which extracts the linear features 

using Canny and Sobel operations, and then refine the output by using a series of steps that 

involves linear regression.  The study first uses the traditional Canny detector to create the lines 

and then uses linear regression to only remove erroneous curves or short lines from the model. A 

unique aspect of this study is the usage of labels for each line to enable targeted analysis of 

individual line segment. Finally, the study recreated runway lines for Nevada Airport with high 

levels of accuracy. The study is inconclusive on the parallel line detection which is an issue with 

powerlines as well, due to the fact that powerlines usually have multiple conductors (i.e. three 

phases) for each given circuit.  While most of the studies utilize Hough transform for creating 

linear features from points, this study uses Canny detector with very impressive results. 

Xu et al. (2010) performed extensive analysis of different variations of Hough transform 

including adaptive, randomized, multi-scale, and weight matrix based Hough transform, among 

others. This study not only summarizes different variations of Hough transform, but also 

compares each variation and discusses benefits of each. The concept of weight matrix based 

Hough transform for line segments is first introduced in this study. Another unique feature of the 

study is the consideration of memory availability and hardware performance of the calculations. 



 

15 

This is an important consideration because the volume of data of Photon LiDAR is high, and 

therefore the efficiency of the algorithm is a critical factor for its usability. 

Point spacing determines LiDAR resolution (Hu et al. 2014) and plays a major role in 

accurately detecting the powerlines. While Hough transform can effectively detect linear features 

(conductors), an important aspect of powerlines is its supporting structures (H-frames or poles). 

The detection of these structures requires a different algorithmic approach. While conductors are 

detected as lines using Hough transform, the 3D catenary model, which is critical for sag 

calculations and engineering applications, is a known limitation with this approach.   

2.4 RANSAC method for identifying geometric features 

Objects in a point cloud can be abstracted as primitive geometrical objects to depict 

features on the ground. For example, the building roof-tops can be abstracted as plane surfaces, 

the utility poles as cylinders, and the vegetation canopy, depending on the type of tree species, as 

cones or spheres. Random Sample Consensus (RANSAC) is a widely used paradigm to extract 

primitive geometric shapes. A small subset of the data is randomly drawn from the complete 

dataset and a shape primitive is constructed. After multiple iterations, the shape from the 

candidates, which best approximates the primitive, is extracted.  

Fischler and Bolles (1981) first introduce the RANSAC paradigm for fitting a model to 

the experimental data. RANSAC has been evolved to surpass the classical techniques for 

parameter estimation due to its capability of smoothing the data that contains significant 

percentage of gross errors.  The classical techniques, such as the least squares approach, apply as 

much data as possible to obtain an initial solution. On the other hand, RANSAC starts with a 

minimum feasible random sample and enlarges it to fit the model.  
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Chaperon and Goulette (2001) extract cylinders from a 3D point cloud by using normal 

estimates on a set of points. A normal for a point is defined as a vector that is perpendicular to 

the surface at that point. A normal for a point is estimated by first modeling the surface based on 

the neighboring points. The next step is to find the direction of the cylinder, followed by 

attaining its radius and length.  

Schnabel et al. (2007) described a process to generate cylinder from two points (p1 and 

p2) with their normals (n1 and n2).  The direction of axis is defined as a = n1 x n2.  Two 

parametric lines, p1 + tn1 and p2 + tn2 along the axis are projected onto the plane (a . x = 0). 

The intersection of the lines and plane is defined as center (c) of the cylinder. The radius of the 

cylinder is calculated as the distance between c and p1 in the plane perpendicular to the axis.  

Sohn et al. (2012) used voting scheme to extract conductor candidate points and then 

converted line segments using 3D line fitting based on RANSAC. The overall accuracy achieved 

by the study is 91.3%. Guo et al. (2015, 2016) propose a RANSAC rule-based algorithm to 

reconstruct powerlines by setting reliable initial parameters for fitting and efficient candidate 

detection based on similarity. Prior to using the RANSAC model, data are classified using 

JointBoost classifier into five categories: conductors, pylons, vegetation, buildings, and ground. 

Line objects are detected using echo, linearity, and Hough transform.  

While most studies perform normal estimation, filtering and segmentation to extract 

cylinders, Jin and Lee (2019) perform sphere fitting for estimating the axis of the cylinder. 

Thereafter, Principal Component Analysis (PCA) validates the orientation of the extracted 

cylinder axis.  Their study emphasizes the need for data down sampling to improve the efficiency 

of RANSAC methods.  
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Yadav et al. (2016) rely on high point density of mobile LiDAR data to extract poles 

using point cloud voxelization and piecewise cylinder fitting approach. Voxels are labeled as 

poles and non-poles based on eigen values and eigen vectors. The compactness factor was used 

to remove misclassified poles.  Zhao et al. (2018) used voxel clusters (super voxels) for shape 

detection using cylinder fitting. Another study by Zheng et al. (2016) performs pole extraction 

from mobile LiDAR data by clustering points based Euclidean distance and segmenting the 

clusters based on shape and intensity value. Lam et al. (2010) utilize RANSAC method to detect 

lamp poles in mobile LiDAR by limiting the search space along the extracted roads. Lim and 

Sutter (2009) use super voxels and multi-scale Conditional Random Fields classification for 

urban scene classification using terrestrial LiDAR.   

While most studies used RANSAC for extracting cylinder features for high density 

mobile or terrestrial LIDAR, very few studies have extracted pole features for distribution lines 

from linear-mode LiDAR data due to its low point density. Although cylinder extraction 

techniques have shown improved results with mobile LiDAR, it is not feasible to collect data for 

wide areas served by utilities using mobile LiDAR.  

2.5 Classification of geometry objects 

Lodha et al. (2006, 2007) perform LiDAR data classification using Support Vector 

Machines (SVM) and AdaBoost classifiers. Intensity value is used in addition to four other 

parameters: normalized height, height variation, normal variation, and image intensity.  Their 

study focuses on classification of buildings, trees, and roads.  

Kim and Sohn (2011) employed Random Forest classifier to perform classification of 

transmission powerlines after extracting lines and plane surfaces using voxel segmentation. Their 
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study combines results from a point-based Random Forest classifier and a line and polygon 

based Random Forest classifier to attain a 90.88 % precision for pylons. Ning et al. (2013) use 

SVM to classify point cloud using clusters generated by a surface growing algorithm. Although 

their study was not able to distinguish powerlines from vegetation, the overall classification 

accuracy improved as the point density increased.  

While most studies perform classification directly on points or clusters, few studies have 

utilized feature shapes to perform classification. Wang et al. (2017) perform supervised 

classification of powerlines in urban areas. A four-step process was developed in the research, 

including 1) candidate point filtering, 2) local neighborhood selection, 3) spatial structural 

feature extraction, and 4) support vector machine classification.  Their study included slant 

cylinders for conductors; however, poles were not extracted in the study.  

da Silva et al. (2015) compiled a list of the accuracies obtained by previous studies on 

extracting line features for high voltage or transmission powerlines using the techniques 

described in the earlier sections. The summary results are shown in Table 2.1, which provides a 

benchmark for assessing the effectiveness of a method in detecting powerline features.  

Table 2.1. Comparison of quality results obtained by previous studies 

Study Point Density Accuracy 

Zhu and Hyyppa 2014 55 93.26% 

Kim and Sohn 2011 30 93.9% 

Sohn et al. 2012  16 93.8% 

Cheng et al. 2014  15 93.90% 

da Silva et al. 2015 15 94.85% 

Guo et at. 2016 5 93.0% 
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In summary, many studies have demonstrated the effectiveness and cost efficiency of 

LiDAR point clouds for powerline corridor management, vegetation management, and 

engineering reliability analysis using LiDAR data (Ussyshkin et al. 2011 and Li et al. 2010). 

There are several well-established techniques in the literature for powerline feature extraction 

from linear-mode LIDAR. Although some studies have attempted to extract conductors from 

distribution lines using aerial LiDAR, few studies have attempted to extract poles. While most 

studies rely exclusively on elevation of points to extract features, only few studies have explored 

the value of LiDAR intensity and its derived statistics (skewness and kurtosis) for feature 

extraction.  

Feature detection is a complex computational process that will continue to see a lot of 

innovations in the coming years. Some of the functionality is starting to slowly appear in 

commercial-off-the-shelf (COTS) products. Advanced algorithms need to be developed to enable 

faster and more reliable feature extractions from high density point clouds.   
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CHAPTER 3 

SAMPLE DATA  

3.1 Photon LiDAR dataset 

Sampling design for this research study can be categorized as purposeful and 

opportunistic. Selection of appropriate tiles for analysis is crucial for understanding the 

effectiveness of Photon LiDAR technology. The analysis will include a combination of urban 

areas and heavily vegetated areas. This combination is needed to measure the effectiveness of 

Photon LiDAR technology in overcoming interference from buildings and other structures in 

urban areas, whereas the effectiveness of the Photon LiDAR technology in penetrating 

vegetation is assessed in the areas that have dense vegetation canopy. Apart from the terrain 

condition, another important aspect in the selection of the tiles is the likelihood of finding both 

transmission and distribution electrical features.  

Harris Corporation, a leading provider of Photon LiDAR, has made available the sample 

datasets for two different terrains, each having unique features. Data in the first sample from 

Raleigh, North Carolina (see Figure 3.1) contains four tiles of point clouds captured in March, 

2016.  
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Figure 3.1. Sample LAS tiles from Raleigh, NC collected in March, 2016. 

 

The study area contains highly vegetated areas, and powerlines that traverse across the 

wooded terrain.  There is a residential neighborhood with few distribution powerlines and a 

significant amount of vegetation. Technical specifications for these high-density LAS tiles are 

given in the Table 3.1. Unlike linear-mode LiDAR, Photon LiDAR only has single return for all 

the points.  Other than intensity information, additional information such as RGB or scan angle is 

not available for the given dataset.  Since the area for each tile was large, a tile was further 

subdivided into four sub-tiles for ease of processing.  



 

22 

Table 3.1. Technical specifications of Photon LiDAR data from North Carolina 

Tile 

Number 

LAS 

Version 

Year of 

Capture 

Point 

Count 

Returns 

Used 

Area (sq. 

ft.) 

Point 

Density 

(ppm) 

Nominal 

Point 

Spacing 

(NPS) 

20079405 1.4 2016 31918087 1 6249999.25 54.970 0.018 

20079406 1.4 2016 33245732 1 6249998.5 57.256 0.017 

20079409 1.4 2016 26773696 1 6249998.25 46.110 0.022 

20079410 1.4 2016 31176704 1 6249999.25 53.694 0.019 

 

 The second study area is in Green Acres, FL (see Figure 3.2), composed of urban areas 

without much vegetation. The terrain consists mostly of paved roads and urban residential 

communities. This data contains both transmission and distribution powerlines in the tiles. In 

many cases, distribution lines (also known as underbuilt) share facilities (poles and pylons) with 

transmission lines. Technical specification of the LAS tiles in this study area are given in Table 

3.2. The key difference of this dataset from the North Carolina data is its comparatively less 

vegetated terrain condition and the slightly lower point density. Area for each tile was small 

enough for processing, and therefore was processed without subdividing it unlike the tiles in NC. 

 

Table 3.2. Technical specifications of the Photon LiDAR data from Florida. 

Tile 

Number 

LAS 

Version 

Year of 

Capture 

Point 

Count 

Returns 

Used 

Area (sq. 

ft.) 

Point 

Density 

(ppm) 

Nominal 

Point 

Spacing 

(NPS) 

745N-845W 1.2 2016 653068 1 232020.028 30.297 0.033 

745N-850W 1.2 2016 561499 1 231945.908 26.057 0.038 

750N-845W 1.2 2016 752315 1 231849.033 34.927 0.029 

750N-850W 1.2 2016 728234 1 231797.525 33.817 0.030 

755N-845W 1.2 2016 703479 1 231940.898 32.647 0.031 

755N-850W 1.2 2016 732226 1 232045.786 33.966 0.029 

800N-845W 1.2 2016 731418 1 232024.350 33.931 0.029 

800N-850W 1.2 2016 922038 1 232071.545 42.766 0.023 
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Figure 3.2. Sample data which contains both transmission and distribution lines (Green Acres, 

FL) generated in March, 2016 using Geiger-mode sensor. 
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A significant contribution of this research study will be to assess whether algorithms such 

as Hough transform and RANSAC, which are well documented in the literature for feature 

detection and extraction for linear-mode LiDAR, can be utilized for the Photon mode LiDAR 

data. Field surveys are not planned because the accuracies published for Photon LiDAR are 

much superior to what can be obtained using GPS devices on the field. The pole count from 

extracted features can be crossed referenced using secondary sources of data (i.e., Google and 

Bing maps) to assess the accuracy of the results obtained using extraction techniques.  

3.2 Linear-mode LiDAR dataset 

To compare the performance between high point density Photon LiDAR and low point 

density linear-mode LiDAR, a sample linear LiDAR dataset was obtained from the Texas 

Natural Resources Information System (TNRIS) website. This study area (Figure 3.3) is located 

in the vicinity of North Lake in Irving, TX and has multiple electric substations and transmission 

lines within its boundary.  

Table 3.3. Technical specification of sample LAS data from Texas.  

Tile ID 1 

LAS Version 1.2 

Collection Year 2010 

Point Cloud Count 23765813 

Number of Returns 4 

Return Count 1 23153070 

Return Count 2 604424 

Return Count 3 8291 

Return Count 4 28 

Area of the tile 10522088.88 sq. meters 

Point Density 2.258 

Nominal Point Spacing 0.665 
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Figure 3.3. Study area for sample linear-mode LiDAR point cloud from Irving, TX. 

 

Profile view in Figure 3.4 clearly shows three distinct transmission lines detected in the 

LiDAR data. From initial inspection, it is unlikely to detect distribution lines in the data. The 

technical specifications of the LAS file is given in Table 3.3, which point to a much lower point 

density and the presence of multiple returns in the dataset. 

 The first returns from linear-mode LiDAR provide the most useful information for 

electrical feature extraction since they are elevated from ground. However, Photon LIDAR only 

provides single return for all points, and as a result, feature detection and extraction techniques 

will have to account for this difference.  
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Figure 3.4. LiDAR LAS dataset visualized along with profile view. 
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CHAPTER 4 

METHODOLOGY  

Detecting and extracting powerline features in the massive point clouds involves 

performing filtering of the data using multiple parameters to make algorithms to identify target 

points efficient with minimal omission error.  

Figure 4.1 provides a high-level methodology used in the study, which includes detection 

of conductors using Hough transform as the first step, followed by the extraction of candidate 

points for conductors and poles using the RANSAC process. Once the features are extracted, 

they are subject to supervised binary classification using machine learning algorithms to 

appropriately classify them as conductors and poles. 

 

Figure 4.1. Overview of methodology. 

 

  

Feature detection using Hough transform  

 Feature extraction using RANSAC technique 

 Supervised binary classification of extracted features 

 



 

28 

4.1 Filtering the data 

Figure 4.2 describe the detailed steps of the methodology, with a series filtering processes 

that aim to reduce the number of points in the input point clouds continually until attaining the 

target features. Sequentially decreasing the point counts increases the efficiency of the 

algorithms in detecting and extracting the features. 

 

Figure 4.2. High-level workflow to process conductors. 

The algorithms first detect the conductors in the data and then proceed to detect the 

structures within the vicinity of the conductors. LiDAR data contains several standalone pole-

like features including tree trunks, streetlights, traffic lights, and traffic signs. Searching for 

structures only in the vicinity of conductors allows efficient detection of the target H–frames and 

poles by excluding other pole-like structures that are not attached to powerlines.  
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In the first step, ground points are identified using the progressive morphological filter 

(Zhang et al. 2003). Once the ground points are identified, elevation from ground and slope of 

the planes is used to detect buildings. Then the ground and building points in the data are 

removed in order to thin the point cloud.   

Then, points with intensity greater than 10,000 and height less than 5 meters are filtered 

out from the point cloud. The threshold values for intensity are estimated by averaging the 

intensity values of points from random selected conductors in the raw data. As seen in Figure 

4.3, the intensity values for conductor points are much lower than buildings and surrounding 

vegetation, because conductor points only return a small portion of the laser pulses due to the 

relatively small width of the conductors compared to the size of footprint of the laser pulses. The 

engineering standards for pole and conductor elevation, sag and minimum clearance 

requirements determine the height threshold. The standards are different for distribution and 

transmission features. However, the filter for elevation is based on the distribution standards 

because these features have lower elevation than transmission assets. 
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Figure 4.3. Intensity raster generated from point cloud showing low intensity values for 

conductors depicted by darker shade.  

After filtering out these points, the next step is to convert the data into a raster (image) in 

order to execute the Hough transformation for detecting the lines.  The following steps are used 

to create the raster: 

 Create Digital Terrain Model (DTM) from ground points  

 Create Digital Surface Model (DSM) for above ground points (e.g. powerlines, 

vegetation) 

 Create Digital Height Model (DHM) by subtracting the elevation of DTM from the 

elevation of DSM 
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DSM raster created from a filtered point cloud contains only conductors and vegetation 

points. The cells of DHM contain a single value (height) and appear in different gray scales. This 

raster is an input to the script which performs the Hough transformation in the next step.  

4.2 Filtering excessive vegetation 

In highly vegetated areas, such as those found in the sample data from NC, it is  

insufficient to remove only ground and building points, and points less than a threshold height 

and greater than a threshold intensity. Large numbers of vegetation points pose a problem to use 

the Hough transform and RANSAC methods, because they can cause the Hough transform to 

generate a large number of commission errors (false positive values) for the lines representing 

the conductors and also greatly reduce the computational efficiency of RANSAC process. 

Therefore, it is beneficial to also reduce the number of vegetation points in the point cloud prior 

to converting them to a raster.  

Melzer and Briese (2004) discuss a culling mechanism to thin the point cloud based on 

the number of points for a given voxel. This study adopted a similar approach to remove the cells 

with large number of points per voxel to thin the point cloud. Tree crown usually has a large 

number of clustered points. Therefore, if a voxel has a number of points that exceeds a given 

threshold (e.g. 20 points per voxel), then corresponding points from those voxels are filtered out.  

In vegetated areas, it is possible to have vegetation encroachment either on the top or 

below a conductor. Therefore, the culling mechanism might remove some points of the 

conductor itself. As shown in the next section, conductors are detected as lines so missing a 

small section of a line will not alter the results in detecting the overall pattern of a line.  
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4.3 Hough transform execution 

After filtering the data and converting the point cloud to a raster, the next step in the 

process is to execute the Hough transform to detect line features in the dataset. Hough transform 

provides parameters for lines in a polar coordinate system based on the points in a Cartesian 

coordinate system. The equation for calculating the line segment is as follows:  

    ( )      ( )     

The parameters of the Hough transform map collinear points into a set of intersecting 

sinusoidal curves in the polar coordinate space defined by         . The peaks in the curves as 

shown in Figure 4.4 in the Hough space are used to select points in the Cartesian coordinate 

system based on a voting mechanism (number of points needed for a line).  

 

Figure 4.4. Detection of lines using the Hough transform. 

 

Two methods are used to compute these linear segments 1) the regular Hough transform 

with voting mechanism and 2) modified probabilistic Hough transform. The python code snippet 

utilizing the Open CV software for both these operations is as follows: 

Regular Hough Transform with voting mechanism:  

1) Step 1: Edges detection using Canny Operator 
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edges = cv2.Canny(input,threshold1=50,threshold2=150,apertureSize = 3) 

The parameters for the Canny operator are an input image array (generated from the point 

cloud), thresholds for Canny algorithm and aperture size for the Sober operator. 

2) Step 2: Voting mechanism to detect all lines 

lines = cv2.HoughLines(edges,1,np.pi/180,votes=140) 

The number of votes needed for detecting the lines is 140.  

Alternate Method: Modified Probabilistic Hough transform 

1) Step 1: Edges detection using Canny Operator 

edges = cv2.Canny(input, threshold1=50,threshold2=150,apertureSize = 3) 

2) Step 2: Probabilistic Hough transform 

lines = cv2.HoughLinesP(edges,1,np.pi/180,votes=85,minLineLength = 

30,maxLineGap=3) 

The key parameters that influence the results are the distance resolution of the 

accumulator in pixels, angle resolution of the accumulator, minimum threshold of points 

voting (number of points that create the lines), minimum line length, and the maximum 

line gap. 

The Hough transform using the voting mechanism generated a lot of omission errors 

(false negatives). The probabilistic Hough transform (Matas and Kittler 2000) reduces the 

computation needed for detecting the lines by using a fraction of the points from the raster. This 

method is faster but generates more commission errors (false positives); however, this method is 

preferable, the objective is to minimize the omission errors than commission errors at this stage 
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of analysis. Once these line features are detected, they are converted to vectors. These vectors are 

then buffered by distance of 1 meter.  

4.4 RANSAC process 

Points from the filtered LAS file within these buffers are then extracted for the 

subsequent processing to identify cylinders encompassing the linear features. Parameters 

required for defining a circular cylinder (see Figure 4.5) include the point p on the axis of the 

cylinder, unit vector u for the direction of the axis, and radius r.  Unit normal value for each 

point is calculated based on surface of its k-nearest neighbors. A normal at a certain point is 

defined as the vector perpendicular to the surface at that point.  

 

Figure 4.5. Parameters for defining a right circular cylinder. 

Since the target features in this step are conductors, the RANSAC model solely seeks 

slant cylinders in the data. The key parameters for slant cylinder extraction include the normal 

value for each point, the axis angle of the cylinder, the radius of the cylinder, and the spacing 

u 

r 

p 
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between the points identified as a cylinder. Modifying these parameters alters the orientation and 

size of the cylinder. Figure 4.6 displays the normals (white lines) for the points based on the 

surface of its k-nearest (10) neighbors.  

 

Figure 4.6. Normals of all the input points based on k-nearest neighbors (10). 

 

Using normal values and direction of the eigen vector, Random Sample Consensus 

(RANSAC) method determines the best fit cylinder for a group of points that form a linear 

feature. Key parameters such as the threshold for number of points, the direction of the cylinder, 

and the radius control the results obtained from the model. The axis direction of the cylinder can 

be used to extract a slant or vertical cylinders. Since we are seeking conductors at this stage, the 

objective is to extract all slant cylinders in the point cloud. 
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Python code using the PCLPY library for extracting the cylinders is: 

# Estimate point normals 

normals_estimation = pcl.features.NormalEstimationOMP.PointXYZ_Normal() 

normals_estimation.setInputCloud(point_cloud) 

normals = pcl.PointCloud.Normal() 

normals_estimation.setKSearch(10) 

normals_estimation.compute(normals) 

 

# Estimate the Cylinder based on RANSAC 

seg = pcl.segmentation.SACSegmentationFromNormals.PointXYZ_Normal() 

extract = pcl.filters.ExtractIndices.PointXYZ() 

extract.setInputCloud(point_cloud) 

seg.setOptimizeCoefficients(True) 

seg.setModelType(pcl.sample_consensus.SACMODEL_CYLINDER) 

seg.setMethodType (pcl.sample_consensus.SAC_RANSAC) 

seg.setNormalDistanceWeight (0.5) 

seg.setMaxIterations (10000) 

seg.setDistanceThreshold (0.5) 

seg.setInputNormals(normals) 

seg.setRadiusLimits (0.01, 1.0) 

inliers_cylinder = pcl.PointIndices() 

coefficients_cylinder = pcl.ModelCoefficients() 

out_cylinder = pcl.PointCloud.PointXYZ() 

seg.segment(inliers_cylinder,coefficients_cylinder) 

 

The output from this process is a collection of cylinders. Each cylinder consists of points 

extracted from the input point cloud and has seven model coefficients associated with it. These 

variables are listed below in Table 4.1.  
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Table 4.1. Cylinder model coefficients. 

Coefficients  Description  

X  X coordinate of a point located on cylinder axis 

Y Y coordinate of a point located on cylinder axis 

Z Z coordinate of a point located on cylinder axis 

X Axis X coordinate of cylinder’s axis direction (unit vector) 

Y Axis Y coordinate of cylinder’s axis direction (unit vector) 

Z Axis Z coordinate of cylinder’s axis direction (unit vector) 

Radius The cylinder’s radius 

 

Following the extraction of all cylinders identified as potential conductors, the cylinders 

for the potential poles are extracted. Figure 4.7 provides an overview of procedures for extracting 

the poles.  

 

Figure 4.7. High-level workflow to process poles. 

 

 RANSAC process for extracting the poles is very similar to the process used for 

extracting the conductors except for the axle angle of the cylinders. This process uses the input 
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LAS file without the height filtering since points representing the poles are anchored to the 

ground. The points within the buffered polygons of lines detected from Hough transform are 

selected for RANSAC process. The conductor extraction process looks for slant cylinders, and 

the pole cylinder extraction process focuses on vertical cylinders.  Defining the Eigen vector 

angle for each vertical cylinder and setting it as a parameter for model is important to extract the 

cylinders. 

 The code to search for vertical cylinder is given below: 

 # Setting the eigen vector for vertical cylinder 

    eigen = np.array([0,0,1], "f") 

    vec = pclpy.pcl.vectors.VectorXf(eigen)         

    seg.setAxis(eigen) 

     seg.setEpsAngle(0.5) 

 In the conductor extraction process, we obtain cylinders that may include vegetation. In 

contrast, during the extraction process for the poles, not only the tree trunks but also other 

vertical features may be extracted along with poles. Therefore, it is necessary to classify the 

extracted features to an appropriate class (conductors or poles) based on the characteristics of 

points within the extracted cylinder and the overall geometric attributes of the cylinder itself. The 

classification process will also remove the linear features that are misidentified as potential 

conductor or poles in this step.    

4.5 Classification of the points  

Cylinders obtained after the RANSAC process contain both the electrical features 

(conductors and poles) and the non-electrical features (e.g. vegetation, tree trunks). Once the 
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candidate cylinders are obtained, the first step is to create a training dataset by identifying them 

manually as either electrical or non-electrical features. This training dataset is fed to the 

supervised binary classification models. Each cylinder contains a collection of LiDAR points 

with specific characteristic values. Each cylinder’s characteristic values are summarized and 

tabulated in Table 4.2. They will be used as parameters for the classification process and the 

description of these parameters for each cylinder are also given in Table 4.2. 

Apart from the x, y, and z coordinates of the points within the cylinder, intensity values 

of these points have significant importance for classification. As shown in earlier sections of the 

methodology chapter, conductors usually have lower intensity value than vegetation points, and 

as a result, advanced statistical metrics such as mean, standard deviation, skewness, and kurtosis 

of the intensity are useful for analysis.   

Table 4.2. Cylinder parameters obtained from RANSAC processing.  

Parameter Description 

Mean Mean value of intensity. 

Std Standard deviation of intensity value for a given cylinder. 

Q25 25% quartile value of intensity. 

Q76 75% quartile value of intensity. 

IQR Interquartile range of the intensity values. 

Skew Skewness value of intensity for each cylinder. 

Kurt Kurtosis value of intensity for each cylinder. 

Cnt Number of points for each cylinder. 

Dist The length of the cylinder. 

Ratio The ratio of the length of the cylinder to the count of points.  

LC Leaf count for 1 X 1m voxels created for each cylinder using octree. 

TD Tree depth of 1 X 1 m voxels created for each cylinder using octree. 

BC Branch count of 1 X 1 m voxels created for each cylinder using octree. 

VD  Voxel Density is number of voxels divided by the total number of points 

in each cylinder. 

MaxV Voxel with the maximum number of points for a given cylinder. 

IQRV Interquartile range of the voxel counts (Number of points for each voxel) 

for a given cylinder.  
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Since the point cloud is in 3D, the cylinder points can be modeled as a collection of 

voxels. A voxel represents a regular cube in a three-dimensional space. Voxels are created for 

each extracted cylinder using octree data structure. Octrees are used to partition a three-

dimensional space by recursively subdividing it into eight octants.  A voxel is created in an 

octant only if a point is located in that space. There are several different properties of a cylinder 

partitioned into voxels using octree (e.g. voxel density, leaf count, tree depth, branch count) that 

can be used to classify a feature as either electrical or non-electrical. For example, a voxel that 

encapsulates a tree will contain greater number of points than a voxel that encapsulates a 

conductor. Figure 4.8 displays a cylinder partitioned to 1 x 1 meter voxels using octree data 

structure.  

 

Figure 4.8. Slant cylinder illustrated with voxels created using octree data structure. 
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Parameters obtained for the cylinders are then analyzed for pair-wise correlation to 

remove those that are highly correlated in order to improve the supervised classification. In 

Figure 4.9, the pair-wise correlation of the cylinder parameters for conductors is given and 

Figure 4.10 provides the pair-wise correlation of the cylinder parameters for poles.  

 

Figure 4.9. Correlation matrix of variables for cylinders extracted for conductors. 



 

42 

 

The lighter color shades indicate positive correlation and darker color shades in the 

figures specify negative correlation. The variables that are highly correlated (positive or 

negative) with other variables are removed from subsequent analysis. For example, mean and std 

are retained, whereas q25, q75, and iqr are discarded. Similarly,  LC, TD, BC, MaxV, and IQRV 

are discarded and while VD is retained for subsequent analysis. 

 
Figure 4.10. Correlation matrix of variables for cylinders extracted for poles. 
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The final list of parameters retained for the classification analysis is as follows: mean, std, skew, 

kurt, cnt, dist, and VD.  

4.6 Machine learning classification 

Data obtained in the previous section is fed into several different machine learning 

algorithms for binary classification.  Once all the cylinders have been classified as either 

conductors/non-conductors or poles/non-poles, the machine learning algorithms are trained with 

80% of the data and the remaining 20% of the data is employed to test the classification. 

Algorithms listed in the Table 4.3 are used to perform the supervised binary classification of the 

candidate cylinders.  

Table 4.3. Models used to perform the supervised classification of candidate cylinders.  

Model 

Logistic Regression 

Decision Tree 

Support Vector Machine 

Linear Discriminant Analysis 

Quadratic Discriminant Analysis 

Random Forest 

K-Nearest Neighbors 

Bayes 

Neural Network 

Tensor Flow Neural Network 

 

Logistic regression or logit regression is a widely used statistical binary regression 

model, which has a dependent variable with two possible outcomes (e.g., yes/no, pass/fail). The 

logistic function is sigmoid function as shown in Figure 4.11, which outputs a value between 0 

and 1. Mathematical formulation of a logistic regression is given below: 
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Where    is the x-value of the sigmoid midpoint, L is the curve’s maximum value, and k is the 

steepness of the curve. A threshold will then be used to assign the output as either 0 or 1. 

 

Figure 4.11. Logistic regression sigmoid function. 

 

Decision tree classifier splits the sample observations of the dependent variable in a top-

down binary recursive tree by partitioning relevant independent variables. The branches are split 

such that resulting sub-groups are as homogeneous as possible as shown in Figure 4.12. Random 

forest classifier is also a tree-based classifier; however, the tree is built with a random sample 

drawn from the data with replacement.  
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Figure 4.12. Sample decision tree for binary classification. 

 

Support Vector machine classifies the data (see Figure 4.13) by finding the best 

hyperplane that separates all data points into different classes.   

 

 

Figure 4.13. Support vectors classify the data along a hyperplane. 
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Linear Discriminant and Quadratic Discriminant Analysis (see Figure 4.14 and Figure 

4.15 respectively) classifiers work to reduce the dimensionality in data such that input data is 

projected in a subspace which maximizes the separation between classes. As the names suggest, 

linear boundary separates the data into classes in the Linear Discriminant Analysis, whereas 

quadratic boundary separates the data into classes in the Quadratic Discriminant Analysis.  

 

Figure 4.14. Linear Discriminant Analysis 

model 

 

Figure 4.15. Quadratic Discriminant Analysis 

model 

 

K-nearest neighbor classification is performed based on majority vote of nearest 

neighbors for each point (i.e. a point is assigned to a class with most representatives within its 

nearest neighbors).  

Naïve Bayes, a probabilistic classifier that is based on Bayes Theorem, classifies data 

based on a priori probability of data belonging to a particular class with the assumption of 

independence (i.e. a point classified in a class is unrelated to presence of other points within the 

same class).  

Class A 

Class B Class A 

Class B 
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Neural network based on a deep learning classification contains many connected units or 

neurons to perform a task on data. Each unit has input weights that influence choice, and an 

output that is fed to other neurons. Several units are combined to form layers, which are inter-

connected to perform transformations of data to perform analysis. Neural network utilizes cost 

function such as least squares or cross-entropy to arrive at better predictions for the data. While 

neural network requires an activation function (determine outputs based on inputs), such as 

softmax or Relu to perform classification, Tensor flow classification does not require an 

activation function.  

4.7 Accuracy Assessment 

Metrics that assess the performance of a classifier are accuracy, precision, and recall.  

These can be defined by four different values, true positive (TP), true negative (TN), false 

positive (FP), and false negative (FN). 

          
                             

                           
  

         
     

            
 

          
  

     
 

       
  

     
 

 

Precision is a measure of result relevancy, in order words how many selected cylinders 

are electric features. Recall is a measure of how many truly relevant results are returned by the 
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classifier, in order words how many relevant cylinders are classified as electric features. A high 

precision indicates more relevant features are returned than irrelevant features and a high recall 

indicates most of the relevant features are returned by the classifier.  

In summary, this chapter has provided the detailed methodology used in the study to 

detect, extract, and classify powerline features. The performance of different binary classifiers 

was assessed for their accuracy to classify the extracted cylinders as electrical features. The next 

chapter discusses the results obtained from the algorithms described in the methodology.  
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CHAPTER 5 

RESULTS AND DISCUSSION 

The procedures described in the methodology chapter have been applied to both Photon 

LiDAR data from Florida and North Carolina, and linear-mode LIDAR sample data from Texas. 

In this chapter, detailed results of algorithms for feature detection, extraction and classification 

are provided for one representative sample Photon LIDAR tile. Results for each step in the 

workflow are provided in the subsequent sections.   

5.1 Filtering results 

The input sample tile is first filtered to separate the ground and building points from the 

point cloud. In addition, points with intensity value greater than 10,000 and height below 5 

meters are filtered out. The results obtained from the filtering process are given in detail in Table 

5.1.  After that, the point cloud is converted to a raster.  

Table 5.1. Step-wise process for filtering and creating raster. 

# Step Screen Snapshot 

1. Input tile 
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Table 5.1 (continued) 

# Step Screen Snapshot 

2. Ground and buildings points extracted 

from point cloud 

 

3. Tile after removing the ground and 

building points 

 

4. Tile after applying the elevation and 

intensity filter.  
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Table 5.1 (continued) 

# Step Screen Snapshot 

5. Converting the tile to a raster (image). 

 

 

In highly vegetated areas, it is necessary to filter vegetation points since RANSAC 

algorithm is likely to generate a large number of false positive values. The culling mechanism 

removes voxels with a point count greater than 20 points per voxel (1 meter cube). Figure 5.1 

displays an input tile with dense canopy and Figure 5.2 is the filtered point cloud after using the 

culling mechanism.   
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Figure 5.1. Input tile prior to any filtering  

 

Figure 5.2. Tile after filtering 

5.2 Hough transform for detecting lines 

Linear features (including conductors) are detected in the raster using the Hough 

transform. Table 5.2 display the results from the steps involved in feature detection process. 

Even though it generates a significant number of lines that are not conductors (false positives), 

probabilistic Hough transform is preferred over voting method since it captures all lines 

depicting conductors (minimizing false negatives). Once the lines are detected, these lines are 

converted to vectors and buffered by a distance of 1 meter. The points from the filtered point 

cloud are clipped to the buffered polygon to be used as input in the RANSAC method.  
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Table 5.2. Summary of the Hough transform process. 

# Step Screen Snapshot 

1. Hough transform performed on the 

raster to obtain lines. 

 

2. Extraction of the points intersecting 

with the buffer of the lines.  
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Table 5.2 (continued) 
# Step Screen Snapshot 

3. Filtered point cloud after applying the 

Hough transform.  

 

5.3 RANSAC method for extracting features 

Hough transform does not detect poles and is limited in the ability to model the catenary or sag 

of the conductors. RANSAC method is utilized to detect slant cylinders from the points in the 

vicinity of lines detected by Hough transform. Table 5.3 display the results from the steps 

involved in the RANSAC method.  

Table 5.3. RANSAC process for extracting slant cylinders in the point cloud. 

# Step Screen Snapshot 

1. Extracting the first cylinder in the point cloud. 
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Table 5.3 (continued) 
# Step Screen Snapshot 

2. Incrementally building the extracted cylinder 

features.   

 

3. All slant cylinders extracted from the dataset.  

 

4. Only conductor cylinders identified by 

excluding vegetation and other non-

conductor cylinders. 

 

Once all slant cylinders are extracted, vertical cylinders are further extracted by changing 

the cylinder axle angle parameter. The extraction of the potential poles is conducted by clipping 

unfiltered point cloud with the buffer of the lines detected by Hough transform. Since poles 
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extend from the conductor to the ground, it is required to remove the elevation filter.  The results 

from the steps involved in extracting poles cylinders are given in Table 5.4. 

Table 5.4. RANSAC process for extracting vertical cylinders in the point cloud. 

# Step Screen Snapshot 

1. Extracting all vertical cylinders in the dataset.  

 

2. Selecting only the poles from the vertical 

cylinders based on their proximity to the 

conductors.  

 

 

Each extracted cylinder contains points with distinctive intensity values and geometric 

properties such as length, radius, voxel density, and number of points. These parameters are 

analyzed for subsequent feature classification.  The values of individual cylinder parameter for 

the conductors extracted are given in Table 5.5 and those for the poles are given in Table 5.6 for 

a single sample tile in FL. 
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Table 5.5. Parameter values for each extracted cylinder (conductor) for a single tile in FL. 

type id mean std skew kurt cnt dist VD 

conductor 1 4141.066 1980.906 0.464 -0.325 502 502.917 0.683 

conductor 2 4228.839 1882.307 0.115 -0.371 602 500.048 0.668 

conductor 3 2232.344 1717.081 1.583 3.799 357 499.542 0.706 

conductor 4 2860.049 1627.485 0.679 0.708 307 447.808 0.658 

conductor 5 4598.789 1951.747 0.465 0.129 260 496.524 0.669 

conductor 6 2318.316 1643.873 1.297 2.741 250 440.778 0.684 

conductor 7 2795.216 1744.281 0.68 -0.014 259 442.509 0.622 

conductor 8 2161.779 1648.211 1.211 2.019 222 442.032 0.743 

conductor 9 4013.825 1904.622 0.189 -0.758 217 459.644 0.742 

conductor 10 4373.987 2030.456 0.158 -0.156 160 499.348 0.825 

conductor 11 1983.19 1525.418 0.939 0.543 174 422.685 0.718 

conductor 12 2020.757 1324.63 0.6 -0.327 152 502.902 0.776 

conductor 13 4759.674 2128.265 -0.021 -0.638 610 504.23 0.666 

conductor 14 847.391 625.055 0.934 0.67 46 47.477 0.652 

conductor 15 982 752.867 1.058 0.198 54 70.089 0.611 

conductor 16 4108.459 2441.57 0.404 -0.848 135 498.327 0.689 

conductor 17 4298.584 1915.767 0.213 -0.34 137 501.365 0.825 

conductor 18 4683.13 1978.198 0.375 -0.21 131 408.192 0.74 

non-conductor 19 5175.324 2853.979 -0.012 -1.259 179 493.561 0.726 

non-conductor 20 4909.329 2697.774 0.017 -0.953 140 446.46 0.686 

non-conductor 21 3256.734 2907.259 0.701 -0.851 124 485.397 0.75 

non-conductor 22 4441.109 2800.016 0.289 -1.057 128 470.521 0.688 

non-conductor 23 5482.762 2577.774 -0.313 -0.854 122 193.426 0.762 

non-conductor 24 5395.437 2765.047 -0.162 -1.161 165 429.799 0.679 

non-conductor 25 3951.876 2805.432 0.423 -1.104 129 472.324 0.705 

non-conductor 26 5912.708 2913.579 -0.422 -1.084 130 426.81 0.754 

non-conductor 27 4183.545 2705.236 0.155 -0.973 123 467.837 0.691 

non-conductor 28 4448.345 2457.874 0.187 -1.052 116 449.241 0.698 

non-conductor 29 4159.227 2812.863 0.318 -1.045 132 395.69 0.674 

non-conductor 30 5990.75 2693.931 -0.405 -0.774 120 498.129 0.75 

non-conductor 31 5347.022 2721.67 -0.144 -0.942 138 416.905 0.703 
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Table 5.6. Parameter values for each extracted cylinder (pole) for a single tile in FL. 

label id mean std skew kurt cnt dist VD 

pole 1 4331.5 2961.933 0.336 -1.245 64 48.011 0.688 

pole 2 5987.581 2618.181 -0.348 -0.821 93 51.495 0.667 

pole 3 4274.804 2847.417 0.86 -0.682 56 43.582 0.625 

pole 4 5317.491 2851.688 -0.089 -1.218 53 38.823 0.755 

pole 5 2615.459 2259.085 1.44 1.934 37 27.677 0.676 

pole 10 4658.313 2722.359 0.303 -1.077 67 44.876 0.851 

pole 11 3716.9 2155.496 0.479 -0.077 60 31.316 0.617 

pole 12 3046.289 2205.906 1.068 0.764 45 34.933 0.711 

pole 6 4620.931 2676.322 0.176 -0.992 87 46.356 0.644 

pole 7 3700.219 2240.496 0.693 -0.131 465 84.85 0.52 

pole 8 4651.918 2497.586 0.069 -0.946 331 78.934 0.568 

pole 9 5349.865 2280.429 -0.085 -0.428 104 46.424 0.529 

non-pole 11 5756.057 2916.023 -0.328 -1.136 105 30.388 0.657 

non-pole 12 4190.368 2924.226 0.35 -1.126 68 31.274 0.676 

non-pole 13 5654.292 2762.143 -0.034 -1.271 161 34.103 0.615 

non-pole 15 4857.825 2673.745 0.277 -1.144 63 21.653 0.587 

non-pole 18 5582.111 2825.719 -0.174 -1.16 45 41.301 0.733 

non-pole 19 5350.86 2737.478 -0.333 -0.908 86 38.181 0.709 

non-pole 20 4677.628 2873.349 0.091 -1.149 121 42.244 0.678 

non-pole 22 5128.214 2701.599 -0.222 -1.059 42 16.78 0.762 

non-pole 23 6000.322 2756.674 -0.603 -0.719 152 23.963 0.526 

non-pole 24 4819.722 2655.921 -0.161 -1.259 54 32.683 0.667 

non-pole 25 3368.058 2957.333 0.656 -0.92 52 38.347 0.788 

non-pole 14 4630.057 2276.448 0.03 -0.834 140 31.467 0.593 

non-pole 16 3938.274 2580.74 0.568 -0.744 135 37.28 0.615 

non-pole 17 5720.448 2432.725 -0.153 -0.736 125 54.748 0.656 

non-pole 21 4369.242 2392.809 0.345 -0.628 66 49.167 0.667 

 

Each extracted slant and vertical cylinder is categorized as conductor/non-conductor, and 

pole/non-pole using manual verification. The manual labeling of the cylinders is necessary for 

creating the training dataset that will be utilized for the subsequent binary classification. Analysis 

of the training dataset provides some patterns for electrical and non-electrical features.  

Histograms for the intensity value of extracted points for the conductor cylinders are displayed in 
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Figure 5.3, and those for the non-conductor cylinders are displayed in Figure 5.4. Furthermore, 

histograms for intensity values of extracted points for the pole cylinders are displayed in Figure 

5.5 and those for non-pole cylinders are displayed in Figure 5.6.  

   

   

   

   

Figure 5.3. Histograms (a-r) for intensity values of conductors extracted from the sample tile. 
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Figure 5.3 (continued) 

   

   

Figure 5.4. Histograms (a–m) for intensity values of non-conductors extracted from the sample 

tile. 
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Figure 5.4 (continued) 

 

   

   
Figure 5.5. Histograms (a-l) for intensity values of poles extracted from the sample tile in FL. 
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Figure 5.5 (continued) 

 

   

   

   

Figure 5.6. Histograms (a-o) for intensity values of non-poles extracted from the sample tile. 
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Figure 5.6 (continued) 

 

Statistics of slant cylinders for all sample tiles from Florida and North Carolina are given 

in Table 5.7. While the average values for various metrics is very different for each area, the 

variation can be attributed to the specific sensor utilized to capture the data. The overall trend for 

variation is consistent for conductors and poles. Statistics of vertical cylinders for all sample tiles 

in Florida and North Carolina are given in Table 5.8. Statistics of vertical cylinders extracted 

from  

Table 5.7. Statistics of slant cylinders extracted from all tiles 

 

 

 Average values  

 

label 

Cylinder 

Count mean std skew kurt cnt len VD 

FL non-conductors 259 4187.843 2189.572 0.092 -0.797 50 31.147 0.745 

conductors 141 3406.404 1737.675 0.493 0.051 241 120.739 0.710 

NC non-conductors 215 7666.664 1581.305 -0.631 -0.227 367 280.936 0.826 

conductors 285 7642.138 1547.796 -0.646 -0.095 163 256.609 0.783 
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Table 5.8. Statistics of vertical cylinders extracted from all tiles 

 

 

 Average values  

 

label 

Cylinder 

Count mean std skew kurt cnt len VD 

FL non-poles 354 4838.034 2452.675 0.025 -0.689 57 31.946 0.680 

poles 65 4463.468 2354.636 0.195 -0.520 119 43.737 0.592 

NC non-poles 167 7620.716 1580.031 -0.593 -0.322 52 43.591 0.792 

poles 51 7670.650 1501.356 -0.571 -0.292 61 59.242 0.806 

 

The following can be inferred regarding the data after analyzing the histogram of 

intensity and summary statistics: 

 Electric features (conductors and poles) in general had a lower mean and lower standard 

deviation than non-electric features 

 Electric features are positively skewed and have a higher kurtosis value 

 Vegetation features have a higher mean and standard deviation than electric features 

 Vegetation features are negatively skewed and have a kurtosis value lower than electric 

features 

5.4 Verification of extracted feature counts 

Secondary data sources such as aerial imagery and Google Street View © were used to 

count the number of poles located in the field. These counts were matched with the numbers of 

poles extracted using the RANSAC process. For 8 sample tiles processed in Florida, one pole 

was missed in the LiDAR point cloud and one pole was missed in the feature extraction process 

using RANSAC. Table 5.9 provides summary of poles verified using secondary sources of data. 
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Table 5.9. Summary of poles in the field versus poles extracted by RANSAC algorithm. 

Tile Total 

number of 

poles on 

ground 

Number of 

poles 

extracted 

Missed pole 

in LiDAR 

point cloud 

Missed pole 

after 

RANSAC 

method 

745-845 2 2   

745-850 10 10   

750-845 8 8   

750-850 18 16 1 1 

755-845 4 4   

755-850 6 6   

800-845 11 11   

800-850 8 8   

 

The validation is not performed for conductors, since the counting process is 

complicated. Due to the presence of multiple electric circuits and third party attachments 

(telecom and cables wires), it is cumbersome to delineate a specific conductor. A vertical 

cylinder represents a specific pole. However, several slant cylinders can model a single 

conductor or one slant cylinder can contain multiple conductors (wires). Therefore, the 

effectiveness of RANSAC extraction is best measured by counting the poles in the field and 

comparing it with the results obtained. 
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5.5 Results for the sample tiles in Florida 

Table 5.10 provides visuals of the input point cloud and the extracted cylinders 

categorized as electrical features for each sample tile in Florida.  

Table 5.10. Input tile and extracted features for each tile for FL. 

# Input point cloud Extracted conductors and poles 

1. 

  

2. 

  

3. 
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Table 5.10 (continued) 

# Input point cloud Extracted conductors and poles 

4. 

  

5. 

  

6. 
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5.6 Results for the sample tiles in North Carolina 

Table 5.11 provides a visual representation of input point cloud and the extracted 

electrical features for tiles in North Carolina. There are a greater number of tiles from Raleigh, 

NC since the input tiles were subdivided for ease of processing. 

Table 5.11. Input tile and extracted features for each tile from NC. 

# Input point cloud  Extracted conductors and poles 

1. 

  

2. 
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Table 5.11 (continued) 

# Input point cloud  Extracted conductors and poles 

3. 

  

4. 

  

5. 

  



 

70 

Table 5.11 (continued) 

# Input point cloud  Extracted conductors and poles 

6. 

  

7. 

  

8. 
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Table 5.11 (continued) 

# Input point cloud  Extracted conductors and poles 

9. 

  

10. 

  

11. 
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Table 5.11 (continued) 

# Input point cloud  Extracted conductors and poles 

12. 

  

13. 

  

14. 
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Table 5.11 (continued) 

# Input point cloud  Extracted conductors and poles 

15. 

  

16. 

  

5.7 Linear-mode LiDAR processing 

A sample tile from Irving, TX was processed to obtain electrical features to compare the 

results from linear-mode LIDAR with Photon LiDAR. Since the point density for linear-mode 

data is low at 2.25 ppm, the point cloud is converted to raster for processing using Hough 

transform without any filtering of points. The elevation raster obtained from point cloud is 

shown in Figure 5.7. Results of Hough transform using voting and probabilistic method are 

displayed in Figure 5.8 and Figure 5.9, respectively.   
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The voting method has several false negative values in the upper right corner. In contrast, 

the probabilistic method has several false positive values in the lower left corner. Just like in the 

Photon mode analysis, it is critical to not miss potential conductors at this stage. Therefore, it is 

essential to pick a method that minimizes false negative values and consequently, probabilistic 

Hough transform results are selected for further processing. Lines from the probabilistic method 

are buffered by a distance of 1 meter and input LiDAR points are clipped from the buffer to 

provide as an input to the RANSAC method for feature extraction.  

 

Figure 5.7.  Point cloud converted to an elevation raster. 
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Figure 5.8. Lines detected using Hough 

transform (voting method). 

 

Figure 5.9. Lines detected using 

probabilistic Hough transform.  

 

Extracted conductor features from RANSAC method are displayed in Figure 5.10. Figure 

5.11 shows the extracted poles from the tile. The number of distribution poles extracted in the 

linear-mode is significantly less than that of transmission poles.  
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Figure 5.10. Extracted conductors from linear-mode LiDAR using RANSAC method. 

 

 

Figure 5.11. Extracted poles from linear-mode LIDAR using RANSAC method. 

The difference in feature counts is further analyzed by looking at the profile view of 

lines.  As can be seen in Figure 5.12, there are sufficient points representing transmission 

structures (pylons and H-frame), whereas Figure 5.13 shows very few points representing 

distribution lines.   
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Figure 5.12. Profile View of transmission line from linear-mode LiDAR. 

 

 

Figure 5.13. Profile View of distribution line from linear-mode LiDAR. 

 

In summary, linear-mode LIDAR due to the limited point density (2.25 ppm) does not 

have the required resolution to extract poles for distribution lines. However, the algorithm is 

effective in extracting conductors for both transmission and distribution lines. No classification 

was performed for the extracted cylinders from linear mode since very few poles were extracted.  
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5.8 Binary classification results 

As described in the methodology section, the candidate cylinders are subject to binary 

classification using a variety of machine learning algorithms. The results of the classification for 

the poles in the Florida study area are listed in Table 5.12 and poles in the North Carolina study 

area are listed in Table 5.13. 

Table 5.12. Binary classification results for candidate vertical cylinders in FL data. 

Model Accuracy Precision Recall 

Logistic Regression 97.59% 98.63% 91.67% 

Decision Tree 91.32% 83.38% 85.31% 

Support Vector Machine 84.87% 42.43% 50.00% 

Linear Discriminant Analysis 94.30% 94.47% 84.05% 

Quadratic Discriminant Analysis 92.82% 89.91% 84.49% 

Random Forest 94.06% 92.92% 82.14% 

K-Nearest Neighbors 83.30% 55.93% 55.21% 

Bayes 92.58% 91.36% 81.95% 

Neural Network 96.39% 93.63% 90.21% 

Tensor Flow Neural Network 95.18% 87.59% 73.33% 

 

Table 5.13. Binary classification results for candidate vertical cylinders in NC data. 

Model Accuracy Precision Recall 

Logistic Regression 94.04% 88.67% 80.65% 

Decision Tree 90.98% 81.23% 83.93% 

Support Vector Machine 85.17% 42.59% 50.00% 

Linear Discriminant Analysis 92.82% 82.14% 81.26% 

Quadratic Discriminant Analysis 92.27% 83.06% 80.93% 

Random Forest 94.31% 86.61% 82.40% 

K-Nearest Neighbors 82.45% 51.86% 53.61% 

Bayes 92.30% 81.31% 79.20% 

Neural Network 90.70% 90.45% 85.89% 

Tensor Flow Neural Network 90.70% 81.40% 79.82% 
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The results of the classification for conductors in the Florida study area are listed in Table 5.14, 

and those in the North Carolina study area are listed in  

Table 5.15.  

Table 5.14. Binary classification results for candidate slant cylinders in FL data. 

Model Accuracy Precision Recall 

Logistic Regression 96.43% 96.43% 96.67% 

Decision Tree 88.69% 90.96% 88.54% 

Support Vector Machine 51.07% 25.54% 50.00% 

Linear Discriminant Analysis 93.36% 94.54% 93.13% 

Quadratic Discriminant Analysis 93.66% 94.63% 93.54% 

Random Forest 90.57% 92.71% 90.42% 

K-Nearest Neighbors 82.98% 83.92% 82.71% 

Bayes 85.68% 88.33% 85.63% 

Neural Network 94.44% 95.45% 93.75% 

Tensor Flow Neural Network 91.67% 94.12% 88.89% 

 

Table 5.15. Binary classification results for candidate slant cylinders in NC data. 

Model Accuracy Precision Recall 

Logistic Regression 75.66% 76.18% 75.58% 

Decision Tree 71.80% 73.51% 71.65% 

Support Vector Machine 51.00% 25.50% 50.00% 

Linear Discriminant Analysis 83.62% 84.78% 83.53% 

Quadratic Discriminant Analysis 84.35% 85.67% 84.24% 

Random Forest 84.64% 85.74% 84.46% 

K-Nearest Neighbors 65.10% 65.62% 65.00% 

Bayes 77.60% 79.46% 77.46% 

Neural Network 84.62% 84.72% 84.44% 

Tensor Flow Neural Network 86.57% 92.86% 78.79% 

 

Logistic Regression, Linear Discriminant Analysis and Random Forest algorithms 

provide consistent superior results for binary classification.  Support Vector Machines and K-

Nearest Neighbors algorithms fared very poorly in the classification. A plausible reason could be 

the category of classification (i.e. binary versus multi-class classification). Deep learning 
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algorithms (Neural Network and Tensor Flow) returned consistent results for both the conductors 

and poles. Tensor Flow algorithm not only returned the highest accuracy rate, but it also returned 

the highest precision rate for the conductors in North Carolina dataset.  

The accuracy values are greater than 96% for conductors and poles in the Florida study 

area. While the classification accuracy for the poles in the North Carolina study area is more than 

94%, but that for poles it is as low as 86.57%. The decrease in the accuracy rate for the 

conductors can clearly be attributed to the dense canopy in the sample dataset. Analysis of 

intensity value statistics indicate only slight differences for the parameter values used in 

classification.  
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CHAPTER 6 

SUMMARY AND CONCLUSION 

6.1 Improved method for extracting powerline features 

Remote sensing technologies are a critical component for managing utility infrastructure. 

Utilities rely on GIS data and applications for planning, engineering design, operations, severe 

weather response, disaster management, and many more use cases. LiDAR offers cost effective 

and scalable solutions to many of the utility use cases.  Due to the advances in technology, 

Photon LiDAR can capture data at a much faster rate and from a higher elevation than linear-

mode LiDAR. However, the high density of Photon LiDAR point clouds presents a challenge for 

feature detection and extraction.  

This research study presents an integrated approach for detecting and extracting 

powerline features from highly dense 3D point clouds. The method involves selectively filtering 

the point clouds to make it efficient and effective for Hough transform to detect features and 

RANSAC algorithm to extract target features. Once the candidate points have been identified, 

machine learning algorithms are employed to classify the points to specified targets, namely 

conductors and poles, with high levels of accuracy, precision, and recall. 

The method proposed in the study filters the point clouds by removing ground and 

building points. Points below a certain elevation threshold are then removed from the point 

cloud.  Points above a certain intensity threshold are also filtered based on values derived from 

sample observations. Hough transform detects conductor lines from rasters derived from 3D 

point cloud. The lines detected are then buffered and LiDAR points within the buffers are 

extracted for the subsequent process.  
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RANSAC algorithm is used to extract slant cylinders for conductors and vertical 

cylinders for poles. The parameters of the RANSAC algorithm are fine-tuned based on the 

terrain. Highly vegetated areas require the pre-processing of the point clouds using culling 

method, in which voxels having point density higher than a threshold are removed. This culling 

method is critical for the success of the RANSAC algorithm that detects cylinders. Once all the 

slant cylinders (conductors) and vertical cylinders (poles) are extracted, a set of statistics are 

derived for each cylinder.  

While previous studies have exclusively used point elevation for feature extraction, this 

study uses point intensity statistics (e.g., mean, standard deviation, skewness and kurtosis) for 

analysis. Properties of extracted cylinders, such as the number of points defining the cylinder, the 

radius, the voxel density of the cylinder, and length of the cylinder, are used for supervised 

binary classification using machine learning algorithms.  Table 6.1. summarizes the best 

accuracy rate obtained for conductors and poles for each sample area and lists the model that 

achieved the best accuracy.  

Table 6.1. Summary of best performing model for binary classification. 

Area Model Accuracy Precision Recall 

FL Poles Logistic Regression 97.59% 98.63% 91.67% 

FL Conductors Logistic Regression 96.43% 96.43% 96.67% 

NC Poles Random Forest 94.31% 86.61% 82.40% 

NC Conductors Tensor Flow Neural Network 86.57% 92.86% 78.79% 

 

The accuracy levels achieved by previous studies for transmission lines have been now 

achieved for distribution lines in this study. The precision and recall rates are better than what 

have been previously published in the literature. Improved accuracy is due to high point density 
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of the Photo LiDAR data and high quality candidates for classification obtained using the 

integrated feature detection and extraction method. 

  This method effectively detects both the transmission and distribution features 

(conductors and poles) as shown in Figure 6.1. The sag in the conductor is well modeled by the 

slant cylinders extracted by the RANSAC method as shown in Figure 6.2.  Pole features can 

easily be separated from other vertical cylinders such as tree trunks based on the results obtained 

from classification.  

 
a)  

 
b)  

Figure 6.1. a) Input tile and b) Features extracted for transmission and distribution lines in urban 

area. 

 

 
a) 

 
b) 

Figure 6.2. a) Input tile and b) Features extracted for transmission and distribution lines in urban 

area. 
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The method is also proven to work for transmission lines in highly vegetated areas as 

shown in Figure 6.3 and for distribution lines as shown in Figure 6.4. 

 
a) 

 
b) 

Figure 6.3. a) Input tile and b) Features extracted for transmission lines.  

 

 
a) 

 
b) 

Figure 6.4. a) Input tile and b) Features extracted for distribution lines. 

 

All techniques for detection, extraction and classification were performed using python 

scripts and the process was automated end-to-end. The scripts were developed to be parameter-

driven based on the specific terrain. However, creation of the training dataset for the binary 

classification is a manual effort. Cylinders were visually inspected and labeled as 

conductors/non-conductors and poles/non-poles prior to supervised classification.   
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6.2 Recommendation for future study 

1) The Hough transform can be further improved to reduce the large number of false 

positive values generated. Even though bulk of feature extraction was performed using 

RANSAC method, Hough transform greatly improved the computation efficiency when 

processing data in highly vegetated areas like the study area in Raleigh, NC. Without the 

preliminary processing by a line detection algorithm, the RANSAC algorithm would be 

computationally very expensive and would generate a larger number of false positive 

values. 

2) Statistics generated from the cylinder were the primary variables used in the machine 

learning models.  Intensity statistics including mean, standard deviation, skewness, 

kurtosis, and point distribution statistics such as voxel density, length and count of points 

for each cylinder were used in analysis. Advanced properties such as normalized eigen 

values, linearity, scattering, omnivariance, and change of curvature could be additional 

parameters for future research. 

3) This study obtained best results for binary classification using Logistic Regression, 

Random Forest, and Tensor flow machine learning algorithms. Several other algorithms, 

including Support Vector Machine, K-Nearest Neighbors, Decision Trees, and Bayes, 

provided less accurate results. Further research is needed to analyze the variation in 

results due to classification model selection.  

4) RANSAC algorithm was executed using the python implementation of the Point Cloud 

Library (http://pcl.org). The python interface has a limitation in the total number of points 

during calculation of the normals based on the k-nearest neighbors in the point cloud.  
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The algorithm to extract the primitive shapes was also restrictive due to the 

computational limitation of the programming paradigm. A more efficient library, perhaps 

an implementation in C++, could alleviate some of the limitations of the python interface. 

5) RANSAC algorithm seems to perform well for both transmission and distribution assets 

at the slant and vertical cylinder approximations of conductors and poles, respectively. 

The study did not include standalone electrical assets such as Street light Standards or 

Guard light Standards.  This study did not detect features for service lines or secondary 

conductors. A secondary conductor or service line is a wire that connects transformer to a 

customer premise. The shape of a secondary conductor is quite different from a primary 

conductor (which runs from pole to pole). A secondary conductor usually starts from a 

higher point in the pole to a lower service point. As a result, cylinder fitting models may 

not be able to sufficiently capture the shape of the wire.  

  



 

87 

APPENDIX  

DEFINITIONS 

1. LiDAR: Light Detection and Ranging 

2. Photon LiDAR: also known as photo-counting LiDAR, including Geiger-mode LiDAR 

and Single Photon LiDAR (SPL). These are LiDAR systems using extremely sensitive 

detectors that can be triggered by a single photon, as opposed to hundreds or thousands of 

detected photons per ranging measurement for conventional linear-mode LiDAR.  Since 

only a single photon is required to trigger a measurement, these systems can operate at 

much higher altitudes with a relatively narrow (typically 500ps) pulse.  

3. Linear-mode LiDAR: A conventional LiDAR system which is called linear-mode 

because it (generally) only has a single aperture, and so can only measure distance along 

a single vector at any point in time. Each detector is often triggered by hundreds or 

thousands of detected 

4. Transmission Lines: These are electrical conductors which conduct electricity from the 

power station to the substation. The voltage in these lines is typically 69 kV and above. 

The transmission lines are 15 to 55 m above ground level.  

5. Distribution Lines: These are electrical conductors which conduct electricity from the 

substation to the meters in the homes and offices. The voltage in these lines is lower than 

69 kV. The distribution lines are typically below 15 m above ground level.  

6. Pylon: Transmission structures that supports conductors (wire) 

7. Street Light Standard: The structure or pole which supports the Street Light. 
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