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Abstract 

Regular inspection and documentation for railway assets are necessary to monitor the status of 

the traffic environment. Mobile Laser Scanning (MLS) makes it possible to collect highly 

accurate spatial information of railway environments in the form of point cloud, and an 

automatic method to extract interested objects from the point cloud is needed to avoid too much 

manual work. 

In this project, point cloud along a railway in Saltsjöbanan was collected by MLS and processed 

to extract interested objects from it. The main purpose of the project is to develop a workflow 

for automatic extraction of masts of overhead supply and street lights from the study area. 

Researchers have proposed various methods for object extraction, such as model-based method, 

shape-based method, semantic method, and machine learning method recently. Different 

methods were reviewed and Support Vector Machine was chosen for the classification. Several 

softwares were reviewed as well. TerraScan and CloudCompare were chosen for pre-processing, 

and the major part was done in MATLAB. 

The proposed method consists of 4 steps: pre-processing, voxelization and segmentation, 

feature computation, classification and validation. The method calculates features to describe 

every object segmented from the point cloud and learns from the manually classified objects to 

train a classifier.  

The study area was divided into training data and validating data. The SVM classifier was 

trained using training data and evaluated using validating data. 

In the classification, 90.84% of the masts and 67.65% of the lights were correctly classified. 

There was some object loss during the step of pre-processing and segmentation. When including 

the loss from the pre-processing and segmentation step, 87.5% of the masts and 53.49% of the 

lights were successfully detected. The street lights have more various outlook and more 

complicated surrounding environment, which caused a relatively low accuracy. 
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Sammanfattning 

Regelbunden inspektion och dokumentation för järnvägstillgångar är nödvändig för att 

övervaka trafikmiljön. Mobil Laser Scanning (MLS) gör det möjligt att samla in mycket exakt 

geografisk information om järnvägsmiljöer i form av punktmoln och en automatisk metod för 

att extrahera intresserade objekt från punktmoln är nödvändigt för att undvika för mycket 

manuellt arbete. 

I det här projektet samlades punktmoln längs en järnväg i Saltsjöbanan av MLS och bearbetades 

för att extrahera intresserade objekt från den. Huvudsyftet med projektet är att utveckla ett 

arbetsflöde för automatisk utvinning av kontaktledningsstolpar och gatubelysningsstolpar från 

studieområdet. 

Forskare har nyligen föreslagit olika metoder för objektutvinning som baseras på modell, form, 

semantisk och maskininlärning. I detta arbete har flera olika metoder för objektutvinning 

undersökts och slutligen valdes Support Vector Machine (SVM) för klassificering. Ett antal 

tillgängliga programvaror har utvärderats. TerraScan och CloudCompare valdes för 

förbehandling, och huvuddelen gjordes i MATLAB. 

Den föreslagna metoden består av 4 steg: förbehandling, voxelisering och segmentering, 

funktionen beräkning, klassificering och validering. Metoden beräknar funktioner för att 

beskriva varje objekt segmenterat från punktmoln och lär ut från de manuellt klassificerade 

objekten för att träna en klassificerare.  

Studieområdet delades in i träningsdata och validering av data. SVM-klassificeraren utbildades 

med träningsdata och utvärderades genom att validera data. 

I klassificeringen klassificerades 90,84% av kontaktledningsstolparna och 67,65% av 

belysningsstolparna korrekt. Det fanns vissa förluster av objekt under förbehandling och 

segmentering. Inkluderat förlusten i förbehandling och segmentering upptäcktes 87,5% av 

kontaktledningsstolparna och 53,49% av belysningsstolparna korrekt. Det något sämre 

resultatet vid detektion av belysningsstolpar beror på att dessa är placerade i en svårare miljö 

med närhet till andra objekt och inte minst vegitation. Att automatiskt detektera objekt i sådan 

miljö baserat på enbart laserdata är svårt vilket medförde en relativt låg noggrannhet.  
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1. Introduction 

1.1 Background 

Railway transport plays an important role in public transport, and the positive impacts it creates 

to the society makes it irreplaceable. Comparing to road and air transport, travelling by train 

produces 3-10 times less CO2 on average, consumes less than 2% of the total transport energy 

consumption with the market share as over 8.5%, and requires much less land use per 

passenger-km due to its large capacity (CER and UIC, 2015). Despite the aforementioned 

merits, it is the safest form of transport and it is the best choice for long distance traffic (Agarwal, 

2018). 

Sweden has a network of 16 500 km of track in railway transport (Trafikverket, 2018), which 

connects Sweden’s important cities and makes transport between them more convenient and 

economic. To make the railway system more sustainable, it is necessary to do regular 

inspections and documentations on the railway assets, such as lights, masts of overhead supply, 

railway signs, to avoid defects that are likely to cause danger to the public and result in train 

delay. In the Great Britain passengers lost at least 3.6 million hours because of train delay and 

7.2 million passengers were affected in 2016/17 (Independent, 2017). Regular inspections and 

documentations to railway assets can help maintain the railway system in good condition by 

preventing problems from growing big, to maximize the advantages of using railway transport. 

Due to the rapid development of solid-state electronics, photonics and computer science, it has 

been possible to obtain accurate position of objects, buildings, and landscapes efficiently by 

using laser scanning system in the last two decades (Vosselman and Maas, 2010). Light 

Detection And Ranging (LiDAR) is applied in laser scanning system. The sensor transmits laser 

light and calculates the distance to a target by recording the reflection of the light (Stephen et 

al., 2005). The distance information (later be transformed into 3D coordinates), intensity of 

returned energy and other related information are stored in point clouds. 

Mobile laser scanning (MLS) is one type of widely used laser scanning systems nowadays. The 

equipment is mounted on a mobile platform, usually a vehicle, to collect detailed geospatial 

data along a pre-determined route. As MLS is more flexible comparing to other ways of laser 

scanning, it is normally applied to inspect and monitor the road elements and traffic 

environment on roads, railways, highways and tunnels (Wang, 2017),  

MLS helps to quickly map the railway area and thus this project was launched to try to find a 

method to automatically extract railway assets from the point cloud. The automatic extraction 

can help with the precise positioning and inspection of the railway assets, which would save 

people a lot of time comparing to manually check the condition in field, or to manually pick 

interested objects from the raw data. 

The dataset used in this project was the point cloud collected by MLS from Saltsjöbanan in 

Nacka, Stockholm. The purpose of the collection was for mapping the Saltsjöbanan for the asset 

management system. There are a lot of masts of overhead supply in the study area, and in some 

parts of the area there are some street lights. This thesis is to extract these interested objects 

from the point cloud. 
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1.2 Objectives 

The objective of this thesis is to find a method to extract masts of overhead supply and street 

lights automatically from the point cloud collected by MLS along a railway. 

To achieve this goal, first the existing point cloud processing software and tools are evaluated. 

The second step is to find a combination of functions and tools to perform the feature extraction 

from the point cloud. 

 

1.3 Introduction to mobile laser scanning system 

A mobile laser scanning system (MLSs) consists of a laser scanning system and a mobile 

platform. The LiDAR technology mounted on the mobile platform can record accurate 

orthogonal coordinates and other information such as intensity and time stamp, of a huge 

amount of 3D points, and store them as point clouds (Puente et al., 2013). 

MLS shares similar theories and equipment with airborne laser scanning (ALS) and terrestrial 

laser scanning (TLS), but MLS is irreplaceable when it comes to investigate street 

infrastructures. ALS can capture ground topography and building tops well, but only a small 

amount of points from building facades and road furniture can be collected due to the scanning 

angle and distance. TLS can provide denser point cloud and more accurate ranging, but it can 

only scan objects from a fixed position which is not efficient when the study area is large. MLS 

has advantages of these two laser scanning systems, which can provide point cloud with high 

density and has high agility (Wang, 2017). 

Basically a MLS consists of a laser scanner, a position and orientation system (POS), and a 

platform in an MLS (Wang, 2017). The POS contains a global navigation satellite system 

(GNSS) and an inertial measurement unit (IMU). The laser scanner records coordinates of 

points on the surface of the scanned object, the coordinates are recorded under a local frame 

relative to the scanner. The POS provides position in a global system and registers the point 

cloud to a globally geo-referenced frame (Wang, 2017). 

1.3.1 Laser scanner 

The laser scanner is an instrument that measures the surrounding environment. Laser is the 

abbreviation of light amplification by stimulated emission of radiation. This process generates 

directional optical light beams (Wehr and Lohr. 1999). There are two major types of lasers 

applied in real-world projects: pulsed lasers and continuous wave (CW) lasers.  

1) Pulsed lasers 

The laser transmitter emits a high power pulsed laser beam. When the laser beam arrives to the 

surface of the object, it will be reflected and the receiver will detect the returned pulse and 

record the time. This method measures the time difference between the emitted pulse and the 

received pulse. This measurement is called time-of-flight (ToF). Figure 1.1 shows the principle 

of a ToF laser ranger. The relation between travelling time and travelling distance is shown in 

equation 1.1. 

𝑡𝐿 = 2
𝑅

𝑐
     (1.1) 
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Where R is the distance between scanner and the object surface, c is the light speed. Since the 

light speed and travelling time is known, the distance can then be calculated. Pulsed lasers are 

mostly used in current laser scanning systems. 

 

Figure 1.1. Principle of a ToF laser ranger. AT and AR represent transmitted and returned 

signals, respectively. (Wehr and Lohr. 1999) 

 

2) CW lasers 

The laser scanner emits a continuous signal, usually a sinusoidal signal as shown in Figure 1.2. 

The period and the amplitude of this sinusoidal signal is known, and the travelling time is also 

recorded when the returned signal is detected. The relation between travelling time and the 

phase difference is shown in equation 1.2. 

 

Figure 1.2. Principle of CW laser ranger. AT and AR represent transmitted and returned 

signals, respectively. 
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𝑡𝐿 =
∅

2𝜋
𝑇 + 𝑛𝑇     (1.2) 

Where ∅ is the phase difference, T is the period, and n is the number of full periods included in 

the travelling time (Wehr and Lohr. 1999). 

This method can offer higher precision comparing to ToF method, but its ranging capability is 

shorter due to the limit of full wavelength (Wang, 2017). 

1.3.2 POS 

As aforementioned, the laser scanner only measures the distances between the surface of the 

scanned objects and itself. The 3D position of the objects can only be computed when the 

position and the orientation of the laser scanning system are known in a coordinate system. To 

get precise measurement in a given coordinate system, a POS is needed (Wehr and Lohr. 1999).  

A POS consists of GNSS and IMU. GNSS provides accurate position and IMU provides 

orientation (Wang, 2017). 

1) GNSS 

The basic principle behind GNSS is the trilateration from satellites to any point on the surface 

of the earth. A satellite measures the distance to a point where the radio signal is transmitted by 

multiplying the travel time by the light speed. As the orbits of the satellites are stable, it is 

possible to obtain the precise location of each satellite, and the satellite location is the 

prerequisite of determining ground point’s location. At least three satellite are needed to 

compute a ground point’s 3d location, as all points having the same distance to a satellite form 

a spherical surface, and two points can be found given three spherical surfaces. One is 

apparently outside the earth, so it can be discarded. Another satellite is needed to eliminate the 

time difference between the receivers’ quartz clock and the satellite’s atomic clocks (Lechner 

and Baumann, 2000). 

2) IMU 

An IMU contains three accelerometers and three gyroscopes which measure the specific force 

applied to the system and the rate of angular change respectively (Crassidis, 2006). When the 

platform moves, the IMU moves together and records the rotational and specific forces. The 

gyroscopes provide roll, pitch, and heading of the moving platform. The accelerometers provide 

three dimensional specific forces.  

An IMU has a high observation frequency, which is usually higher than 100 Hz, while GNSS 

updates once per second (Ekblad and Lips, 2015). Between the GNSS updates, the IMU can 

help with the positioning of the platform (Vosselman and Maas, 2010). 

1.3.3 Geo-referencing 

As shown in Figure 1.3, the laser scanner scans a ground point in its own coordinate system (l-

frame). The GNSS provides the position of the GNSS antenna in an established coordinate 

system (e-frame). The IMU records the platform’s motion in b-frame. The distance and angle 

between all the accessories are known, so the coordinate of the ground point in l-frame can be 

transformed to e-frame using following equation.: 

𝑃𝑒 = 𝑟𝐺𝑃𝑆 + 𝑅𝑏
𝑒𝑇𝐺𝑃𝑆,𝑏

𝑏 + 𝑅𝑏
𝑒𝑇𝑏,𝑙

𝑏 + 𝑅𝑏
𝑒𝑅𝑙

𝑏𝑃𝑙    (1.3) 
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Where 

𝑃𝑒 is the coordinate of ground point in e-frame; 

𝑟𝐺𝑃𝑆 is the coordinate of GNSS antenna in e-frame; 

𝑅𝑏
𝑒 is the rotation matrix between b-frame and e-frame;  

𝑇𝐺𝑃𝑆,𝑏
𝑏  is the vector pointing from GNSS antenna to IMU in b-frame; 

𝑇𝑏,𝑙
𝑏  is the vector pointing from IMU to laser scanner in b-frame; 

𝑅𝑙
𝑏 is the rotation matrix between l-frame and b-frame; 

𝑃𝑙 is the vector pointing from laser scanner to ground point. 

 

Figure 1.3. Conceptual image of an MLS and its elements. (Ekblad and Lips, 2015) 

 

1.4 Data description 

The data is collected with WSP Geotracker system in Saltsjöbanan. The system is mounted on 

an all-terrain vehicle and consists of 6 SICK-scanners that are located on top of the vehicle on 

the backside, shown as the blue box in Figure 1.4. It is collected with the speed as approximately 

15 km/h. 
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Figure 1.4. WSP Geotracker. 

 

The total study area is around 15 kilometers, Figure 1.5 shows a small part of the study area. 

The major railway assets in the study area are masts of overhead supply and street lights. Figure 

1.6 shows three main types of lights and a typical mast. 

 

Figure 1.5. A part of the study area. 
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Figure 1.6. Three main types of street light and a typical mast (from left to right). 

The MLS stores many attributes for each point such as intensity, coordinates, time stamp, and 

scanner number and so on. The trajectory information was stored as well. In this project, only 

the coordinates of each point and the trajectory height were used. 

 

1.5 Current states, brief literature review on papers dealing with object extraction 

MLS is an efficient way to collect information of roadside objects and store it in a point cloud 

(Barber et al., 2008). The point cloud should then be further processed to recognize and classify 

interested objects. In the past decades, researchers have proposed different types of methods to 

deal with the raw point cloud. The methods can be roughly divided into model-based method, 

shape-based method, and semantic method. 

Brenner (2009) proposed a model-based method to extract poles from point cloud. This work 

concluded three characteristics of a pole-like objects: (i) pole objects are upright; (ii) points of 

a pole object are only presented in a kernel region; (iii) there is no point in the outside region. 

According to this, cylindrical stacks were applied in the point cloud, to find parts of point cloud 

that fit in the stack. A pole object can be extracted if a set of cylindrical stacks are present. Xiao 

et al. (2016) also used model-based method to recognize vehicles from MLS point cloud. After 

segmentation, a global active shape model for cars was trained by manually picking landmarks 

from a set of selected cars. Then this model was used to fit all objects. Together with geometric 

features, it yielded results with a precision of 89.5%. 

Shape-based method was presented as well. Golovinskiy et al. (2009) classified objects by 

calculating shape features such as height, standard deviation in different deviations, and spin 

images. The method first finds the locations of potential objects and performs the segmentation. 

Shape features are extracted from each object for the classification. Rodríguez-Cuenca et al. 

(2015) used RX anomaly detection algorithm to do the classification. The method first divided 

raw point cloud into ground and non-ground points by calculating geometric index, and then 

constructed the remaining points in 3D vertical pillars. The aforementioned algorithm was 
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performed for each pillar with the height difference and spatial dispersion of the pillar as input. 

The classification accuracy was about 95%. 

Prior knowledge of objects can be used to define several rules for the object recognition, which 

is called semantic method (Wang, 2017). Fan et al. (2014) extracted man-made objects (fences, 

vehicles, buildings and power lines) from point cloud based on semantic information. The 

ground points were first removed, the point cloud was then segmented and divided into three 

layers vertically, which are lower, middle, upper layer, respectively. The recognition was based 

on the following assumptions: (i) vehicles and fences only exist in lower layer; (ii) power lines 

only exist in upper layer; (iii) buildings exist in both lower layer and middle layer, and maybe 

in upper layer. By inspecting the overlap of three layers, the objects can be classified into 

corresponding category. Yang et al. (2015) proposed an algorithm in a project where more rules 

based on semantic knowledge were defined to classify objects into seven categories. The 

method first classified point cloud into ground and non-ground points. Then the non-ground 

points were partitioned into supervoxels. Principal component analysis (PCA) was performed 

for each supervoxel to obtain the normal vector, principal direction, and other geometric 

information. According to the pre-determined rules, the authors set thresholds for the calculated 

features to do the classification. 

In the past few years due to the rapid development of computer science, many researchers have 

applied machine learning ways to do the object classification as well. 

Eetu et al. (2011) used Support Vector Machine (SVM) classifier to classify trees into different 

species. 34 LiDAR-derived and 123 hyperspectral features were computed for the manually 

selected and labeled tree objects. These calculated features were then input into LibSVM, a 

library for SVM developed by Chang and Lin, to train the classifier. Zheng et al. (2017) tried 

to just use height features to classify points into different classes by putting three features into 

LibSVM classifier. Unlike other projects, the approach in this work is a point-based 

classification, which extracts features for every point. However the result was not as good as 

other projects, with the overall accuracy of 0.73. 

CANUPO is a plugin in CloudCompare, which is a simple and efficient tool to automatically 

classify a point cloud into two classes. It is a point-based machine learning method. The input 

are two pre-labeled point clouds, each point cloud represents one class in the original point 

cloud. For each point in the input data, this tool performs PCA on it in different scales to 

evaluate how the point together with its neighboring points geometrically look like. The scales 

are user-defined. This tool projects the combinations of different scales onto a plane and find a 

line to separate the data (Brodu and Lague, 2012). This tool is a semi-supervised learning, as 

users can adjust the boundary after the training procedure finishes. 

Qi et al. (2017a) from Stanford applied deep learning on point clouds and call the method as 

PointNet. It deals with segments. Unlike the previous projects, either calculating features from 

point cloud or transforming point cloud into 2D issues, this method is one of the pioneers to 

focus on the point cloud itself (Shabat, 2017). This method used a symmetric function to 

transform the input point coordinates so that the output is invariant to input order. It also applied 

an affine transformation matrix to the point coordinates so that the output is invariant to rotation. 

The input is invariant after transformation, and the 1024 global features were calculated to train 

the classifier. Shortly after PointNet, Qi et al. (2017b) proposed PointNet++. It was developed 

on the basis of PointNet. It selects a set of points as seed according to certain rules, for each 
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selected point and a pre-defined radius, PointNet is performed on this subset of point cloud. By 

doing so, both global and local features were captured for classification. The accuracy was 

improved from 89.2% to 90.7% on ModelNet40 dataset. 

 

1.6 Software review 

The softwares mentioned in the previous researches and widely used softwares were reviewed 

to evaluate their ability and feasibility to process point cloud. 

1.6.1 TerraScan 

TerraScan is a handy software to process laser scanning point cloud. It can easily handle point 

cloud, either from text files or from binary files, for optimum performance. Within this software, 

there are many tools helping with the processing (TerraScan User’s Guide, 2018): 

• Provide three-dimensional view (in different windows) 

• Add or delete point classes such as vegetation, wires, ground, etc. 

• Organize a huge amount of points 

• Manage trajectory information 

• Classify points using built-in tools 

• Classify points interactively 

• Show points in different classes in different colors 

• Export classified points into text or binary files 

• Provide data statistics 

• And more 

According to the ability, TerraSolid is a great software for pre-processing point cloud, to 

eliminate uninterested points such as ground points and points that are far away from the 

scanning trajectory. As it can export both binary and text files, it can be integrated with different 

point processing softwares. 

There are also some disadvantages. TerraSolid is fully integrated with MicroStation, meaning 

that licenses for MicroStation and TerraScan are needed, which could be an obstacle for private 

users. TerraScan has a quite closed environment, making it difficult for users to design a 

function on their own. 

1.6.2 CloudCompare 

CloudCompare is an open source software which deals with 3D point cloud. It can also handle 

triangular meshes and calibrated images. It was originally designed to perform comparison 

between two point clouds or between a point cloud and a triangular mesh, but it can also process 

point cloud as it develops (CloudCompare, 2018). 

CloudCompare has the following functions: 

• Compute a octree structure on the point cloud 

• Point cloud registration 

• Resample points 

• Compute statistics 
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• Interactive or automatic segmentation 

• Input and export nearly all kinds of point cloud data 

• Have several powerful plugins 

• And more 

The segmentation and octree computation functions of CloudCompare are most wanted, which 

make it possible to segment the pre-processed point cloud according to the connectivity of the 

voxels. CloudCompare supports almost every data type, making it easy to cooperate with other 

softwares.  

The disadvantages of this software are: it only has one view window, making it a little 

inconvenient when dealing with huge point clouds; comparing to TerraScan, it is not easy to 

classify points into different classes. 

1.6.3 MATLAB 

MATLAB is a program and programming language for mathematical and technical 

computations and visualization. Although MATLAB is not intended for point cloud, many 

researchers have written code scripts related to point cloud processing. For example, Philipp 

Glira (2017) has developed a handy toolkit for point cloud processing, which can select a subset 

of the original points using different sampling strategies, compute normal vectors for each point, 

transform coordinates, add attributes, and so on. Other tools for various purposes can also be 

found on MATLAB community. 

Except from the toolkits, MATLAB itself is a great software for matrix operations. As point 

clouds can be stored as matrixes, MATLAB has irreplaceable advantages in processing point 

cloud. It is easy to perform density filter, normal vector computation, etc. in MATLAB. As 

nowadays machine learning is becoming more popular in point cloud classification, MATLAB 

is one of the platforms to run such classifiers. MATLAB is very flexible as users can define 

their own functions. 

The disadvantage is that when doing similar tasks, MATLAB may consume much more time, 

as it is not designed for point clouds. It does not have a spatial structure to store the point clouds 

unless the users define one on their own. Otherwise, the point cloud is only regarded as a matrix. 

1.6.4 CANUPO 

CANUPO is a plugin in CloudCompare, and it is a machine learning method to automatically 

classify points. The input is two sets of point clouds representing two different categories. The 

next step is to define a set of scales, as the tool classifies points based on how the points look 

like geometrically in different scales. The tool will try to find a hyperplane to best divide the 

input points, and show the projected points and the plane (as a line) in a figure. The users have 

the chance to adjust the classifier before saving the result. 

This tool performs well for classifying objects that have different geometric outlooks, like road 

surfaces and vegetation. The reason is that no matter how the scale changes, the road surfaces 

are always 2D like, while the vegetation may vary from 1D like to 3D like. 

However, it is a point-based method and can only classify points rather than objects. So far it 

only supports two classes. Another plugin CANUPO v2 is under developing, and maybe in the 

future it will support more cases. 
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1.6.5 PointNet/PointNet++ 

PointNet and PointNet++ are new tools for point cloud classification. PointNet was developed 

in 2016 and PointNet++ was developed in 2017. A novel deep net architecture is used for 

classification. The principle for both tools were introduced in Section 1.3.  

PointNet/PointNet++ can be downloaded from GitHub and run in Python. The tools are 

convenient. Once the data is prepared, they can calculate the descriptors for each segmentation 

and do the classification on their own. The tools provide training and evaluation functions, and 

users do not need to program themselves. 

The disadvantages are obvious. Both tools have several specific requirements for the running 

environment. PointNet need to be run with TensorFlow 1.0.1, CUDA 8.0, cuDNN 5.1 on 

Ubuntu 14.04, where TensorFlow is an open source software for high performance numerical 

computation (TensorFlow, 2018), CUDA is a computing platform and programming model 

developed by NVIDIA for general computing on graphical processing units (GPUs) (CUDA, 

2018), and cuDNN (CUDA Deep Neural Network library) is a GPU-accelerated library of 

primitives for deep neural networks (cuDNN, 2018). PointNet++ even has more requirements, 

as it requires GPU. Except from the environment problems, both tools require a specific input 

data type HDF5, which is designed to store and organize large amounts of data. As HDF5 is 

not a common data type for laser scanned point clouds, the transformation of the data can be an 

obstacle for further processing. 

1.6.6 LibSVM 

LibSVM is a library for support vector machines in short. It uses SVM as the classifier to do 

classification when given a set of features for labeled objects. This tool can be run in multi-

platforms such as Java, MATLAB, R, Python, C#, etc. It takes text files as input, in which every 

object is represented by a single row. In each row there are one label and several features. 

LibSVM tries to find a hyperplane to best divide these input objects. It also provides code for 

training and evaluation.  

LibSVM is easy to run, as it can be run under almost all environments and it takes the most 

common file as input. The user is able to choose different types of SVM and kernel functions 

before running it. 

As LibSVM only deals with the classification, users need to determine and calculate features 

before this step. This could be a merit as users can select a set of features that describe the object 

as detailed as possible, but it also increases coding work. 

1.6.7 Summary 

After the software review, a combination of TerraScan, CloudCompare, MATLAB and 

LibSVM was chosen for this project. TerraScan is powerful to pre-process point cloud, and 

CloudCompare offers the easiest way to voxelize and segment point cloud. MATLAB can 

combine self-defined functions and LibSVM to do the classification. 

 

https://developer.nvidia.com/deep-learning
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1.7 Workflow 

Wang (2017) concluded a typical work flow for point cloud processing. First of all, a filtering 

step is necessary to remove unneeded points and reduce the work intensity. The unneeded points 

are usually ground points and points from building facades. Secondly, segmentation is 

performed for the remaining points to partition the point cloud into subsets. The subsets are 

often regarded as candidates for wanted objects. The last step is object extraction. Different 

objects are of interest in different projects, so the extraction method varies. 

Based on the typical work flow above, a work flow for this project is proposed: 

• Remove ground points and platform points. 

• Voxelize the remaining points 

• Segment the points by the connectivity of the occupied voxels. 

• Calculate features to describe the segments. 

• Classify segments into different categories based on the calculated features by SVM. 
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2. Object classification 

The classification algorithm follows the work flow proposed in 1.6. In this chapter, the 

algorithm is divided into four steps: pre-processing, voxelization and segmentation, feature 

computation, classification and validation. 

2.1 Data pre-processing 

The acquired point cloud contains various objects, but all the objects are connected by ground 

and some are connected by wires. In this step, we try to remove ground points, wires, so that 

objects can be segmented in the next step. Points that are far away from the scanning trajectory 

should also be removed as they have a low local density and are often not able to form a 

complete object.  

The way to remove far points and ground points is simple. It was done in TerraScan. Points that 

are 15 meters away from the driving trajectory and points lower than the trajectory were 

removed. “15 meters” was determined by checking the point cloud manually and objects that 

are 15 meters away usually belong to other roads or railways. There are some platforms in the 

study area as shown in Figure 2.1, which would affect the segmentation, so they should also be 

regarded as ground points and be removed. This was done by calculating the normal vector of 

all the points in TerraScan. After that TerraScan would give every point a dimension label as 

linear, planar, complex or not known. All the points whose dimension is planar and normal 

vector points upwards and downwards were regarded as horizontal plane. As points 

representing platforms are usually dense, a density filter checking the neighbor point density 

within a 3D search radius (TerraScan User’s Guide, 2018) was performed to filter out sparse 

points, and dense planar points were classified as ground points and removed. 

 

Figure 2.1. An example of platform (in white and yellow) in the study area. 
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The wires were removed by calculating 2D point density when looking from above, as masts 

and lights have a much higher 2D density than wires. It is computationally expensive and 

inefficient to calculate a local density for every point, so the point cloud was divided into a 2D 

grid as shown in Figure 2.2, and a density for every cell was calculated. As all cells have equal 

area, so the density calculation is equivalent to counting the number of points in the area. Figure 

2.3 shows a conceptual image when counting the number of points of a certain cell (in yellow), 

where the left image only counts the points lie exactly in the current cell, and the right image 

also counts the points lie in its neighboring cells (in green). The former method may easily 

remove a small part of an object while the latter method can keep an object more integral. In 

this project, the latter method was chosen, and the equation to calculate the number of points in 

a cell’s neighborhood is shown in eq. 2.1. 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠 = 𝑎0 +
1

2
∑ 𝑎𝑖

8
𝑖=1       eq. 2.1 

Where 𝑎0 represents the number of points lie in current cell, and 𝑎𝑖 (i=1, 2 … 8) represents the 

number of points lie in the neighboring cells. 

This number was used to represent the cell’s 2D density. The cell size in this project is 0.3 meter 

as the diameter of a mast is around 1 meter and lights have a smaller diameter, so the cell 

together with its neighboring cells can roughly cover the wanted objects and count most of the 

points in the object in calculation. A threshold was determined later and the cells whose number 

of points is under the threshold were eliminated. 

 

Figure 2.2. 2D grid on point cloud when looking from above. 
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Figure 2.3. Conceptual image when counting number of points of a certain cell (in yellow). 

 

2.2 Voxelization and segmentation 

The remaining points were divided into a 3D voxel structure with a size of 0.1m. The size was 

determined by the following criteria: 1) the size should be smaller than the distance between 

different objects; 2) the size should be large enough so that one object is voxelized into 

connected voxels. Only occupied voxels (contains at least one point) were remained for the 

following processing. The voxel structure is shown in Figure 2.4. 

 

Figure 2.4. Voxel structure on the remaining point cloud (the voxel size in this fig. is 0.8 

meter in order to show the voxels more clearly). 
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The segmentation step is to segment the connected voxels as an object. A voxel has 26 

neighbors. When randomly choosing one voxel as the seed, all voxels in its neighborhood will 

be regarded as voxels in the same object. The newly added voxels are chosen as the new seeds 

to seek their neighbors, until no more voxels are in the seeds’ neighborhood. All the added 

voxels form an object, and another randomly picked voxel is chosen to find other objects. Figure 

2.5 shows an object consists of connected voxels, and no more voxels are in these voxels’ 

neighborhood. This step serves to transform the dataset from millions of points to thousands of 

segments, which could reduce the calculation load. 

 

Figure 2.5. An example of object formed by connected voxels. 

 

2.3 Feature descriptors 

Different kind of objects have different characteristics so that we can distinguish them with our 

naked eyes. In machine learning, these characteristics are called descriptors. In this step, several 

features are determined to describe these characteristics, so the computer can learn from them 

and to distinguish different objects. 

The descriptors can be roughly divided into 4 groups: height based descriptors, 2D distribution 

based descriptors, eigenvalue-based descriptors, and other descriptors. 
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2.3.1 Height based descriptors 

Different types of objects have different height range and different vertical distribution. Masts 

have a height range from around 6 meters to 9 meters, and the vertical distribution is not even 

as the lower part is usually thicker than the upper part. The lights have a height range from 2 

meters to 10 meters as there exist several kinds of lights. A light usually consists of a pole and 

an additional part on top of the pole, so lights are often more evenly distributed in height or 

have more points on the upper part. Other objects such as trees do not follow a certain rule. 

Below are the selected height based descriptors: 

1) Height. In the point cloud of an object, the minimum and maximum height is extracted and 

the difference between them is the height of this object. 

2) Standard deviation of height divided by height. The standard deviation of height indicates 

how far the points are away from the mean height on average, and a higher object has a higher 

standard deviation. When this value is divided by the height, it can indicate how the point cloud 

is distributed vertically. If this descriptor is close to 0 means the point cloud is centralized 

distributed; if it is close to 0.25 means the point cloud is evenly distributed; if it is close to 0.5 

means the point cloud distributed at both ends. 

2.3.2 2D distribution based descriptors 

When looking at the objects from above, different objects have different 2D sizes. Lights and 

masts have a much smaller size than other objects, as they are pole-like objects. Below are the 

selected descriptors: 

1) Standard deviation of distance to centroid. The 2D distance between every point and the 

centroid is calculated and the standard deviation is extracted. This shows how the distance 

varies from its mean value. 

2) Standard deviation of distance to centroid divided by the maximum distance to centroid. The 

standard deviation of 2D distance divided by the maximum 2D distance also indicates how the 

point cloud is distributed horizontally regardless the object’s 2D size.  

3) Minimum distance between centroid and convex hull. The 2D convex hull depicts how the 

object looks like when being looked from above. Lights and masts have a very small distance 

while other objects often have a relatively big distance. Figure 2.6 shows a point cloud 

representing a façade. The convex hull is drawn in red line, and the blue points represent the 

object. Green point is the centroid, and the black arrow pointing perpendicularly from the 

centroid to the hull boundary is the minimum distance. 
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Figure 2.6. Minimum distance between centroid and convex hull (Black arrow). 

2.3.3 Eigenvalue based descriptors. 

A point cloud contains x, y, z value for every point, and thus we can calculate a covariance 

matrix which has 3 rows and 3 columns for these 3 dimensions. From the matrix 3 eigenvalues 

and 3 eigenvectors can be extracted. Let 𝑒1 ,  𝑒2 ,  𝑒3  be the eigenvalues and 𝑒1  > 𝑒2 >  𝑒3 . 

Below are the selected descriptors related to the eigenvalues and eigenvectors: 

1) Z-value of normal vector. For a linear object or a planar object, its normal vector is 

perpendicular to this object. If an object is not linear or planar, it is impossible to find such a 

vector, but we can try to find a vector so that in this direction the variance of the point cloud is 

minimized. This vector is defined as normal vector in this project. The eigenvector whose 

corresponding eigenvalue is the smallest is the wanted normal vector. The z-value of normal 

vector indicates if this object is vertical, as a vertical object has a horizontal normal vector 

whose z-value is close to 0. Figure 2.7 shows a pillar and its three eigenvectors. The eigenvector 

in red is its normal vector as in this direction the point cloud has the smallest variance. 

2) Linearity. It is calculated by eq. 2.2. When the point cloud is pole-like, its biggest eigenvalue 

will be dominant among the three eigenvalues, and thus the linearity index will be close to 1. 

This index indicates how linear the point cloud is. 

3) Planarity. It is calculated by eq. 2.3. Imagine an extreme case where all the points lie on a 

square plane, and thus 𝑒1  = 𝑒2 and 𝑒3 = 0. In this case the planarity will be 1. This index 

indicated how planar the point cloud is. 

4) Scattering. It is calculated by eq. 2.4. When a point cloud is totally scattered, it should have 

three equal eigenvalues and thus this index is 1 in this case. This index shows how scattered the 

point cloud is. 
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Figure 2.7. A pillar and its three eigenvectors. 

The linearity, planarity, and scattering index have been used in several studies and are proved 

effective (Yang et al., 2015; Weinnmann et al., 2014). 

𝑙𝑖𝑛𝑒𝑎𝑟𝑖𝑡𝑦 =  √𝑒1−√𝑒2

√𝑒1
    eq. 2.2 

𝑝𝑙𝑎𝑛𝑎𝑟𝑖𝑡𝑦 =  
√𝑒2−√𝑒3

√𝑒1
    eq. 2.3 

𝑠𝑐𝑎𝑡𝑡𝑒𝑟𝑖𝑛𝑔 =  
√𝑒3

√𝑒1
    eq. 2.4 

2.3.4 Other features 

Ideally the point cloud of an object contains only points from itself, and is integral (i.e., no small 

part of the object is missing). But in the real projects, the objects are always connected with 

other unwanted objects like wires, railings and vegetation, and some part of the object may be 

obscured. Figure 2.8 shows 3 objects with many noisy points, and they are a light with a 
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billboard, a mast with wires, a light with railing, respectively. The noisy points have a great 

effect on the descriptor calculation and will influence the classification result. 

  

 

Figure 2.8. Objects with noisy points. 

A method to remove the noisy points is needed so that objects in the same category have a 

consistent outlook. The idea is that the main body of an interested object has a higher 2D density 

when being looked from above. The point cloud was divided into a grid again, but with a much 

smaller grid size, which is 0.01 meter, so we could get relatively precise result. This grid size 

was determined by experiments so that it can generate relatively good result with acceptable 

computational cost. For every cell, the number of points in its neighborhood was counted. All 

the cells whose center is less than 0.5 meter away from the current cell’s center are within 

current cell’s neighborhood. The total number of points in the neighborhood was counted and 

stored as the cell’s score. All the cells whose score is less than 50% of the highest score were 

removed as this cell has a relatively low 2D density. The threshold 50% was obtained by several 

experiments and 50% serves to remove most of the noisy points and preserve the main body. 

Figure 2.9 shows some objects after the filter, where red points represent the main body and 

green points represent the removed points. 
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Figure 2.9. Objects after density filter. 

From the previous step we obtained two new point clouds, one for the removed points and one 

for the main body. The two point clouds are both important. The removed points for lights and 

masts often consist of several lines or planes, whilst that for vegetation often consists of messy 

points, and the main body shows how the object looks like when most of the noisy points are 

removed. So the 9 aforementioned descriptors were calculated for both new point clouds, and 

another 4 descriptors were put forward: 

1) The ratio of height of removed point cloud to height of original point cloud.  

2) The height from the lowest point in original point cloud to the mean height of removed point 

cloud. 

3) The ratio of the second descriptor to the height of original point cloud. 

4) The total number of points in the original point cloud. 
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2.4 Classification and validation 

The study area was divided into 32 non-overlapping parts. Every other part was chosen as 

training data, and the rest as validating data, see Figure 2.10. For both training data and 

validating data, the objects were manually classified into 3 categories: masts, lights, and other. 

 

Figure 2.10. Training data (in green) and validating data (in red). 

Before classification, it is better to do a preliminary filter to remove most of the uninterested 

objects to decrease the work load for the following steps, as the way to obtain the main body of 

the object is quite computational expensive. 

In the training set, all the lights and masts are picked out manually, and the following 7 

descriptors are calculated: the total number of points in the object, object height, the minimum 

distance between centroid to 2D convex hull, the z-value of normal vector, linearity, planarity, 

and scattering of the whole object. After the calculation a range for each descriptor was obtained. 

The 7 ranges were slightly extended, so that objects of interest with values close to the range 

margins will not be excluded. After the extension, all the objects, both in training data and 

validating data, whose descriptors lie outside the ranges were removed. 

For each remaining object in the training data, the 31 descriptors were calculated and stored. 

The 31 descriptors have variant ranges, so some descriptors need to be rescaled so that all the 

descriptors have a similar range between approximately -1 and approximately 1. The data was 

then input into LibSVM to train a model. The performance of the model was validated by 

classifying the objects in validating data. 
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3. Result and evaluation 

3.1 Pre-processing 

Figure 3.1 shows an example of the point cloud after the ground points are removed. Then the 

wires should be removed by a 2D density filter, but before they can be removed, a threshold 

must be determined. Different thresholds were evaluated, and Figure 3.2 shows the 2D grid 

with different threshold, where the green points represent cells having a density greater than the 

threshold and red points represent cells having a density below the threshold and thus need to 

be removed. With 400 points as the threshold, the filter could filter out most of the wires and 

meanwhile preserving the railway assets as much as possible. 

 

Figure 3.1. Point cloud after ground points were removed. 

Figure 3.3 shows the result of pre-processing, ground points and most of the wires were 

eliminated. 

As this step filtered out cells with low 2D density, some interested objects were also filtered 

out. The total number of interested objects and the number after this step were checked, and the 

result is shown in Table 3.1 and 3.2 in the second row. All of the masts were remained, as they 

stand close to the rail way and have a high density. Some lights were removed, and the removed 

lights usually stand far away from the trajectory and actually belong to other road, and thus 

have a low density. Figure 3.4 shows two lights (in rectangle) that were removed because of 

low 2D density. The left one is not integral, the main body is missing due to the long distance 

to the laser scanner. The main body of the right one has a density lower than the wires, and 

could not pass the threshold.  
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Figure 3.2. 2D grid with threshold as 300, 400, 500 (from top to bottom). 
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Figure 3.3. Point cloud after pre-processing. 

 

 

Figure 3.4. Examples of removed lights. 

3.2 Voxelization and segmentation 

The remaining points were divided into 3D voxels with voxel size of 0.1 meter, and connected 

voxels were grouped to form an object. Several sizes were experimented and this size serves 

well to separate objects from other objects. A smaller size would segment one object into 
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several sub-segments, while a bigger size would segment several objects as one. Figure 3.5 

shows 2 examples, where in the left the size is too small (0.5 meter) and in the right the size is 

too big (0.2 meter). The result of segmentation is shown in Figure 3.6, in which different objects 

were represented by different colors. Most of the objects were well segmented, but there are 

also some objects that are so close to other objects or connected by the remained wires, and 

thus contain a huge amount of noisy points or more than one interested object as shown in 

Figure 3.7. 

  

Figure 3.5. Segmentation with different voxel size. 

 

Figure 3.6. Result of segmentation with voxel size of 0.1m. 
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Figure 3.7. Examples of objects with a lot of noisy points. 

3.3 Manual classification 

Most of the masts and lights do not contain many noisy points, and it is easy to get their main 

body after processing. However, some masts and lights are too close to other things and thus 

contain a lot of noisy points with high density, and even after the density filter in 2.3.4 cannot 

show a clear main body. These objects need to be classified as other category other than mast 

or light. Figure 3.8 shows examples of such objects. Some objects were lost in this step, and 

Table 3.1 and 3.2 shows the total remaining rate for both training data and validating data.  

  

Figure 3.8. Examples of interested objects manually classified as other. 

Table 3.1. Number of objects in training data. 

 Mast of overhead supply Street light 

Total number 130 128 

Number after filter 130 119 

Number after manual classification 129 107 

Remaining rate 99.23% 85.59% 

 

Table 3.2. Number of objects in validating data. 

 Mast of overhead supply Street light 

Total number 136 86 

Number after filter 136 71 

Number after manual classification 131 68 

Remaining rate 96.32% 79.07% 
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3.4 Preliminary filter for classification 

Table 3.3 shows the statistics of the 7 descriptors selected for the preliminary filter. The ranges 

of the 7 descriptors were slightly extended, as shown in Table 3.4, and most of the unwanted 

objects lie outside of the ranges and thus were filtered out. 

Table 3.3. Ranges of 7 descriptors for masts and lights. 

Feature Range for masts Range for lights 

Number of points [1883, 45592] [282, 12111] 

Height [m] [5.54, 9.13] [1.39, 12.03] 

Minimum distance to the convex hull [m] [0.09, 1.23] [0.03, 0.63] 

Z value of the normal vector [m] [-0.36, 0.0653] [-0.19, 0.43] 

Linearity [0.23, 0.9218] [0.39, 0.98] 

Planarity [0, 0.68] [0, 0.53] 

Scattering [0.03, 0.48] [0.01, 0.28] 

 

Table 3.4. Final ranges of 7 descriptors for filtering. 

Feature Filter range 

Number of points [200, 50000] 

Height [m] [1, 13] 

Minimum distance to the convex hull [m] [0, 1.5] 

Z value of the normal vector [m] [-0.5, 0.5] 

Linearity [0.2, 1] 

Planarity [0, 0.7] 

Scattering [0, 0.5] 

 

After the preliminary filter, the total number of objects for the training data decreased from 

6040 to 2795, and for validating data, the number decreased from 6440 to 3179. In the validating 

data, no interested objects were filtered out. 

 

3.5 Classification 

In the training sample, there are totally 2795 objects, of which 129 are masts and 107 are lights. 

In the validating sample, there are totally 3179 objects, of which 131 are masts and 68 are lights.  

Precision and recall were used to evaluate the result, where the precision for a certain category 

is the fraction of the correctly predicted objects among all objects predicted as this category, 

and recall is the fraction of the correctly predicted objects among all objects belong to this 

category. The total accuracy was also used to evaluate the overall result, where the accuracy is 

the fraction of correctly predicted objects among all objects. The total accuracy of the 

classification is 97.45%, but as the number of other objects is dominant, so this index cannot 

explain much. The recall and precision for lights and masts is much important. The confusion 

matrix for the classification result is shown in Table 3.5.  
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Table 3.5. Confusion matrix. 

 mast light other precision 

detected as mast 119 6 9 88.81% 

detected as light 4 46 38 52.27% 

detected as other 8 16 2933 99.19% 

recall 90.84% 67.65% 98.42%  

 

The misclassified objects were checked to explore the reason for misclassification. Figure 3.9, 

3.10, 3.11 show examples of masts misclassified as other, lights misclassified as other, and 

other misclassified as masts and lights, respectively. The typical misclassified masts are either 

incomplete or have a sign on the body. The lights that are connected by other object or are not 

vertical are usually misclassified. Other objects like man-made pole-like objects and trees 

without branched and leaves can be easily classified as lights or masts.  

The above result can only show the accuracy of the classification for the final validating dataset. 

As some objects are lost during the previous steps, the total extracting rate should be calculated. 

In total, 119 masts were classified correctly out of 136 masts, and 46 lights were correctly 

classified out of 86 lights. The total extracting rate for masts is 87.5%, and for lights is 53.49%.  

  

Figure 3.9. Masts misclassified as other. 
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Figure 3.10. Lights misclassified as other. 

  

Figure 3.11. Other misclassified as masts (left) and lights (right). 
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4. Discussion and future work 

4.1 Discussion 

Overall, the method used in this project works to extract most of the masts. Below is the 

discussion on each step of the procedure. 

4.1.1 Pre-processing 

2D density was used in the pre-processing step to remove wires, and some interested objects 

that are far away from the laser scanner were also filtered out in this step due to low point 

density, which is not wanted. As aforementioned, Fan et al. (2014) proposed a layer-wise 

method to classify objects, that is to slice the point cloud into three layers vertically, and by 

analyzing the overlap of the three layers, objects can be roughly classified, as different objects 

have different spatial location. The property can also be used for pre-processing, as wires, 

ground points and interested objects have different spatial distribution. This method would 

avoid using density as the filter and can keep interested objects with low density. 

4.1.2 Voxelization and Segmentation 

In the voxelization and segmentation part, some interested objects were segmented wrongly 

because they are too close to neighboring objects. Although different voxel sizes were tested 

and the most suitable size was chosen, it is still unavoidable that some objects were lost. Wang 

also encountered such problem when trying to recognize roadside furniture (Wang, 2017), and 

so far there is no efficient way to solve the problem. Involving coding work to analyze each 

object might help, for example Wang (2017) separated trees by choosing bottom and upper seed 

cells. However, as in this project, the objects have various outlooks, more advanced method to 

divide closely located objects might be needed. 

4.1.3 Feature descriptors 

The descriptors in this project are all global descriptors, which describe the object as a whole. 

Global descriptors are more sensitive to noisy points comparing to local descriptors, so in the 

future local descriptors should also be considered to improve the performance. 

4.1.4 Classification 

In the classification step, there were not enough learning samples for lights. As aforementioned, 

there are 3 major types of lights in the study area, so although the total number of lights in the 

training set is 107, for each type of lights there are not enough samples, especially for medium 

lights, with the total number as 16.  And under each type the outlook of lights varies, which 

makes the learning result even worse. If there were more interested object samples, the result 

might be better. 

In the learning dataset, the number of other objects is dominant, which means that the classifier 

learned much more from the other objects and may easily classify an unseen object, that is both 

similar to interested object and other object, to the category of other. Ideally the number of 

objects in three categories should be similar, but as in this project the other category included 

all the uninterested objects, we could only try to eliminate uninterested objects as more as 

possible. 
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4.1.5 Classification result 

The classification result of masts is much better than lights, and below are several reasons why 

masts have a better result: 1) masts have a consistent outlook, while lights have three major 

types and within each type, the outlook of the lights have a little difference; 2) the masts have 

a consistent density, as they have a similar distance to the trajectory line, while that distance for 

lights can be up to 15 meter, which causes a low point density; 3) lights usually have more noisy 

points than masts, as they are much closer to other objects like trees, railings, and railway 

stations. 

The extraction rate is an important evaluation index for the proposed method. Comparing to 

other methods, the extraction rates in this project are acceptable. The extraction rate, which can 

also be called as recall, varies in different projects, from 50% (Rodríguez-Cuenca, 2015) to 

over 95% (Qi et al., 2017b). Projects with high extraction rate are usually based on simple 

environment, especially Qi et al. dealt directly with objects without noisy points and thus got 

one of the best results. Projects dealing with complicated environments usually have a relatively 

low extraction rate. 

 

4.2 Future work 

The aspects below should be considered further in the future to improve the performance of the 

classification. 

To find a better way for pre-processing. Try to avoid using trajectory information so that the 

method can be general for most of the point cloud, and try to keep as more interested objects as 

possible after this step. 

To use local descriptors. Calculating local descriptors is more computationally expensive, but 

it worth a try as they are not that sensitive to outliers. 

To find a better way to do the preliminary filter. Before the classification we need to filter out 

most of the unwanted objects. In this project 7 ranges were used and there are still a huge 

amount of unwanted objects remained. If more unwanted objects were filtered out, the classifier 

would have a better training set and may have a better result. 

To try other advanced methods. Some machine learning tools like PointNet and PointNet++ use 

neural network for classification and can calculate both local and global descriptors 

autonomously. These tools worth trying although they have many requirements for the data 

type and running environment. 
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5. Conclusion 

The thesis explored the method to extract masts of overhead supply and lights from laser 

scanning point cloud. After the pre-processing and objects were segmented, SVM was used for 

the classification, and the result for masts is better than lights, as masts have a consistent outlook 

and point density. 

The literature review reviewed many recent studies on method to classify objects from point 

cloud. There are shape-based method, model-based method, semantic method, and machine 

learning method. These reviewed researches provide extensive information and provide 

inspiration for innovation. 

TerraScan, CloudCompare, and MATLAB were used in the research, as they are powerful in 

different aspects. Attribute filters can be easily performed in TerraScan with a high speed. 

CloudCompare is handy in spatial structure analysis, so the voxelization and segmentation were 

done in CloudCompare. MATLAB makes it possible to define own functions and combine with 

other toolkits like LibSVM and other point cloud tools. 

The proposed method achieved the classification accuracy for masts over 90 % and when the 

object loss is counted, the total accuracy for masts is 87.5%, which is acceptable comparing to 

similar research. The result for lights is relatively low, with 53.49% as the total accuracy. The 

reason is that there were not enough training samples for lights and lights do not have a 

consistent outlook. 

According to the result, some deficiency of the project was discussed. There were some object 

loss before classification, which should be avoided. Local descriptors may be helpful for the 

classification, so it should be considered in the future. The preliminary filter can be improved 

so that we can provide the SVM a better training set. 
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