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Sammanfattning 
Abstract 
Accurate 3D models of natural environments are important for many modelling and simulation 
applications, for both civilian and military purposes. When building 3D models from high 
resolution data acquired by an airborne laser scanner it is desirable to separate and classify the 
data to be able to process it further. For example, to build a polygon model of a building the 
samples belonging to the building must be found. 
 
In this thesis we have developed, implemented (in IDL and ENVI), and evaluated algorithms for 
classification of buildings, vegetation, power lines, posts, and roads. The data is gridded and 
interpolated and a ground surface is estimated before the classification. For the building 
classification an object based approach was used unlike most classification algorithms which are 
pixel based. The building classification has been tested and compared with two existing 
classification algorithms. 
 
The developed algorithm classified 99.6 % of the building pixels correctly, while the two other 
algorithms classified 92.2 % respective 80.5 % of the pixels correctly. The algorithms developed for 
the other classes were tested with the following result (correctly classified pixels): 
vegetation, 98.8 %; power lines, 98.2 %; posts, 42.3 %; roads, 96.2 %.  
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Abstract 
Accurate 3D models of natural environments are important for many modelling 
and simulation applications, for both civilian and military purposes. When building 
3D models from high resolution data acquired by an airborne laser scanner it is de-
sirable to separate and classify the data to be able to process it further. For example, 
to build a polygon model of a building the samples belonging to the building must 
be found.  

In this thesis we have developed, implemented (in IDL and ENVI), and evaluated 
algorithms for classification of buildings, vegetation, power lines, posts, and roads. 
The data is gridded and interpolated and a ground surface is estimated before the 
classification. For the building classification an object based approach was used 
unlike most classification algorithms which are pixel based. The building classifica-
tion has been tested and compared with two existing classification algorithms. 

The developed algorithm classified 99.6 % of the building pixels correctly, while the 
two other algorithms classified 92.2 % respective 80.5 % of the pixels correctly. The 
algorithms developed for the other classes were tested with the following result 
(correctly classified pixels): vegetation, 98.8 %; power lines, 98.2 %; posts, 42.3 %; 
roads, 96.2 %. 
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Glossary 

4-connected A method for measuring distances between pixels. A 
pixel that lies directly above, below, to the left of, or to 
the right of another pixel has the 4-connected distance of 
one to that pixel. See also [1]. 

8-connected A method for measuring distances between pixels. All 
pixels (the eight closest) surrounding a pixel have the 8-
connected distance of one to that pixel. See also [1]. 

Cell An element in a grid. 

Classification key An image containing the correct classification. This im-
age can be used for evaluation of classification algo-
rithms. 

Closing Morphological closing (image processing term), corre-
sponds to a dilation followed by an erosion. 

Convex hull The convex hull of a set of points is the smallest convex 
set containing these points. It can be seen as a rubber 
band wrapped around the outer points.  

Dilation Morphological dilation (image processing term), see sec-
tion 5.7.1. 

Erosion Morphological erosion (image processing term), see sec-
tion 5.7.2. 

Grid A two dimensional matrix. 

Grid size The size of a grid (in pixels). 

Gridding The problem of creating uniformly-spaced data from 
irregular spaced data.  

LiDAR Image A seven band image in ENVI consisting of: zMin, zMax, 
reflForZMin, reflForZMax, echoes, accEchoes and hit-
Mask see section 4.3. 

Mask (pixel mask) An image (often binary) used in image processing for 
pointing out certain pixels in another image.  

Neuron A nerve cell in the brain or a node in an artificial neural 
network. 

Orthorectification The process where aerial photographs are registered to a 
map coordinate system and potential measurement errors 
are removed. 

Pixel A picture element in a digital image. 
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xv 

Pixel size The size which a pixel or a grid cell corresponds to (in 
meters). 

Synapse Elementary structural and functional units which medi-
tate the interaction between neurons, for details see [2].  

Thresholding An image processing operation. The pixels in an image 
which have a value higher than a specific value (thresh-
old) are kept and the rest is set to zero.  
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Operators 

cos(·) Cosine function 

H(·) Hough transform  

H-1(·) Inverse Hough transform 

max(·) Maximum value function 

mean(·) Average function 

min(·) Minimum value function 

sin(·) Sine function 
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Chapter 1 

Introduction 

1.1 Background 
At the Department of Laser Systems at the Swedish Defence Research Agency 
(FOI) there is work in progress to develop methods for automatic generation of ac-
curate and high precision 3D environment models. The 3D models can be used in 
several kinds of real world like simulations for both civilian and military applica-
tions, for example training soldiers in combat, crisis management analysis, or mis-
sion planning. To build these models high-resolution data sources, covering the ar-
eas of interest, are needed. A common data source used is an Airborne Laser Scan-
ner (ALS) with sub meter post spacing and high-resolution images. From the ALS 
system one can get a topology of an area and with use of images textures can be ap-
plied to the topology after an orthorectification process.    

The ALS system uses laser radar, referred to as Light Detection And Ranging (Li-
DAR) or sometimes Laser Detection And Ranging (LaDAR), which works similar 
to ordinary radar but uses laser instead of radio waves. The LiDAR system delivers 
distance to and reflection from the surface which the laser beam hits. The ALS is 
often combined with a Global Positioning System (GPS) and an Inertial Navigation 
System (INS), to keep track of position and orientation of the system. 
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There are methods developed for the purpose of automatically generating 3D mod-
els from LiDAR data, but there is a lot of work left to be done in this area. With the 
current methods developed, at FOI, it is possible to estimate a ground surface 
model and to classify vegetation and buildings. A method for separation of individ-
ual trees is also developed. There is a great interest in enhancing these methods and 
to develop new methods for finding and automatically classifying new classes such 
as power lines, roads, posts, bridges etc. In Figure 1-1 the process from collection 
of data to the classification is described. 

Figure 1-1 

 

Processing of data, from collection to classification. 

 

When a satisfying classification is achieved this information can be used to process 
data further. Constructing polygon models of buildings and extracting individual 
trees are some examples. The purpose of these steps is to reduce the amount of 
data making it possible to use in a real time simulator. The more one can refine 
data, the more complex and real world like models are possible to make. In the end 
all the processed data are put together to form the complete 3D model of the area 
of interest ready to be used in the desired application.   

1.2 Purpose 
The purpose of this thesis was to propose enhanced robust methods for classifica-
tion of buildings, vegetation, power lines, posts, and roads with the use of LiDAR 
data delivered by an ALS system from TopEye AB1. It was also a requirement that 
the methods were to be implemented in IDL2 and ENVI3. 

                                                           
1 TopEye AB is a civilian company that delivers helicopter based topographical data 
and digital images, see http://www.topeye.com.  
2 IDL is software for data analysis, visualization and application development, see 
http://www.rsinc.com/idl. 
3 ENVI is an extension to IDL, see http://www.rsinc.com/envi. 

Preprocessing of data 
(reforming data into 

grids) 

Collection of data 
(ALS) 

Ground 
estimation  

Classification 



Chapter 1 - Introduction 

3 

1.3 Limitations 
This thesis covers classification of ground objects. The classes buildings and vegeta-
tion are limited to only include objects elevated more than two meters above 
ground level. The classification of power lines only includes those power lines 
which consist of two or more cables. The classification of buildings assumes that 
the size of a building should be at least 1.5 square meters. 

1.4 Outline 
This thesis was written for FOI as well as for academics interested in this area. To 
profit the most from the thesis it is good to have some basic knowledge in the field 
of image processing. The complete classification process, from collecting LiDAR 
data to classification images, can in this thesis be described by the following steps: 

1. Collection of LiDAR data, described in chapter 3. 

2. Gridding of LiDAR data, described in chapter 4. 

3. Ground estimation, described in section 5.1. 

4. Classification, described in chapter 6. 

Steps 2 to 4 need to be implemented to have a foundation for a classification system 
for collected LiDAR data. 

Chapter 2 gives a brief description of the implementation languages IDL and ENVI 
and the visualization software RTV LiDAR toolkit; readers already familiar with 
these systems can skip this chapter. Chapter 3 covers the gathering of LiDAR data 
and a description of TopEye’s LiDAR system; readers already familiar with the 
TopEye system can skip this chapter. Chapter 4 describes the problems with grid-
ding of LiDAR data and a few solutions to the problems. Chapter 5 describes pre-
vious work done in this area and methods used in later chapters. Chapter 6 de-
scribes the different classes and the classification methods. In chapter 7 the testing 
of the developed methods is described and comparisons with other classification 
methods are made. In chapter 8 conclusions are presented. 
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Chapter 2 

Development Software 

2.1 Introduction 
We have used IDL with ENVI for the entire implementation of our system includ-
ing the algorithms presented in later chapters. This chapter gives a short description 
of these implementation environments and a classification program used for com-
parisons. 

2.2 IDL 
The Interactive Data Language (IDL) is developed for data analysis, visualization 
and image processing. It has many powerful tools implemented which make IDL 
easy to use. Support of multithreading makes IDL use your computational power 
more efficient on a multiprocessor system. 

2.3 ENVI 
The Environment for Visualizing Images (ENVI) is an interactive image processing 
system that works as an extension to IDL. From its inception, ENVI was designed 
to address the numerous and specific needs of those who regularly use satellite and 
aircraft remote sensing data. 



Swedish Defence Research Agency (FOI) 

6 

ENVI addresses common image processing problem areas such as input of non-
standard data types and analysis of large images. The software includes essential 
tools required for image processing across multiple disciplines and has the flexibility 
to allow the users to implement their own algorithms and analysis strategies. 

2.4 RTV LiDAR Toolkit 
LiDAR Toolkit was originally developed by SAIC1 for the Joint Precision Strike 
Demonstration program. The Rapid Terrain Visualization (RTV) LIDAR Toolkit is 
a set of algorithms, together with a GUI, for extracting information from LiDAR 
data. It includes tools for visualizing LiDAR data, extracting bare earth surface 
models, delineating and characterizing vegetation (including individual trees), map-
ping buildings, detecting road networks and power lines, and conducting other 
analyses. RTV LIDAR Toolkit works as an extension to ArcView2. More informa-
tion about RTV LIDAR Toolkit can be found on their homepage3. 

The toolkit's visualization tools enable users to perform hill shading with diffuse 
lighting and 3D rendering. Feature extraction tools include detection of power utili-
ties, vegetation (location of individual trees, creation and attribution of forest poly-
gons), buildings (building attribution, building footprint capture and refinement) 
and roads. We have used this toolkit to perform comparisons with its built-in classi-
fication routines and the classification routines described in chapter 6. 

  

                                                           
1 SAIC is a research and engineering company, see http://www.saic.com. 
2 ArcView is a map visualizing tool, see http://www.esri.com/software/arcview/. 
3 http://www.saic-westfields.com/lidar/Index.htm. 
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Chapter 3 

Collection of LiDAR Data 

3.1 Background 
The first experiments using laser to measure elevation of the earth surface began in 
the 1970s. These experiments were the starting point towards the development of 
the powerful and accurate LiDAR sensors of today. 

A direct detecting LiDAR system fires high frequency laser pulses towards a target 
and measures the time it takes for the reflected light to return to the sensor. The re-
flected light is called an echo. When time of flight (t) is measured the distance (d) to 
the surface can be calculated knowing the speed of light (c), see Equation 3-1. The 
sensors also measure the intensity of the reflected beam. The intensity is an interest-
ing complement to the distance data because it shows the characteristics of the tar-
get.       

Equation 3-1 

2
tcd ⋅

=  
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3.2 The TopEye System 
All the data used as input during the development of methods in this thesis was 
provided by an ALS system from TopEye AB. TopEye AB is a company based in 
Gothenburg which provides topographical data and digital images. The scanner 
used is of LiDAR type and is mounted on a helicopter. The helicopter is able to 
scan large areas in a small amount of time. It has an operational altitude of 60-900 
meters and with a swath angle of 40 degrees it has a swath width of 20-320 meters. 
The scanning is performed in a zigzag pattern with a sampling frequency of ap-
proximately 7 KHz while the helicopter is moving forward, see Figure 3-1. The size 
of the laser footprint when it hits the ground has a diameter of 0.1-3.8 meters.  

The data used in this thesis was acquired at altitudes of 120-375 meters at speeds of 
10-25 meters per second producing a high point density of 2-16 points per square 
meter. 

Figure 3-1 

 

The TopEye system scans the ground in a zigzag pattern. 

  

To determine the exact position of the helicopter, it is equipped with a differential 
GPS. The pitch, yaw and roll angles are calculated by an INS onboard the helicop-
ter. With a GPS and an INS the accuracy of data becomes approximately one deci-
metre in each direction: x (eastern), y (northern) and z (height).   

To retrieve more interesting information the system is built to be able to receive 
more than one echo per laser pulse and to measure the intensity of the pulse. The 
multiple echoes could appear for example when a laser pulse hits a tree, a part of 
the pulse is reflected off some leaves and the rest of the pulse is reflected off the 
ground, see Figure 3-2. This would be registered as two echoes also called a multi-
ple echo. 
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Figure 3-2 

 

Collection of multiple echoes and multiple hits with the same coordinates. To the 
left a laser pulse hits both the canopy and penetrates it and hits the ground produc-
ing a double echo. To the right a laser scan hits a building producing three hits 
with the same coordinates. 

 

When the scan swath hits a vertical surface, for example a wall on a house, you can 
get several points with the same position but different elevation, see Figure 3-2. 
This is not the same thing as multiple echoes. If the laser pulse hits a very shiny sur-
face that does not lie orthogonal to the laser pulse the entire pulse is reflected but 
misses the sensor and all information about that pulse is lost. This phenomenon is 
called dropouts and often occurs when scanning over lakes, ponds, tin roofs, wind-
shields of cars etc. 

The camera used in the TopEye system is a digital high resolution Hasselblad1 cam-
era. It is connected to the GPS and the INS to decide the coordinates of the pho-
tos. These digital photos are not used by the algorithms presented in this thesis but 
could be useful in classification after an orthorectification. 

3.3 Data Structure 
The output data from the TopEye system is derived from the different systems in 
the helicopter. The result is stored as a plain text file with the structure seen in 
Figure 3-3.  

Every row in the structure corresponds to a pulse response, i.e. the properties of a 
returning laser pulse. The first field in every row is the pulse number, the second is 
the y coordinate, the third is the x coordinate, the fourth field is the z value and the 
fifth field is the intensity of the reflection. The x and y coordinates are written in 
meters and the z value is meters above sea level where the laser beam hits the ter-
rain.  

                                                           
1 Hasselblad is a Swedish camera manufacturer, see http://www.hasselblad.se. 
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The output data could sometimes have a different structure, for example including a 
few more values, but the output always contains the x, y, z, and reflection fields. 
These values are required for our methods, described in later chapters, to work. 

Figure 3-3 

2595108 6501406.27 1471600.61 86.29 3.40 

2595109 6501406.45 1471600.62 86.23 5.00 

2595110 6501406.66 1471600.65 86.22 3.10 

2595110 6501405.09 1471600.65 80.79 1.90 

2595111 6501406.91 1471600.67 86.24 1.60 

2595111 6501405.34 1471600.67 80.79 11.10 

2595112 6501405.61 1471600.70 80.78 27.80 

2595113 6501405.93 1471600.73 80.81 33.30 

25951…     

Structure of output data from the TopEye system. The LiDAR data delivered by 
TopEye lies in a plain text structured as seen in this figure.  
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Chapter 4 

Gridding of LiDAR Data 

4.1 Background 
The data retrieved by TopEye is irregularly sampled. Calculations made on irregu-
larly sampled data are often more complicated and more time consuming than cal-
culations on regularly sampled data. To reduce the calculation burden and to sim-
plify the algorithms gridding of the LiDAR data into regularly sampled grids was 
made. One type of grids is called a Digital Surface Model (DSM) which delivers the 
elevation as a function of the position. Resampling the data into a grid is not a triv-
ial problem and it requires knowledge of what kind of information that needs to be 
extracted from the data for later processing.  

This chapter describes the problems which can occur when sampling the data in a 
regular grid and when data is missing in one or more cells in the grid. It also de-
scribes a few approaches to solve these problems and which approach we chose to 
use. 

4.2 Different Sampling Approaches 
There are two main approaches for the sampling of irregularly positioned data 
points into uniformly-spaced grids: sampling after interpolation and cell grouping. 
Both approaches are described below. 
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4.2.1 Sampling after Interpolation 
This approach works by first interpolating the irregular data using for example De-
launay triangulation [3]. Data is then sampled into a rectangular grid. The advantage 
with this method is that it does not get any regions of missing data besides from re-
gions located outside the convex hull when Delaunay triangulation is used. 

The biggest drawback with this method is that significant height data can be lost. 
For example, when there are data points on a light post and the grid samples are not 
taken exactly on the top of the post the result can be a lower height value than the 
correct one, see Figure 4-1, and thereby loose significant information. This loss of 
height information can make the classification of narrow high objects impossible. 

Figure 4-1  

 

Loss of significant height information using the sampling after triangulation ap-
proach, applied to a light post. 

 

4.2.2 Cell Grouping 
In this approach all original data are sorted into groups which are positioned inside 
the same cell in a uniformly-spaced grid. From each cell you can pick or calculate 
one or several values which represent that group. The advantage with this approach 
is that you can generate several grids with certain desired characteristics. One draw-
back with this method is that it can leave cells empty in the grid, see Figure 4-2. An 
interpolation of these missing data has to be done after the sampling. The interpola-
tion methods used are described in section 4.4. 

This approach was the one we chose to use because of its flexibility and the fact 
that we could define which characteristics we wanted to keep. Thereby all signifi-
cant information can be kept. This is not possible with the sampling after interpola-
tion approach. 

= Original irregular data points 

= Regularly sampled points 
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Figure 4-2 

 

Empty cells after cell grouping. Left: Raw data. Right: Data grouped into a grid. 
Two cells are missing data. 

 

4.3 Data Grids 
Here follows a description and a motivation of the different grids that we chose to 
generate from the cell groupings. We chose to represent the LiDAR data with seven 
grids: zMin, zMax, reflForZMin, reflForZMax, echoes, accEchoes and hitMask. In the rest 
of the thesis these seven grids are grouped and called LiDAR Image (LIM). A grid 
can be seen as an image where the cells correspond to pixels. The seven grids are 
described below. 

4.3.1 zMin 
In the zMin grid the lowest z-value of each cell in the original grid is stored in each 
cell, see Figure 4-3. Empty cells are set to the value +infinity. The zMin values are 
useful when generating the ground surface. 

4.3.2 zMax 
In the zMax grid the highest z-value of each cell in the original grid is stored in its 
respective cell, see Figure 4-3. Empty cells are set to the value -infinity. The zMax 
grid contains more values on top of trees and other semitransparent objects than 
zMin making it possible to classify those objects. Note that trees are denser in zMax 
than in zMin, see Figure 4-3. Both zMax and zMin are DSMs. 

4.3.3 reflForZMin 
We chose to store the intensity values for the data in two different grids: reflForZ-
Min and reflForZMax. In the reflForZMin grid the intensity value corresponding to 
the sample in zMin is chosen for each cell, see Figure 4-4. Empty cells are set to the 
value NaN (Not a Number). Observations have shown that asphalt and gravel often 
get reflection values below 25. Grass often gets values of about 40 or higher. 

4.3.4 reflForZMax 
In the reflForZMax grid the intensity value corresponding to the sample in zMax is 
chosen for each cell, see Figure 4-4. Empty cells are set to the value NaN. 
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4.3.5 echoes 
In the echoes grid all multiple echoes are accumulated in the cells where the first 
echoes, in the multiple echoes, are found, see Figure 4-5. Empty cells are set to 
zero. Echoes often occur in trees and on building contours. This grid can therefore 
be used to separate buildings from trees. 

4.3.6 accEchoes 
The accEchoes grid is similar to the echoes grid, but here the echoes are accumu-
lated both in the cell where the first echo is found and in the cell where the second 
(third, fourth and so on) echo is found, see Figure 4-5. Empty cells are set to zero. 
This grid can, like the echoes grid, be used to separate buildings from trees. 

4.3.7 hitMask 
In the hitMask grid the number of samples in each cell group are accumulated and 
the sum is stored in the corresponding cell in the hitMask, see Figure 4-6. Empty 
cells are set to zero. The hitMask is useful for statistics, normalization of e.g. the 
echoes grid (to make it independent from the sample density) and to see the cover-
age of the scans. 

Figure 4-3 

  

The zMin and zMax grids. Left: The zMin grid with a pixel size of 0.25 meters. 
Right: The zMax grid with a pixel size of 0.25 meters. Note the differences in the 
canopies. (Black corresponds to low elevation and white to high elevation). 
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Figure 4-4 

  

The reflForZMin and reflForZMax grids. Left: The reflForZMin grid with a pixel 
size of 0.25 meters. Right: The reflForZMax grid with a pixel size of 0.25 meters. 
Note the differences in the canopies. (Black corresponds to low intensity and white 
to high intensity). 

 

Figure 4-5 

  

The echoes and accEchoes grids. Left: The echoes grid with a pixel size of 0.25 me-
ters. Right: The accEchoes grid with a pixel size of 0.25 meters. (White corresponds 
to few echoes and black corresponds to a lot of echoes). 
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Figure 4-6 

 

The hitMask grid with a pixel size of 0.25 meters. (White corresponds to no hits and 
black corresponds to several hits). 

 

4.4 Missing Data 
When the data is sampled into the rectangular grids some cells might be left without 
samples. This can occur if the point density in the data is too sparse in comparison 
to the grid size or if laser pulses are lost due to shiny objects. Missing data is seen in 
the hitMask as white areas, see Figure 4-6. Due to the fact that several different 
sources can cause gaps in the data, interpolation of the empty cells is not a trivial 
problem.  

Missing data could be seen as completely unknown data or you can assume that the 
missing data is similar to the surrounding data. To assume the first is maybe the 
most intuitive but it makes the development of new algorithms more difficult. To 
assume the latter is in most cases a good solution but in some cases it can generate 
incorrect values. An example is when a building has a very shiny roof the ground 
can be interpolated into the roof making the segmentation and classification harder.  

We have chosen to interpolate the missing data from the surrounding values to 
make it easier to write efficient algorithms. Below follows two approaches for inter-
polating the missing data. 
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4.4.1 Mean Value Calculation 
We have studied and implemented two methods which work with mean value calcu-
lations. The first one works by calculating a mean value of the surrounding cells and 
putting it into the grid at once. It starts at the top left corner of the grid and works 
its way down through the grid one row at the time. Every time it encounters a cell 
missing a value a mean value of the surrounding cells is calculated and put in the 
cell. The value is put in before the algorithm proceeds to the next cell. If none of 
the neighbours has a value the cell is left untouched. In this way the whole image is 
filled except maybe for the upper left corner if there are missing data in the upper 
left corner from the start. To correct the problem with the upper left corner the al-
gorithm finishes up by running the same procedure once again but now from the 
lower right corner and up. This creates a spreading or smearing effect as it moves 
through the grid.  

The second method works by recursively calculating a mean value of the surround-
ing cells. It steps through the grid and for every cell that already has a value it writes 
the value in an output image. If a missing value is detected the mean value of the 
surrounding pixels are put into the output image and if none of the surrounding 
pixels have a value the mean value of their neighbours are calculated and so on. 
This method was used for interpolating the datasets for the tests and comparisons 
in chapter 7. Observations we made showed that both methods worked well in ar-
eas with a high point density. 

4.4.2 Normalized Averaging 
The second approach to interpolate data is to use normalized averaging with an ap-
propriate applicability function. The normalized averaging method is described in 
[4]. The problem with this method is how to choose the applicability function due 
to that the size of areas with missing data can vary. This demands a certain amount 
of human interaction to make it work satisfying. 
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Chapter 5 

Previous Work and Methods Used 

5.1 Introduction 
This chapter describes methods used in the following chapters. A ground estima-
tion algorithm [5] is presented which is used without modifications throughout 
chapter 6. The different feature extractions, the neural network, and Hough trans-
formation are used in the classification of buildings, see section 6.5. The Hough 
transform is also used in the classification of power lines in section 6.4. Some basic 
ideas from the classifications described in this chapter are used for the classifica-
tions in chapter 6. The image processing operations dilation, erosion, and contour 
extraction are also described in this chapter. 

5.2 Ground Estimation 

5.2.1 Introduction 
To successfully segment and later classify vegetation, buildings and other objects in 
a DSM, see Figure 5-1, we need to determine the ground level in every position. 
The elevation of the ground as a function of the position is called a Digital Terrain 
Model (DTM), see Figure 5-2. To make the segmentation invariant to local changes 
in the terrain a Normalised Digital Surface Model (NDSM), see Figure 5-3, is 
needed. A NDSM is the ground subtracted from a DSM. 
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A DTM can also be used when generating a 3D model. A DTM works as a founda-
tion and objects like trees and buildings etc. are placed on top of it. A texture can 
also be applied using for instance an orthorectified photograph over the area which 
is being modelled.  

Figure 5-1 

 

A DSM of the area around the water tower in Linköping. 
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Figure 5-2 

 

A DTM of the area around the water tower in Linköping. 

 

Figure 5-3 

 

A NDSM of the area around the old water tower in Linköping. Notice the flat 
ground. 
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5.2.2 Method 
The algorithm described in this section is developed by Elmqvist and described in 
[6]. This algorithm utilises the theory of active contours [7], where the contour can 
be seen as a 2D elastic rubber cloth being pushed upwards from underneath the 
DSM and sticking to the ground points. The elastic forces will prevent the contour 
from reaching up to points not belonging to the ground. 

By adjusting the elasticity in the contour the behaviour of the algorithm can be 
changed. Higher elasticity means that the rubber cloth can be stretched more and 
results in rougher DTMs, containing smaller rocks and other low objects such as 
cars. Lower elasticity produces smoother DTMs; see Figure 5-4 for an example. 
When using the ground to make a NDSM, to be used in a classification, a rougher 
DTM is often preferred because small cars, which can be confused with vegetation, 
are then removed in the NDSM. 

Figure 5-4 

  

Two DTMs with different elasticity. Left: Smooth DTM with low elasticity. Right: 
Rough DTM with high elasticity. 

 

The algorithm has proven to be robust and performs well for different kinds of ter-
rain. One disadvantage is that the time consumption is rather high because the ac-
tive contour contains equal number of elements, or pixels, as the number of pixels 
in the DSM. The implementation of the algorithm is an iterative process that uses a 
PID regulator [8] and continues until the contour becomes stable or a maximum 
number of iterations are reached. For best performance the zMin grid should be 
used as input to the algorithm, due to the fact that zMin contains more ground 
points than zMax [6].  



Chapter 5 - Previous Work and Methods Used 

23 

5.3 Feature Extraction 

5.3.1 Maximum Slope Filter 
The maximum slope filter [9] approximates the first derivate. It is calculated for 
each pixel in the grid using the current pixel and its eight neighbour pixels, see 
Equation 5-1. The result from a maximum slope filtering can be seen in Figure 5-5. 
Buildings usually have steep walls, rather smooth roofs with a low slope, and just a 
few discontinuities such as chimneys, antennas etc. This is why the maximum slope 
filtering gives high values on the walls of buildings and rather low values on the 
roofs. Vegetation often has large variations in the height due to its shape and 
sparseness (a sparse tree lets a big part of the laser beams penetrate the canopy and 
hit the ground), which give large differences between zMin and zMax. This will ren-
der high values for vegetation in a maximum slope image. 

Equation 5-1 
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Figure 5-5 

  

A maximum slope filtered grid. Left: A zMax grid. Right: The filtered grid. 
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5.3.2 LaPlacian Filter 
The LaPlacian filter [9] approximates the second derivate. It is calculated for each 
pixel in the grid using the current pixel and its four 4-connective neighbour pixels, 
see Equation 5-2. The result from a LaPlacian filtering can be seen in Figure 5-6. As 
mentioned in the previous section buildings usually have rather smooth roofs and 
just a few discontinuities while vegetation often has large variations in the height 
due to the shape and its sparseness. This gives high values on the walls of houses 
and in vegetation, but low values on roofs and on the ground in the LaPlacian fil-
tered images. 

Equation 5-2 
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Figure 5-6 

  

A LaPlacian filtered image. Left: a zMax grid. Right: the LaPlacian filtered grid. 

 



Chapter 5 - Previous Work and Methods Used 

25 

5.4 Classification 

5.4.1 Buildings and Vegetation 
The only classification method we have been able to study in detail is the method 
described in [9] by Persson. The classification iterates through the pixels one at a 
time classifying them as either vegetation or building pixels. First a ground surface 
model is used to separate object pixels from ground pixels. All pixels which lie more 
than two meters above the ground are set as potential object pixels. zMin and zMax 
are filtered with both a maximum slope and a LaPlacian filter. The filtered images 
are then median filtered [10]. From these two filter results the pixels are classified 
using a maximum likelihood classifier [11]. To improve the classification double 
echoes are used together with some morphological operations. For a more detailed 
description of the method see [9]. 

The classification works well on areas where trees and buildings are naturally sepa-
rated and where the edges of buildings are straight. Observations made show that 
this method can result in false classifications if there are trees standing close to a 
building and partially covering it, or if there are balconies or other extensions of the 
building. This is illustrated in Figure 5-7, where the area was chosen to show the 
shortcomings of this method. The use of maximum slope and LaPlacian filtering is 
reused (in a somewhat modified way) in our developed algorithm for classifying 
buildings, see section 6.5. 

Figure 5-7 

  

An area classified with the classification algorithm by Persson [9]. Left: A zMax 
grid. Right: The classification of the area (grey pixels are classified as buildings 
and white as vegetation). Notice the poor results where trees are close to buildings. 

 



Swedish Defence Research Agency (FOI) 

26 

5.4.2 Power Lines 
The power line classification method we developed (described in chapter 6) is in-
spired by Axelsson’s method [12] which separates and classifies power lines and 
vegetation. The method in [12] is not described in detail; just the basics are de-
scribed. The classification process has three basic steps: 

1. Separation of ground surface and objects above ground. 

2. Classification of objects as power lines or vegetation using the statistical 
behaviours such as multiple echoes and the intensity of the reflection. A 
power line does almost always give a multiple echo and the intensity dif-
fers between power lines and vegetation. 

3. Refined classifications using the Hough transform to look for parallel 
straight lines. 

These steps constitute the basis of our developed algorithm for classifying power 
lines described in section 6.4. 

5.5 Hough Transformation 
The Hough transform [1] is an old line detection technique which was developed in 
the 1950s. The Hough transform is used to detect straight lines in a 2D image. The 
Hough transform H(θ, r) for a function a(x, y) is defined in Equation 5-3, where δ is 
the Dirac [13] function. Each point (x, y) in the original image (a) is transformed 
into a sinusoid, r = x·cos(θ)-y·sin(θ), where r is the perpendicular distance from origin 
to a line at an angle of θ, see Figure 5-8. Points that lie on the same line in the image 
will produce sinusoids that will intersect in a single point in the Hough domain, see 
Figure 5-8. 

The inverse transform, also called back projection, transforms each point (θ, r) in 
the Hough domain to a straight line in the image domain, y = x·cos(θ)/sin(θ)-r/sin(θ).  

The Hough transform used on a binary image will produce a number of sinusoids. 
If there is a line in the image the pixels in it will result in sinusoids which intersect at 
a point (θ, r) in the Hough transformed image, see Figure 5-8. The Hough trans-
formed image contains the sum of all sinusoids.  

By thresholding the images in the Hough domain, with a threshold T, the back pro-
jected image will only contain those lines that contain more than T points in the 
original image, see Figure 5-9.  

Equation 5-3 
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Figure 5-8 

 

Hough transformation. Three points, lying on a straight line in the image domain 
are transformed to three sinusoids in the Hough domain.  

 

Figure 5-9 

 

Inverse Hough transformation. A point in the Hough domain, (θl,rl), which is de-
rived from a thresholding of the transformation result in Figure 5-8 with the 
threshold T = 2,  is back projected to a straight line in the image domain. 
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5.6 Neural Networks and Back Propagation 

5.6.1 Introduction 
The human brain has always fascinated scientists and several attempts to simulate 
brain functions have been made. Feed forward back propagation neural networks 
are one simulation attempt used in many different fields for example artificial intel-
ligence, machine learning, and parallel processing. 

The thing that makes neural networks (from here on when we write neural network 
or just network, we mean a feed forward back propagation neural network) so at-
tractive is that they are very suited for solving complex problems, where traditional 
computational methods have difficulties solving. To read more about the back 
propagation method and neural networks we refer to [14]. 

5.6.2 The Feed Forward Neural Network Model 
The human brain constitutes of approximately 1010 neurons and 6·1013 synapses or 
connections [4]. To simulate the human brain one has to make a simplified model 
of it. First, the connections between the neurons have to be changed so that the 
neurons lie in distinct layers. Each neuron in a layer is connected to all neurons in 
the next layer. Further, signals have to be restricted to move only in one direction 
through the network. The neuron and synapse design are simplified to behave as 
analogue comparators being driven by the other neurons through simple resistors. 
This simplified model can be built and used in practice. 

The neural network is built of one layer of input nodes, one layer of output neu-
rons, and a number of hidden layers, see Figure 5-10. Every layer can consist of an 
arbitrary number of neurons. The number of layers and neurons should be adjusted 
to suit a specific problem. A good pointer is that the more complex problem you 
have the more layers and neurons should be used in the hidden layers of the net-
work [14]. 

Each neuron receives a signal from the neurons in the previous layer and each of 
those signals are multiplied by a separate individual weight value, see Figure 5-11. 
The weighted inputs are summed and passed through a limiting function which 
scales the output to a fixed range of values, often (0, 1) or (-1, 1). The output from 
the limiting function is passed on to all the neurons in the next layer or as output 
signals if the current layer is the output layer [14].  
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Figure 5-10 

 

A feed forward back propagation neural network with two hidden layers. 

 

Figure 5-11 

 

The structure of a neuron in an artificial neural network.  W1,W2,…,Wn are the in-
dividual weight values. 
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5.6.3 Back Propagation 
Since the weight values in the neurons are the ‘intelligence’ of the network, these 
have to be recalculated for each type of problem. The weight values are calculated 
through training of the network using the back propagation method.  

The back propagation method is a supervised learning process which means that it 
needs several sets of inputs and corresponding correct outputs. These input-output 
sets are used to learn the network how it should behave. The back propagation al-
gorithm allows the network to adapt to these input-output sets. The algorithm 
works in small iterative steps: 

1. All weight values are set to random values. 

2. An input is applied on the network and the net produces an output based 
on the current weight values. 

3. The output from the network is compared to the correct output value and 
a mean squared error is calculated. 

4. The error is propagated backwards through the network and small changes 
are made to the weight values in each layer. The weight values are changed 
to reduce the mean squared error for the current input-output set. 

5. The whole process, except for step 1, is repeated for all input-output sets. 
This is done until the error drops below a predetermined threshold. When 
the threshold is reached the training is finished. 

A neural network can never learn an ideal function exactly, but it will asymptotically 
approach the ideal function when given proper training sets. The threshold defines 
the tolerance or ‘how good’ the net should be. 

5.7 Image Processing Operations 

5.7.1 Dilation 
Dilation is a morphological operation used for growing regions of connected pixels 
in a binary image [1]. A kernel defines how the growing is performed. The kernel is 
placed over every image pixel that is set in the original image (with the kernel’s 
center pixel over the image pixel) and all pixels covered by the kernel is set in the 
output image An example can be seen in Figure 5-12. 

5.7.2 Erosion 
Erosion is a morphological operation used for shrinking regions of connected pixels 
in a binary image [1]. A kernel defines how the shrinking is performed. The kernel is 
placed over every pixel that is set in the original image (with the kernel’s center pixel 
over the image pixel) and the only pixels that get set in the output image are the 
ones where all the surrounding pixels covered by the kernel are set. An example can 
be seen in Figure 5-13. 
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Figure 5-12 

  
.  1.                  2.                      3.       . 

  
.  4.                  5.                      6.       . 

Dilation. Dilation of the images 2 and 5 using the kernels 1 (4-connetive) and 4 (8-
connective). The results are the images 3 and 6. The center pixels of the kernels are 
marked with a dot. 

 

Figure 5-13 

 
1.                      2.                        3.       . 

  
 4.                      5.                         6.       . 

Erosion. Erosion of the images 2 and 5 using the kernels 1 (4-connetive) and 4 (8-
connective). The results are the images 3 and 6. The center pixels of the kernels are 
marked with a dot. 
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5.7.3 Extraction of Object Contours 
In section 6.5.3 the contours of objects are used. To extract the contour of an ob-
ject it is first eroded. The eroded object is then subtracted from the original object. 
The result is the object contour. The shape and thickness of the contour can be 
modified by performing more erosions and using different kernels. Examples of 
contour extraction are shown in Figure 5-14. 

Figure 5-14 

 

Contour extraction of the objects 2 and 6 using the kernels 1 and 5. The results are 
the contours 4 and 8.   
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Chapter 6 

Classification 

6.1 Introduction 
In this chapter our methods for classification of DSMs are described. To make the 
classification invariant to terrain variations NDSMs have been used, see section 5.1. 
The data used as input to the different algorithms in the classification are LIM and 
DTM files. The NDSM is calculated by subtracting a DTM from the corresponding 
zMax grid. Only pixels which have values higher than two meters in the NDSM are 
classified. The value of two meters has been chosen to make the classification in-
sensitive of low objects such as walking people and cars. These objects are volatile 
and not handled by the classification algorithms described in this thesis.  

The output from the classification is a grid (i.e. a classification image) with the same 
size as the DSM and every pixel has a label (marking) which tells what class the 
pixel is classified as. The classification image can thereby be used as a pixel mask to 
extract points of a certain class from the DSM.  

The classification can also be used to extract pixels for algorithms which construct 
polygon models of buildings, or other objects, in 3D environments. The classifica-
tion algorithms are developed for a pixel size of about 0.25 to 0.5 meter, but they 
could be modified to work with other pixel sizes. 
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6.2 Classes 
In this section we describe the classes, and their characteristics, which our algo-
rithms should manage to classify. The characteristics are the things which separate a 
class from all the others. 

6.2.1 Power Lines 
Power lines are characterised by the fact that they hang several meters above the 
ground in parallel linear structures. If a pixel size smaller than 0.5 meters is used, the 
individual cables will often be separated by at least one pixel in the gridded image. 
The reflection of a power line is low due to the fact that power lines are often 
coated with a black plastic cover. Power lines are thin which very likely will render 
in a multiple echo when scanned by an ALS system. 

6.2.2 Buildings 
The class buildings consists mostly of houses but all manmade buildings larger than 
1.5 square meters are included (based on an assumption that all manmade buildings 
are larger than this size).  Buildings can often be seen as a number of connected rec-
tangles. The roof of a house is usually very smooth compared to the topology of a 
tree. Double echoes usually occur on the contours of buildings but vary rarely on 
the roofs. 

6.2.3 Posts 
A single post usually appears as a small and elevated region in the NDSM. The size 
of the region depends on the resolution of the NDSM and the size of the post. The 
post class includes objects such as lamp posts and small masts. 

6.2.4 Roads 
Roads are characterised by the fact that they are at ground level and are somewhat 
planar for shorter segments. Asphalt does not reflect the laser as well as grass and 
thereby roads will have low intensity (in reflForZMin and reflForZMax). Gravel 
roads reflect more light and are harder to distinguish from grass. In the road class 
all asphalt and gravel surfaces are included. A feature of most asphalt roads which is 
not used in this method is the reflective markings on the road edges; those could be 
used if there is a high point density. One thing which complicates the road detec-
tion is that the road can be completely or partially shadowed by trees or buildings in 
the DSM. No methods for extracting road nets of connected roads are developed in 
this thesis. 

6.2.5 Vegetation 
The vegetation class consists mostly of bushes and trees. Vegetation is often semi 
transparent to the laser resulting in many multiple echoes in these areas. Another 
thing which separates trees from buildings is that the surface of a tree often is 
rougher than roofs of a building as mentioned above. 
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6.3 Classification Model 
We have chosen a sequential classification model. The different classes are sorted in 
a hierarchical order and calculated sequentially, see Figure 6-1. The power line clas-
sification is independent from the other classifications and is performed first. The 
result from this classification is used in the next classification (if necessary). After 
every classification step the result is added to the previous result. The latter classifi-
cations can not override the previous ones. This approach avoids ambiguities that 
could occur if all classifications are done parallel and independent from each other. 
For example, in a parallel approach a pixel could be classified both as a post-pixel 
and a power-line-pixel, which would generate a need for further processing. The 
fact that the preceding classes already are calculated in a sequential model makes it 
possible to remove these classifications from the image before classifying it further. 
This reduces the chance of making false classifications.      

Figure 6-1 

 

Classification model. 
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6.4 Classification of Power Lines 
The algorithm for classifying power lines is inspired by the method described in sec-
tion 5.4.2, which is based on three steps. From these steps four features can be ex-
tracted: 

1. Power lines lie above ground surface level. 

2. Power line pixels are very likely to have a double echo. 

3. The reflection values of power lines differ from the ones of vegetation. 

4. The pixels on a power line always lie in a linear structure consisting of sev-
eral parallel lines that can be found using the Hough transform (for a de-
scription of the Hough transform see section 5.5). 

Due to the insufficient description of the algorithm in [12] we had to develop our 
own, based on the four facts above. We added some features to make the classifica-
tion more reliable: 

5. A power line lies more than six meters from the ground (an extension of 
the first feature). 

6. Power line pixels must lie in a linear pattern with its neighbouring power 
line pixels. 

7. A power line contains at least two cables. 

These seven assumptions are the base of our algorithm. The details of the algorithm 
are described below. An overview of the program flow can be seen in the flowchart 
in Figure 6-2. 
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Figure 6-2 

 

Flowchart for classification of power lines. 
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6.4.1 Pre-processing 
The input data for the algorithm is a LIM and a DTM. From the LIM only the 
zMax, reflForZMax and echoes grids are used. All missing data in zMax and 
reflForZMax should be interpolated before the algorithm is applied. 

An assumption that a power line always lies at least six meters from the ground is 
made here. A mask is created where all pixels that lie more than six meters from the 
ground (DTM) are set to 1 (potential power line pixels) and all others are set to 0. 
Only pixels in the mask with values equal to 1 will be tested. 

Three tests are performed on each pixel that is set to 1 in the six meters mask: 

1. Is the reflection value in reflForZMax smaller than 10.0?  

2. Does the pixel lie in a linear pattern (see Figure 6-3) with its neighbours? 

3. Is there at least one double echo in the pixel? 

The value 10.0 in test 1 was established subjectively from observations we made. If 
any of these three tests fail the current pixel in the mask is set to 0, otherwise it is 
left unchanged. Then the next pixel is tested and so on until all pixels are tested. 
The linear pattern test is used to remove all trees and buildings which are not re-
moved by the other tests. The linear pattern test can also remove some of the 
power line pixels. This is if there are several power lines lying very close together 
and there is a high point density, but at the same time almost all trees will be re-
moved making it possible to find the power lines anyway, see Figure 6-4. 

Figure 6-3 

 

Allowed patterns in the pixel tests. The patterns rotated 90, 180, and 270 degrees 
are also allowed. 
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Figure 6-4 

  

Filtering of trees in power line classification. Left: The 6 meters mask. Right: The 
resulting mask after all three pixel tests. 

 

6.4.2 Transforming the Mask and Filtering 
To find linear structures in the resulting mask, from the pre-processing, it is trans-
formed using the Hough transform (see section 5.5). All values lower than the nrOf-
PowerPixels value (see Equation 6-1) are removed from the transformed mask; nrOf-
PowerPixels is a decision value that is calculated to decide if a line contains enough 
pixels to be considered a power line. It is used to avoid classifying short natural lin-
ear structures as power lines. The nrOfPowerPixels value should be independent of 
the image size so minimum of cols (the number of columns in the image) and rows 
(the number of rows in the image) is used. To make it independent of the point 
density in the image we multiply with the number of cells which have values larger 
than zero in the hitMask (nrOfFilledGrids) divided with the total number of cells 
(totNrOfGrids). The factor 0.1 is a tolerance level that we have established subjec-
tively from tests and observations. 

Equation 6-1 
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After removing values lower than nrOfPowerPixels, a filtration is performed on the 
result from. The filtration removes lines which do not have a parallel line close 
enough to itself based on the assumption that a power line must have at least two 
cables. The Hough transformation makes it easy to find parallel lines which are lo-
cated within a distance of at most one meter between each other. These lines are 
kept and the rest is removed. After the filtration the transformed image is inverse 
transformed. 

6.4.3 Classification 
The result from the inverse transformation is an image containing lines, but what 
we want is only the pixels that belong to power lines. To extract the pixels from the 
lines, the 6 meters mask is applied (multiplied) to the result. The result of the algo-
rithm is an image where all pixels classified as power lines are marked as power line 
pixels. 

6.5 Classification of Buildings 
When dealing with the classification of buildings, we have chosen to work with ob-
jects and classification of objects while most other algorithms work by classifying 
pixel by pixel. An object can be seen as a group of connected pixels with an eleva-
tion higher than 2 meters. The object should represent a real world object, but this 
cannot always be achieved.  

Working with objects has advantages but it also ha some disadvantages compared to 
working pixel by pixel. One advantage is being able to study characteristics of whole 
objects instead of just being able to study small surroundings of single pixels. A fea-
ture which can be used while working with objects is that the shape of most man 
made buildings consists of connected lines (often rectangular) looking from above. 
This is not the case with vegetation which has irregular shapes. This feature can be 
difficult to use when working with pixels. A disadvantage though, with this method, 
is that it can be difficult to separate objects, for example buildings and trees stand-
ing very close together. If the separation of objects fails the classification will also 
fail (at least where the separation fails). 

Our object based approach stops us from improving Persson’s algorithm in [9] di-
rectly. We decided to start from scratch and write our own algorithm, but we used 
some features from [9] like maximum slope filtration and LaPlacian filtering (see 
sections 5.3.1 and 5.3.2). Our building classification algorithm is described in detail 
below and the program flow can be followed in Figure 6-5. 
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Figure 6-5 

 

Flowchart for classification of buildings. 
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6.5.1 Pre-processing 
The input for the algorithm is a LIM, a DTM, and the power lines class. The only 
grids used in the LIM are zMin, zMax and echoes. If there are any missing data in 
the zMin grid or the zMax grid they are interpolated. From the zMin grid and the 
DTM a mask is calculated where all pixels that lie more than 2 meters above the 
ground are set to 1 the rest is set to 0. 

We assume that there is often a high concentration of multiple echoes in vegetation 
but for building the concentration of multiple echoes is very low, except for the 
walls. To remove as much trees as possible or at least separate buildings from 
vegetation, we use a dilated version of the echoes grid. The pixels in the echo mask 
is set to 0 where the echoes grid has one or more echoes and set to 1 everywhere 
else. The magnitude of the dilation differs depending on the pixel size. The echo 
mask is applied (multiplied) to the 2 meters mask generating a new mask, the object 
mask. Objects that are smaller than 1.5 square meters are then removed from the 
mask. This will remove small objects such as posts. An example of an object mask 
and its corresponding NDSM can be seen in Figure 6-6. 

Figure 6-6 

  

Object mask and its corresponding NDSM. Left: The object mask. Right: The 
NDSM. 

 

6.5.2 Calculating Values for Classification of Objects 
When the image is separated into objects, three decision values per object are calcu-
lated which later will be used for classification: a Hough value, a Maximum Slope 
value and a LaPlacian value. These three values are described in the following sec-
tions. 
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6.5.3 Hough Value 
A feature that differs between buildings and vegetation is that buildings are often 
shaped by straight lines while vegetation does not have any natural straight lines in 
their shape. There are of course some exceptions; a good example is high vegetation 
trimmed and shaped by humans, who seem to like straight lines. But for most build-
ings and vegetation this feature is still useful for separation.   

We have chosen to call this value a Hough value because of the use of the 2D 
Hough transform. The Hough value is a measurement of whether the objects con-
sist of straight lines or not. The Hough value is calculated using the Hough trans-
formation of the contour of the object. The contour is calculated by first eroding 
the object mask and then subtracting the eroded version of the object mask from 
the original object mask. The result can be seen in Figure 6-7.  

To separate buildings from other objects we use the difference between their histo-
grams. The histogram of buildings, which often are built up by straight lines, differs 
from the histogram of vegetation, which does not have any linear structures, see 
Figure 6-8. 

Figure 6-7 

 

Object contours. The contour of two buildings (number 1 and 2) and the contour of 
two trees (number 3 and 4). 
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Figure 6-8 

 

Histogram of Hough transformed object contours (see Figure 6-7). The x-axis is the 
value of the Hough transform and the y-axis is the number of samples with the cur-
rent x value. (The upper left figure is the histogram for object contour 1, the upper 
right figure is the histogram for object contour 2, lower left figure is the histogram 
for object contour 3, and lower right figure is the histogram for object contour 4).    

 

The histograms for buildings have similar distribution to the histograms for vegeta-
tion. A long straight line is transformed to a high value with the Hough transform 
and due to the fact that the contours of buildings are made up by long straight lines 
they get a few high values which are much higher than the greater part of the histo-
grams mass. These high values are not found in the histograms for vegetation. This 
difference can be seen in the histograms if the maximum x-values are compared, see 
Figure 6-8. 

To find a way to make the Hough value independent of the size of the object we 
chose to use a comparison of the upper three quarters of the histogram to the 
whole histogram, see Equation 6-2. objContour is the contour of the object seen in 
Figure 6-8. This value is low if the object contour only consists of a few lines and is 
high for all none linear structures. The Hough values for the example object con-
tours in Figure 6-7 are shown in Table 6-1. One observed disadvantage is that the 
Hough value becomes unreliable and random if an object in the image is very small 
or thin (i.e. has maximum radius less than the size of about eight pixels). 
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Equation 6-2 
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Table 6-1 

Hough values for objects in Figure 6-7. 

Object Hough value 

1 0.0693436 

2 0.0140190 

3 0.624128 

4 0.842930 

 

6.5.4 Maximum Slope Value 
The second value that is calculated is the maximum slope value. This value is an ap-
proximation of the mean value of the first derivate of the object’s pixels. First the 
zMax and zMin grids are filtered with a maximum slope filter (see section 5.3.1). 
Then for each object the mean value of the filtration is calculated by summing the 
filtration values corresponding to the object’s pixels and dividing with the total 
number of pixels in the object. As described in section 5.3.1 buildings usually have 
rather smooth roofs with low slope and just a few discontinuities, while vegetation 
often have large variations in the height due to the shape and its sparseness. Build-
ings get high values on the walls, but these pixels are often removed when the ob-
jects are separated see section 6.4.1. This gives buildings a lower maximum slope 
value than vegetation, in general. 
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6.5.5 LaPlacian Value 
The third value that is calculated for the building classification is the LaPlacian 
value. The LaPlacian value is an approximation of a mean value of the second deri-
vate of the object’s pixels. First the zMax and zMin grids are filtered with a LaPla-
cian filter (see section 5.3.2), then for each object the mean value of the filtration is 
calculated by summing the filtration values corresponding to the object’s pixels and 
dividing with the total number of pixels in the object. For the same reasons, as for 
the maximum slope value, buildings get a lower LaPlacian value than vegetation in 
general. 

6.5.6 Classification Using a Neural Network 
This is the step where the objects are classified as buildings or non-buildings. The 
classification is performed by a neural network previously trained using back propa-
gation, see section 5.6. The neural network can be seen as a function that takes 
three parameters; the Hough value, Maximum slope value and LaPlacian value. All 
parameters are normalized before they are put into the network. If the object to be 
classified has a maximum radius that is less than the size of eight pixels it is consid-
ered too thin for the Hough value to be reliable (see section 6.5.3). When this is the 
case, the Hough value for that object is set to the average of the Hough values used 
when training the neural network. After classification the neural network returns the 
binary value of 1 if the parameters represent a building and 0 otherwise. The pixels 
corresponding to the objects that got the value 1 are classified as buildings. 

6.5.7 Dilation of Objects 
After the classification, the objects are a bit smaller than they should be due to the 
separation method, used in section 6.4.1, which removes all multiple echo pixels. 
Buildings can have some multiple echoes on their walls. If this is the case, then the 
separation step will remove the outer contour of the buildings, see Figure 6-11. 

To restore the buildings to their original size and shape, a number of restricted dila-
tions are performed. First the number of necessary dilations are calculated, that is 
how much dilating that has to be made until the object reaches the edge of the two 
meters mask and at the same time does not expand too much into possible trees, 
see Figure 6-9. The number of dilations (nrOfDilations) is calculated according to 
Equation 6-3 where di is the closest distance from contour pixel (i) to the edge of 
the 2 meters mask, which is here calculated from the zMax grid and the DTM, see 
Figure 6-9.  

Equation 6-3 
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Figure 6-9 

 

Restricted dilation of an object. The edge of the two meters mask (solid line), and a 
dashed line representing the one and a half meters distance to the object are shown 
in the figure.  

 

Even though we have a limited number of dilations, buildings might grow into 
vegetation anyway. To avoid these misclassifications we used the fact that there is 
often a height difference between a building and a nearby tree (or other vegetation). 
To implement this we used dilation with a condition. The condition is that the dila-
tion candidate pixels (see Figure 6-10) must not differ more than one meter from 
the neighbouring object pixels (either 4-connected or 8-connected neighbours). If it 
differs more than one meter it is not set as an object pixel. The restricted dilations 
are performed with a 4-connective kernel and an 8-connective kernel every other 
time until the previously calculated number of necessary dilations is performed. Af-
ter the dilation all pixels outside the two meters mask are removed (set to 0). The 
result of the restricted dilation can be seen in Figure 6-11. If the dilation is per-
formed without any restrictions the buildings could grow into the surrounding vege-
tation, see Figure 6-12. 

The result of the algorithm is a classification image where all pixels classified as 
buildings, and at the same time not classified as power line pixels, are marked as 
building pixels. This result is combined with the result from the power lines classifi-
cation. 
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Figure 6-10 

 

Calculation of dilation candidate pixels. Left: A part of an object (filled pixels) and 
the dilation candidate pixels (dashed) for 4-connectivity and the 4-connective dila-
tion kernel (middle left). Middle right: A part of an object (filled pixels) and the di-
lation candidate pixels (dashed) for 8-connectivity and the 8-connective dilation 
kernel (right). 

 

Figure 6-11 

 

Restricted dilation of an object. Left: The object before dilation. Middle: The object 
after restricted dilation. Right: The dilated object with surrounding vegetation.   
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Figure 6-12 

 

A building dilated too many times without any restrictions. The building has grown 
into the surrounding vegetation (compare to Figure 6-11).      

 

6.6 Classification of Posts 
To have a class for posts is very useful especially in urban areas, which often have 
many light posts and traffic signs. If we did not have a post class these objects 
would probably be classified as vegetation and then modelled as very thin and tall 
trees, making a non-realistic impression in a 3D model of the classified region. A 
post in the LiDAR data usually appears as a few pixels or a single pixel, depending 
upon the pixel size, with higher elevation than the surrounding pixels. If the resolu-
tion is too poor (i.e. pixel size is greater than 0.5 meters) it is not likely to have more 
than one post pixel in the zMax grid. A flowchart describing the classification proc-
ess of posts is shown in Figure 6-13. 

6.6.1 Pre-processing 
The input data for the algorithm are a LIM, a DTM, and the building and power 
lines classes. From the LIM only the zMax grid is used. All missing data in the zMax 
grid should be interpolated before the algorithm is used. 

To extract candidate pixels an assumption is first made about posts, which is that 
they are between 3.5 and 11.0 meters high. Furthermore, a post is not allowed to be 
located closer than 2.0 meters from buildings, power lines, or other objects larger 
than 0.5 square meters with an elevation of at least 2.0 meters.  The reason for this 
is to avoid ambiguities, for example if a small and sharp elevated region is very 
close, less than 2.0 meters, to a forested area it is more likely to be a tree and not a 
post.    
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Figure 6-13 

 

Flowchart for classification of posts. 

 

6.6.2 Correlation of Candidate Pixels 
A correlation is performed using the candidate pixels and a kernel that matches the 
characteristics of a single post. The correlation is defined in [1] as Equation 6-4. 
Here is a the matching kernel, b the image with the candidate pixels, and d the result 
of the correlation. 
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The kernel used for the correlation can be seen in Figure 6-14. To get high correla-
tion for posts the kernel should have the same appearance as a post in the NDSM. 
A suitable kernel is a narrow spike in the centre of the kernel and lower values 
(zero) further out from the centre. The kernel is optimised for a pixel size of 0.25 
meters.  

Equation 6-4 
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Figure 6-14 

      

Correlation kernel for post classification. Left: The kernel used for correlation 
when classifying posts. The pattern should reassemble the elevation characteristics 
of a post. Right: An example of a 5 meters high light post in the NDSM. (White 
corresponds to high elevation. Pixel size is 0.25 m). 
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6.6.3  Classification 
After the correlation is performed the pixels which get a correlation value higher 
than 8.0 in the data are extracted. (The factor 8.0 is established through tests and 
observations.) These pixels are then masked with the candidate pixels calculated ear-
lier, so that only the relevant pixels are left. The relevant pixels extracted after corre-
lation is marked as post pixels and combined with the result from the building clas-
sification algorithm. 

6.7 Classification of Roads 
This algorithm classifies roads and other flat areas at ground level made of asphalt 
or gravel. The algorithm is based on the assumptions that a road lies at ground level 
and that the reflection has low intensity. There is no functionality for connecting 
road segments or creating complete road networks built into this algorithm; this is 
left for future research. The result from this algorithm could nevertheless be useful 
for development of such network creating algorithms in the future. The details of 
the algorithm are described in the following sections and can be seen in Figure 6-15. 

6.7.1 Pre-processing 
The input for the algorithm is a LIM, a DTM, and previous classifications. The only 
grids used in the LIM are the zMin and reflForZMin grids. If there are any missing 
data in the grids, they are interpolated. 

For each pixel the distance to ground is calculated. If the distance to ground, in the 
zMax grid, is 0.1 meters or less and the reflection in the same position is lower than 
25.0, then the pixel is set as a potential road pixel in a pixel mask. The values 0.1 
and 25.0 were established through tests and observations. 

6.7.2 Filtration  
After the potential road pixels are computed a filtration is done to remove noise. To 
remove the noise and at the same time preserve edges, a median filter is used. After 
the filtration all road segments which are too small, less than 12.5 square meters, are 
removed. A morphological closing is performed to remove small holes which may 
have occurred in the roads. Finally pixels previously classified as buildings or power 
lines are removed from the road class. 

6.7.3 Classification 
The result from the algorithm is the input classification image with the classified 
road pixels marked as road pixels and combined with the result from the previous 
classification in the hierarchy. 
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Figure 6-15 

 

Flowchart for classification of roads. 
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6.8 Classification of Vegetation 
The classification of vegetation is somewhat different from the other classification 
algorithms; it assumes that everything which is not vegetation is classified before 
this algorithm has been run. It only removes objects that are previously classified, or 
smaller than 1.0 square meter, from the objects higher than 2.0 meters in the 
NDSM. The remaining objects are classified as vegetation; this makes this classifica-
tion highly dependent on previous classifications. The result is a classification image 
where all pixels classified as vegetation are marked as vegetation pixels and com-
bined with the result from the previous classification. 

6.8.1 Individual Tree Classification 
The next step in the classification of vegetation is to separate individual trees and 
estimate the placement of their stem in the vegetation class. This further classifica-
tion is not discussed in this thesis, but there is an algorithm developed by Persson 
described in [9] for this purpose. There is also ongoing work to develop algorithms 
for determining the type (e.g. spruce and pine) of an individual tree. 

6.9 Discarded Methods 

6.9.1 Fractal Dimension 
When classifying buildings we tried to use the fractal dimension as an input to the 
neural net. The fractal dimension for an object was estimated using the Box dimen-
sion, which was calculated using the method in [15]. Theoretically a building should 
get a lower fractal dimension than a tree because a building very often consists of 
straight walls, opposite to a tree which can have a highly folded and irregular con-
tour. A problem using the Box dimension is that the resolution needs to be very 
high for the value to be reliable. The data delivered from TopEye is of high resolu-
tion but tests have shown that it is not as high as needed. The Box dimension could 
be interesting to explore further when future LiDAR systems can manage to pro-
duce data of higher resolutions than today’s systems. 

6.9.2 Shape Factor 
A shape factor is a dimensionless scalar magnitude used to measure the shape of a 
two dimensional object in a binary image. A shape factor is invariant to rotation, 
scaling, and translation. The shape factor can be seen as a measurement of how 
compact an object is. The shape factor we tried was the FORM factor [1]. The 
FORM factor is calculated for an object as in Equation 6-5, where d(x,y) is the clos-
est distance from position (x,y) to the object contour and A is the area of the object 
[1]. 
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Equation 6-5 
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This factor should in theory differ between buildings and vegetation, but in practice 
the measurement gave a poor result. The reason for this is probably that the preci-
sion in the data is to low and edges of buildings in LiDAR data are coarse. The 
FORM factor was therefore discarded as a complementing input to the neural net in 
the building classification algorithm. 
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Chapter 7 

Tests and Results 

7.1 Introduction 
This chapter describes the testing of our classification algorithms and comparisons 
with other algorithms for classifying ground objects in LiDAR data. It also de-
scribes the setup and datasets used in the tests. The results from the tests and com-
parisons are presented in tables and figures containing classification images. All de-
veloped classification algorithms were implemented in IDL and ENVI. 

To perform comparisons a search for suitable algorithms were made. The result 
from this search was a few descriptions of different methods, but for most of them 
no executable code was found. The only suitable algorithms found were Persson’s 
algorithm [9] and the algorithm used in RTV LiDAR Toolkit. Persson’s algorithm 
classifies buildings and vegetation (non-buildings). RTV LiDAR Toolkit classifies 
buildings, individual trees, power utilities and roads. 

The vegetation class in Persson’s algorithm includes all objects, with a minimum 
elevation of two meters which have not been classified as buildings. RTV LiDAR 
Toolkit does not classify vegetation directly; instead it extracts locations of single 
trees and combines these into polygons of forested areas. These differences in the 
definition of the vegetation class make it impossible to do a reliable comparison be-
tween the different methods. Another problem is that the output from RTV LiDAR 
Toolkit is of a different format (vector format) than the format we use (pixel for-
mat). But, the building classification results from RTV LiDAR Toolkit were suc-
cessfully converted into images. This meant that only the building classification 
could be compared in a meaningful way. 
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7.2 Preparation 

7.2.1 Training of the Neural Net 
The neural net used in the building classification needs to be trained before per-
forming a classification. We chose to train the net using two datasets (regions). The 
first dataset used is from an urban region with many buildings of various character-
istics and some vegetation. The second dataset used is from a rural region with 
fewer buildings and more vegetation. The NDSMs for the two datasets are shown 
in Figure 7-1. It should also be mentioned that the neural net has to be trained for a 
certain pixel size. If the pixel size changes, the neural net has to be retrained. The 
pixel size used in the training was 0.25 meters. 

For the training we needed to know which objects in the datasets that are buildings. 
The separation of the NDSM into objects was calculated as the object mask de-
scribed in section 6.5.1. Decisions of which objects that are buildings were made 
manually. A key was then constructed where these building objects were assigned 
the colour white and the rest were coloured grey (see Figure 7-2). This information, 
together with the Hough, Maximum Slope, and LaPlacian values for every object, 
was used to train the neural network with the back propagation method described 
in section 5.6.3. If the maximum radius of an object was less than the size of eight 
pixels, the Hough value was considered to be unreliable and replaced with the aver-
age Hough value of all other objects with a radius larger than the size of eight pixels 
(see section 6.5.6). The training was repeated until the classification error became 
close to zero. A small amount of normally-distributed noise was added to the 
Hough, Maximum Slope, and LaPlacian values to make the training more robust. 

Figure 7-1   

       

NDSMs for training of the neural network. Left: Urban region. Right: Rural region. 
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Figure 7-2 

 

        

Keys used when the neural network was trained. The keys correspond to the images 
in Figure 7-1.  Objects that are buildings are coloured in white and non-building 
objects are coloured in grey. Left: Objects in the urban region. Right: Objects in 
the rural region.    

 

7.2.2 Test Data 
The data used for tests and comparisons was taken from three regions. The NSDM 
and the reflForZMax for each region can be seen in Figure 7-3. The pixel size is 
0.25 meters for all regions. The regions were chosen for their interesting contents. 
One interesting object in region 1 is a tall building that stands in the central area. 
Region 1 also contains some buildings which are partially covered by trees, and it 
has some special vegetation (e.g. trimmed hedges). Region 2 has many buildings of 
various shapes and sizes.  Region 3 is from a more rural area than the other regions, 
and it contains power lines. The size of region 1 is 220 by 220 meters, region 2 is 
320 by 320 meters, and region 3 is 120 by 120 meters. 

The DTMs of the regions were estimated using the Active Contour method de-
scribed in section 5.1. RTV LiDAR Toolkit has a built-in ground estimation routine 
which the program uses when performing classification.  
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Figure 7-3  

    
1.                                                           2. 

     
3.                                                           4. 

    
5.                                               6. 

NDSMs for the data used in tests. Region 1: NDSM (1) and reflForZMax (2). Re-
gion 2: NDSM (3) and reflForZMax (4). Region 3: NDSM (5) and reflForZMax (6).    
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7.3 Comparison of Building Classification 
A comparison of the results from the classification routines in RTV LiDAR Tool-
kit, the method by Persson [9], and our algorithm for classifying buildings, de-
scribed in chapter 6 (here called New Classification), is shown in Table 7-1. Only the 
building class is included because of the differences in the definition of the vegeta-
tion class, mentioned earlier. The LiDAR data used in this comparison is from re-
gion 1 and region 2. A ten pixels wide frame is removed, from the regions, to 
minimise errors that could occur at the edges.  

The correct classification images (i.e. classification keys) for this dataset have been 
made by a manual examination of the regions. These images are used for the evalua-
tion of the classification results from the different routines. Two measurements 
have been used to describe how well the algorithms perform. They are correct classifi-
cation and misclassification error, see Equation 7-1. The building class for each method 
together with the building classification key for region 1 and region 2 can be seen in 
Figure 7-4. 

Equation 7-1 
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Table 7-1 

Evaluation of the building classification results from region 1 and region 2, and 
comparisons between the algorithms. 

 New Classi-
fication 

Classification 
by Persson 

RTV LIDAR 
Toolkit 

Region 1:    

Correctly classified building 
pixels (of 103753) 

103326  85163 57922 

Building pixels missed by 
classification 

427 18590 45831 

Non-building pixels classi-
fied as building pixels 

1853 1396 1077 

Correct classification  99.6 % 82.1 % 55.8 % 

Misclassification error  1.76 % 1.61 % 1.83 % 

 
Region 2: 

   

Correctly classified building 
pixels (of 418066) 

416409 397196 362288 

Building pixels missed by 
classification 

1657 20870 55778 

Non-building pixels classi-
fied as building pixels 

5018 10401 20991 

Correct classification 99.6 % 95.0 % 86.7 % 

Misclassification error 1.19 % 2.55 % 5.48 % 

 
Total: 

   

Correct classification 99.6 % 92.4 % 80.5 % 

Misclassification error  1.30 % 2.39 % 4.99 % 
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Figure 7-4 

      
1.                                           2. 

      
3.                                           4. 

      
5.                                           6. 

        
7.                                           8. 

Building classification results. Correct classification (1) and (5). New Classifica-
tion (2) and (6). Persson’s method (3) and (7). RTV LiDAR Toolkit (4) and (8).   
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7.4 Tests 
This section describes the tests that were made on our classification algorithms de-
scribed in section 6. The classes were picked from the complete classifications of 
the different regions tested and then compared to manmade classifications keys. 
Not all regions were tested against all classes because the very extensive and time 
consuming work constructing the classification keys. 

7.4.1 Power Lines 
Region 3 was used to test the power line classification. The correct classification 
image was established by doing a manual examination of the dataset. The result 
from the power line classification of region 3 can be seen in Table 7-2. Unfortu-
nately, no data where the power lines change direction or intersect with other power 
lines was available, which means that the algorithm could not be tested for this.   

7.4.2 Roads 
Region 1 was used to test the classification of road pixels. This region contains vari-
ous kinds of roads such as large roads, small roads, bicycle roads, and parking lots. 
The classification key, to which our classification was compared, was made from a 
manual examination of the region. The results can be seen in Table 7-2. 

7.4.3 Posts 
The classification of posts was tested using region 1. The classification key was es-
tablished by doing a manual examination of the dataset. The results from the classi-
fication of post, in region 1, can be seen in Table 7-2. 

7.4.4 Vegetation 
The vegetation class comes last in the hierarchy described in section 6.3. This makes 
the classification highly dependent on the success of previous classifications. For 
example, if some buildings are not classified as buildings there is a great chance that 
they will end up as vegetation after all classifications have been made. Region 1 was 
used to test the classification of vegetation. The classification key for this test was 
constructed from a manual examination. The results are presented in Table 7-2. 

7.4.5 Summary 
A summary of the results from the different classifications developed is presented 
in Table 7-3. The classification images for region 1 and region 2, with all classes 
from the developed classification model, can be seen in Figure 7-5. The classifica-
tion of region 3 is displayed in Figure 7-6. To make the figures easier to understand, 
a table defining which colour corresponds to which class is placed in Figure 7-6. 
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Table 7-2 

Classification results for power lines, roads, posts, and vegetation. 

 Power lines 
(region 3) 

Roads 
(region 1) 

Posts 
(region 1)

Vegetation 
(region 1) 

Correctly classi-
fied pixels 

641 of 653 144837 of 
150603 

47 of 111 227189 of 
230025 

Pixels missed by 
classification 

12 5766 64 2836 

Pixels incorrect 
classified in class 

6 23421 7 886 

Correct classifi-
cation 

98.2 % 96.2 % 42.3 % 98.8 % 

Misclassification 
error 

0.93 % 13.9 % 13.0 % 0.39 % 

 

Table 7-3 

Summary of the test results. 

 Buildings Vegetation Roads Power lines Posts 

Correct classifi-
cation 

99.6 % 98.8 % 96.2 % 98.2 % 42.3 % 

Misclassification 
error 

1.30 % 0.39 % 13.9 % 0.93 % 13.0 % 
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Figure 7-5 

 
 

 

Classification images for region 1 and region 2. Top: Region 1. Bottom: Region 2. 
See Figure 7-6 for colour coding. 
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Figure 7-6 

  

Classification of region 3 and class colour coding. 

 

7.5 Sources of Error 
The manual examination of the datasets when creating correct classification images 
(used for evaluation) may be incorrect for some pixels. It is not always easy for the 
human eye to tell which class a pixel should belong to. The classification keys, for 
the different regions, used in the tests were carefully estimated and we believe that 
the errors should be small. 

One possible source of errors in the classification is errors in the estimation of the 
DTM. If a large part of, or an entire, building is estimated as ground, the building 
classification will experience difficulties in correctly classifying this object. 

The interpolation of regions with missing data can contribute to errors in the classi-
fication. An example of that is when a roof of a building is missing data at an edge 
(e.g. due to dropouts), because then there is a great chance that the interpolation 
will use pixels from the ground resulting in undesired results.  
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If buildings in the training regions are not in any way similar to buildings in the re-
gion where the classification is performed, there is a great chance that the building 
classification will miss some or all buildings. The use of the Hough value, described 
in 6.5.3, makes the building classification poor at classifying circular or oval build-
ings as they do not contain any straight lines. 

Another source of error could be that the data delivered from TopEye contains er-
rors. The data can also contain for example flying birds which will result in high ele-
vation for the pixels that corresponds to the position of the bird. If this is the case 
the data should be filtered before making classifications and ground estimations.  

All objects which are included only partially in the region (to be classified) are more 
likely to be misclassified. For example, if only a corner of a building is included in 
the dataset it could easily be mistaken for a post or a tree. 
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Chapter 8 

Discussion 

8.1 Conclusions 
Tests show that especially the building, power lines, and vegetation classification al-
gorithms developed perform well with a pixel size of 0.25 meters in the dataset. The 
classification of buildings uses a neural network which must be trained before a 
classification is made. The datasets used for training should be chosen so that the 
buildings and vegetation are of similar kinds as the buildings and vegetation in the 
area of interest (as mentioned in section 7.2.1). The classification algorithms are de-
pendent of a good ground surface estimation to work well. 

The only classification result which could be compared with other classification al-
gorithms (RTV LIDAR Toolkit and the classification algorithm by Persson [9]) was 
the building classification. The reason for this was that we could not find any suffi-
cient descriptions of other classification algorithms. The RTV LIDAR Toolkit and 
the classification algorithm in [9] have problems classifying buildings correctly 
where trees grow very close to buildings and reach out over the buildings, which 
can be seen if one compares the classification results in Figure 7-4. Some houses 
positioned close to vegetation are missed or only partially classified as buildings by 
RTV LiDAR Toolkit and the method by Persson [9]. These errors do not occur as 
frequently in our classification method, which uses an object based approach for the 
classification of buildings. The object based approach makes it possible to use in-
formation concerning the shape of objects, but also introduces the problem of di-
viding a NDSM into objects (see 6.5). The comparison we made showed that the 
object based approached performed better than the other methods (see Table 7-1).  
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The classification results show that the developed algorithm for classifying buildings 
performs well in both region 1 and region 2. This shows that the routine can handle 
buildings of various sizes and shapes; it can also handle cases where a building is 
partially covered by higher vegetation. The misclassification error of the building 
class was in average 1.30 %. The pixels misclassified probably comes from the re-
stricted dilation of objects, described in section 6.5.7, which could in some cases di-
late the object too much making it grow into surrounding vegetation. But, using a 
standard dilation operation instead of restricted dilation would probably result in 
even more misclassified pixels. 

The power line classification performs well in the tested region (region 3) which has 
one power line that passes straight through. No cases where the power lines turn or 
crosses others could be tested because no suitable data was found. Some changes to 
the algorithm may be made to behave correctly when classifying regions containing 
these special cases. 

In the classification of posts a correlation with a matching kernel is used. The kernel 
used in the algorithm is displayed in Figure 6-14 and is optimized for a pixel size of 
0.25 meters. If classifications of datasets with other pixel sizes are made, one may 
have to adjust the values in the kernel to get the best results. As mentioned in sec-
tion 6.6, if the pixel size is larger than 0.5 meters it is not very likely to receive more 
than one pixel in the zMax grid for a post. The correct classification percentage for 
posts was 42.3 %. A reason for this could be that the algorithm removes candidate 
pixels for the post class if they are located closer than 2.0 meters to other large ob-
jects or power lines. There could also be some errors in the classification key made 
by a manual examination of the region tested. It is very hard even for the human 
eye to distinguish between a post and a narrow tree. 

The high misclassification error percentage in the road classification (13.9 %) could 
come from the inclusion of dark flat rocks in the classification result. No informa-
tion about road junctions, crossing, and other similar objects are utilised in basic al-
gorithm developed. This makes the algorithm unable to filter out the flat rocks and 
thereby an increase in the misclassification error can be noticed. Rocks classified as 
roads can be seen in Figure 7-5 if one looks in the surroundings of the vegetation in 
the centre of region 1. 

The vegetation classification algorithm removes vegetation objects which are 
smaller than one square meter (i.e. sixteen pixels if the pixel size is 0.25 meters). 
This removes very narrow trees, but it also removes for example posts which the 
post classification algorithm has missed. Because of this the correct classification 
value would become a bit lower if the region contains many small and narrow trees, 
but it will also make the misclassification error smaller if there are unclassified 
(missed) posts or other small objects such as flying birds in the region.  
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8.2 Future Research 
During the work with this thesis and the classification algorithms some ideas had to 
be ignored due to lack of time. These ideas are presented here as suggestions for fu-
ture work in this area. 

8.2.1 Power Lines 
There are ways to improve the power line classification. One could be examination 
of the points along the classified power line, which could improve the result and 
remove pixels that are not classified correctly. In this way one can also locate the 
power line posts, which can be interesting to classify. The location of a post should 
correspond to a local maximum in the height values of a power line. If a large scale 
(i.e. a more global) classification is made, then the fact that power lines are con-
nected in nets could be used. 

8.2.2 Road Networks 
The road classification algorithm presented in this thesis does not use the fact that 
roads are connected in networks. A way to improve the road classification algo-
rithm would be to use a large scale classification to find networks of roads. The 
classification result from the current algorithm is suitable as input data to such an 
algorithm. There are several methods described in papers how to find and connect 
road sections to create road networks, some examples of such papers are [16] and 
[17]. After creating a road network it would be fairly simple to remove misclassified 
objects such as flat rocks. 

8.2.3 Orthorectified Images 
Together with the LiDAR data, TopEye delivers digital images. After an orthorecti-
fication process these images could be used together with LiDAR data for classifica-
tion. The digital images delivered by TopEye have a resolution of about 400 pixels 
per square meter compared to 2-16 pixels per square meter for the LiDAR data 
when flying at a normal altitude. Because of the high resolution of the digital im-
ages, they could provide valuable information for the classification.  

8.2.4 New Classes 
To add new classes and corresponding classification algorithms is a way of improv-
ing the overall classification result and to extend the uses of the classification. Some 
examples of classes which could be of interest to implement are bridges, vehicles, 
and water. 
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A 
abbreviations, xiii 
accEchoes. See grids 
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back propagation, 30 
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classes, 34 
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classification model, 35 
classification of 

buildings, 25, 40 
posts, 49 
power lines, 26, 36 
roads, 52 
vegetation, 25, 54 

comparisons, 61 

D 
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Digital Surface Model, 11 

Digital Terrain Model, 19 
dropouts, 9 
DSM. See Digital Surface Model 
DTM. See Digital Terrain Model 

E 
echoes. See grids 
ENVI, 5 
error, sources of, 67 

F 
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hitMask, 14 
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ground estimation, 19 

H 
hitMask. See grids 
Hough transformation, 26 



Swedish Defence Research Agency (FOI) 

78 

Hough value, 43 

I 
IDL, 5 
intepolation 

normalized averaging, 17 
interpolation, 16 

mean value, 17 

L 
LaPlacian filter, 24 
LaPlacian value, 46 
LiDAR, 7 

M 
maximum slope filter, 23 
maximum slope value, 45 
missing data, 16 
multiple echoes, 8 

N 
NDSM. See Normalised Digital Surface Model 
neural networks, 28 
neurons, 28 
Normalised Digital Surface Model, 19 
normalized averaging. See interpolation 
notation, xiii 

O 
operators, xvi 

P 
posts, 34 
power lines, 34 

R 
reflForZMax. See grids 
reflForZMin. See grids 
resources, 73 
restricted dilation, 46 
roads, 34 
RTV LiDAR Toolkit, 6 

S 
sampling, 11 

T 
TopEye system, 8 

V 
vegetation, 34 

Z 
zMax. See grids 
zMin. See grids 
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