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空載光達資料中地面點選取及房屋偵測 
 

摘要 

本文旨在研究自空載光達資料中選取地面點與房屋偵測。在第一個主題

中，先陳述空載光達的系統、誤差來源及資料特徵，回顧並比較數種主要的過

濾方法及其特性。本文在考量地形的高度、斜率及區域特徵後，提出一個創新

的斜率式「爬升及滑行演算法」來選取光達資料中的地面點，該法具有區部搜

尋又能涵蓋全區的優點。本文為提昇處理的效率及資料精度，建立一個在虛擬

網格式初始表面模型上選取地面點的架構，並配合一個再搜尋步驟來獲取更細

節的地形特徵。其中考量橋面點易遭誤判為地面的一部份，也增加了一個偵測

並除橋面點的步驟。 

第二個主題是自地面以上的點群中偵測房屋區塊。首先依據房屋的高度、

尺寸及面積等先驗知識偵測房屋候選區，此時候選區塊主要為房屋及樹木二大

類，隨後基於屋頂面具有斜率連續特性的假設，分析 10 個以斜率差為基礎的

區塊紋理，最後採監督式及監督式分類來偵測房屋區。 

本文使用二組資料測試驗證選取地面點的架構是否有效。第一組資料是取

自國際航遙測學會的第三工作群第三小組，第二組資料則涵蓋了南台灣數種不

同地形特徵。文中評估了選取地面點的錯誤量及參數的敏感度，也與數個知名

的過濾法比較成果，同時也分析了地形特徵的保留程度。實驗成果顯示該處理

架構可適用於多種不同地形特徵。為驗證房屋偵測架構的有效性，文中同時使

用在台灣的都市及鄉村二個實驗區。實驗成果顯示，均調及微小斜率差機率等

二個紋理特徵均可適用於房屋偵測。  
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Ground Point Selection and Building Detection from Airborne LiDAR Data 

 
ABSTRACT 

 
In the dissertation, ground points are selected and building regions are 

detected from airborne Light Detection and Ranging (LiDAR) data. In the first part 

of the paper the system, error sources, and the data features of the airborne LiDAR 

are described after which several major filtering algorithms and their characteristics 

are reviewed and compared. A novel slope-based climbing-and-sliding (CAS) 

method is developed to select ground points from airborne LIDAR data which 

takes into consideration the features of height, slope and area of the region of bare 

earth. In the proposed method not only is a local search performed but the merits of 

a global treatment are preserved. A scheme is proposed to improve the efficiency 

and accuracy where the ground points in the initial surface model are selected 

based on a novel pseudo-grid. After this a back selection step is performed to 

retrieve detailed terrain features. Considering that bridges have tended to be 

misclassified as parts of the ground, an additional detection step is included to 

remove bridge points.  

In the second part of the dissertation, building regions in the set of 

above-ground points are detected. Prior knowledge of such things as the height, 

size, and area of the buildings, is employed to first remove extraneous points or 

 ii



regions and to detect building candidates. Building and tree are two main dominate 

classes in the candidates. Based on the assumption that buildings roofs are 

piece-wise continuous, ten region-based textures based on directional slope 

difference are analyzed. At the last, an unsupervised classification is performed for 

the building detection. 

The filtering error of the generated DEM is evaluated, as well as the test of 

parameter sensitivity. The processing results are quantitatively compared with 

several recognized counterparts in the literature. The presentation of the terrain 

features is also analyzed. The experimental results demonstrate that the proposed 

scheme can be applied to diverse terrain types. To validate the detection scheme, 

two data sets including urban and rural areas in Taiwan are tested. The 

experimental results indicate that two features of homogeneity and probability of a 

small slope difference preserve most information and thus are most suitable for the 

detection.  
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1. Introduction 

1-1 Backgrounds 

The airborne Light Detection and Ranging (LiDAR), or named Airborne 

Laser Scanning (ALS), is a relatively new technology designed for the acquisition 

of terrain information. The development of the airborne LiDAR system started in 

the 1970s, primarily in North America [1]. Since its maturity a number of 

laser-scanning systems have become available on the market. The airborne LiDAR 

system consists of three components: a laser scanner, a Global Positioning System 

(GPS) and an Inertial Navigation System (INS). The airborne LiDAR data (or ALS 

data) are aggregated as three dimensional (3-D) point clouds, as shown in Figure 

1-1. The clouds include ground points (on the bare Earth) and non-ground object 

points (on vegetation and artificial objects, such as buildings, bridges, towers, 

power lines, and so forth). A number of applications have been developed for 

LiDAR data, such as the generation of digital elevation models (DEMs), 

topographic mapping, environmental monitoring, forest resource management, and 

cyber city modeling. This technology has also been accepted as a critical 

monitoring tool by powerful geospatial information users, including mapping and 

disaster management agencies, oil and gas exploration companies, the 

telecommunications industry, pipeline companies, and environmental agencies [2]. 
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Figure 1-1. Typical airborne LiDAR system. 

(Courtesy of Burtch [3]). 

 

A DEM is a surface model representing the bare Earth or ground surface. It is 

of fundamental information for civil infrastructure design and planning. The 

current techniques to produce DEMs include the traditional force approach (e.g. 

field surveying), passive sensing approaches (e.g. Photogrammetry) and active 

sensing approaches (e.g. Interferometric Synthetic Aperture Radar and airborne 

LiDAR) [4]. DEM generation from the airborne LiDAR data has many advantages, 

including high speed, high density, high accuracy and low time requirements. It is a 

good tool for the 3-D reconstruction of complicated terrain, such as wetlands, 

coastal zones, woodlands and ice covered areas [5].  

To generate DEMs from airborne LiDAR data, two major processes are 

needed, the correction of systematic errors and the extraction of ground points 
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from LIDAR datasets [6]. The selection of the ground points is generally called 

filtering. In the past few years, several algorithms have been developed for the 

automated filtering of airborne LiDAR data. Although filtering of airborne LiDAR 

data can be done manually, it is time consuming to handle such a large volume of 

data (normally millions of points per square kilometer) manually. Ground point 

selection in particular is a crucial procedure and generally consumes an estimated 

60~80% of the processing time [7]. Thus, automatic filters are required for this 

procedure. A number of techniques and methods have been used to extract ground 

points for general terrain types, but they encounter difficulty dealing with some 

certain terrain features, such as ground break lines. Thus, intensive research is still 

ongoing in the remote sensing field to find better ways to deal with this type of 

problem [8]. 

After the extraction of ground points from airborne LIDAR data, the remaining 

object points can be used for other applications, such as building modeling, tree 

modeling, power line mapping, and so on. Buildings and vegetation are two 

important classes of objects that appear in airborne LiDAR data. Building models 

are an important source of information utilized by the telecommunications and 

tourism industries, as well as for such things as city planning and flood control. 

Building modeling includes two steps, i.e. detection and reconstruction. In the first 

step, buildings are detected and their boundaries delineated. In the second step, the 
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three dimensional building models are reconstructed. A number of researchers 

have developed techniques for the modeling of buildings from aerial images, 

which provide accurate planimetric and radiometric information [9] [10] [11]. The 

maturing of the LiDAR technology has meant that accurate height information is 

now available which can be fused with other types of imagery to improve the 

results of building modeling [12] [13]. Since detection is a prerequisite for the 

modeling, it is taken into account in this investigation. 

The objectives of this investigation are twofold. A novel scheme is first 

employed to select ground points from the airborne LiDAR data. A DEM is then 

generated from the searched ground points. Next the nDSM is generated by the 

subtraction of the ground elevations from the DSM. After the removal of small 

objects in the nDSM, building regions are detected by analyzing the region-based 

textures. 

 

1-2 Definition of Terms 

Before proceeding, some of the terms used in the text need to be defined. These 

are generalized definitions and include the features represented in the LiDAR data.  

1. Ground, terrain, or bare Earth – A bare Earth surface is composed of 

topsoil or thin pavement, for instance roads, and is a continuous and smooth 
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surface with nothing visible below it [14]. However, the terrain feature of break 

lines is an exception to this continuous definition. Most ground areas, except 

hill-tops and ridges without vegetation, are locally lower. But these kinds of terrain 

features, i.e. hill-tops and ridges, do not have the closed outlines of slope 

discontinuity. Although terraces have closed outlines, their areas are generally 

much larger than man-made objects. 

2. Object – Vegetation and other artificial features above the ground, such as 

buildings, bridges, towers, cars, power lines, etc, are defined as objects. They are 

often locally higher or have a closed outline, with abrupt changes in height or slope 

discontinuities. Sithole and Vosselman [15] divided objects into two classes, 

detached and attached ones. Detached objects, for instance trees, buildings, etc, 

rise vertically above the ground. Attached objects, for instance bridges, gangways, 

ramps, etc, rise vertically above the ground only on some sides but not all. 

3. Point cloud – The representation of samples acquired by ALS is point cloud 

in a 3-D Cartesian coordinate system.  

4. Ground point or terrain point – A ground point is on the ground / bare 

earth. In general, in a local area, ground points are supposed to be lower than 

non-ground ones. Thus, the locally lowest point has the highest possibility of being 

on the ground. In addition, a lower neighbor in a limited area near a known ground 

point also has a high possibility of being a ground point. However, some ground 
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points, such as those located on the tops of hills or ridges, will be locally higher. 

5. Non-ground point, off-terrain point, or object point – This kind of point is 

located above the ground and usually belongs to non-ground objects. Object points 

in a local area are supposed to be higher than ground ones. Thus, the locally higher 

point has the highest possibility of being on an object, except for those ground 

points located on hilltops and ridges without vegetation. 

6. Outlier – Outliers do not belong to any objects in the landscape. During the 

filtering process outliers can generally be classified into two classes: high and low 

[15]. Most filters can exclude high outliers easily, because they are elevated so far 

above neighboring points. Most approaches assume that the locally lowest points 

must belong to the ground surface. The low outlier is an exception to this rule will 

result in errors.  

7. Ground break line – Break lines with terrain slope discontinuities represent 

linear features and indicate ground surface edges. Ground surfaces are generally 

assumed to be piece-wise continuous, but objects and break lines may divide them. 

However, the points in respective ground surface areas will still maintain slope 

continuity. 

8. Filtering – Filtering is the selection of ground points from the airborne 

LiDAR data. For filtering, points are generally classified as two types, i.e. ground 
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points and non-ground (or object) points. The former are used for DEM generation. 

Some use the word “classification” for this process. Similarly, some use “terrain 

reconstruction” for DEM generation. Since our purpose is to separate the LiDAR 

data into only two classes, ground and non-ground points, “filtering” is preferred in 

this paper.  

9. DEM (Digital Elevation Model) or DTM (Digital Terrain Model) – A 

digital model represents the surface of the ground or bare earth. Although some 

habitually use the term “DTM”, “DEM” is preferred in this dissertation. 

10. DSM (Digital Surface Model) – This type of model depicts the 

topography of the earth’s surface, including objects, such as buildings and 

vegetation, above the terrain. 

11. nDSM (normalized Digital Surface Model) – An nDSM is a digital model 

obtained by subtracting the elevations of the DEM from those of the DSM. Figure 

1-2 illustrates examples of the DEM, DSM, and nDSM profiles. Some habitually 

use the term object height model (OHM), but “nDSM” is preferred in this paper. 
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Figure 1-2. Profile illustrations of DSM, DEM, and nDSM. 

 

1-3 Research Methods and Objectives  

The first objective of this study is to develop a filtering method that can be 

adapted for different terrain types, and provide accurate and reliable results, 

especially for ground break lines. The characteristics of airborne LiDAR data are 

observed and described first, and then several filtering algorithms and their 

characteristics are reviewed and compared. Based on the discussion, a new 

slope-based approach, the climbing-and-sliding (CAS) method, is designed, and an 

automatic filtering scheme proposed. It should be noted that since bridges can 
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easily be mislabeled as parts of the ground, an additional detection procedure is 

included to remove them. To validate the proposed scheme, ISPRS filter test data 

and Taiwan data are evaluated for ground point selection. 

In the second part of this paper, we discuss our design of an effective method to 

detect buildings from airborne LIDAR data. Once ground points are extracted, 

buildings are detected from the remaining points. The features of buildings in ALS 

data are also observed and described, and several detection methods and their 

characteristics are reviewed and compared. The discussed process, in combination 

with prior knowledge, is employed to first remove small above-ground objects and 

then to detect building candidates. Ten region-based slope difference textures are 

used to detect buildings. For validation buildings in urban and rural areas are tested 

for the building detection.    

 

1-4 Contribution of this Study 

This research makes a contribution in the fields of filtering and building 

detection from airborne LiDAR data by development of the following methods: 

1. An innovative climbing-and-sliding (CAS) method (based on the slope 

concept) to search for ground points. 

2. A pseudo-grid structure to generate an approximate terrain surface model for 
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reducing raw airborne LiDAR data from 3-D space to 2-D grid space. 

3. Automatic bridge detection. 

4. A fast and reliable reselection of ground points for detailed terrain features. 

5. Texture analysis for building detection by utilizing some region-based features 

of directional slope difference. 

 

1-5 Outline of the Dissertation 

The dissertation is organized into six chapters. An overview of these chapters 

is given in this section.  

Chapter 1 briefly introduces the background and the research objectives of 

this research, as well as definitions of the terms used in the thesis. 

Chapter 2 first introduces the airborne LiDAR system and features of the 

acquired data. Then a literature review and representative algorithms related to the 

research topics, (i.e. filtering and building detection from airborne LiDAR data) 

are given. 

Chapter 3 describes the proposed CAS method and its implementation for the 

selection of ground points from ALS data, as well as bridge detection. 

Chapter 4 describes the texture analysis for building detection, including the 

utilization of prior knowledge and the analysis of the ten region-based textures for 

directional slope difference. 
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Chapter 5 gives the experimental results from the proposed scheme. Some 

ISPRS filter test data and Southern Taiwan test data are utilized for the error 

assessment of ground point selection. The building detection process is validated 

by testing on buildings in urban and rural areas. 

Chapter 6 summarizes the contributions of the research work and gives 

recommendations for future research.  
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2. Related Work on Terrain Reconstruction and Building Detection 

from Airborne LiDAR Data 

 

This chapter introduces the features of the airborne LiDAR system and its 

acquired data and a number of approaches for terrain reconstruction and building 

detection are scrutinized. Their characteristics are listed and discussed. 

 

2-1 Airborne LiDAR Data 

In this section, airborne LiDAR system is introduced first, and the features of 

ALS data are described. The description provides the basis to develop the new 

filtering method discussed later. 

 

2-1-1 Airborne LiDAR System 

Airborne profile recorders (APR) were first utilized in the 1970s for laser 

measurement applications. Terrain profiles were obtained by measuring the 

vertical range from an airplane to the land below. The position of the airplane was 

determined by means of photographs taken in-flight after which the coordinates of 

the sampling terrain points were determined [16]. Because the position of an 

airplane was determined using photographs, the planimetric precision of the 

measured points suffered. With the advent of commercial GPS in the 1980s, the 
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airborne LiDAR system could be improved to provide point accuracy in 

centimeters and point spacing in decimeters [17]. 

The airborne LiDAR system consists of three components: a laser scanner, a 

GPS and an INS. It is designed to collect elevation data from the Earth’s surface 

directly and digitally. Contrary to passive sensors such as the passive optical sensor 

(POS), the Airborne LiDAR system uses a laser range finder as an active optical 

sensor (AOS) so is less affected by shadows, and can be used day and night.  

The major components of an airborne LiDAR system, mounted on a flying 

platform, include [18]: 

1. A laser range finder (LRF) – for laser transmitting and range 

determination; 

2. GPS – for navigation and scanning point position determination; 

3. INS – for attitude determination;  

4. A computer and software – for control of the on-line data acquisition; 

5. Storage media; 

6. optionally – other sensors for imaging the scanned landscape. 

 

A laser range finder consists of two units: an opto-mechanical scanner and a 

laser ranging unit [19]. The laser scanner generates a coherent pulse. The pulse is 

reflected off a target and returns to the receiver. The time for the light to travel out 

and back to the LiDAR system is used to determine the distance from the target. A 

mirror inside the laser transmitter rotates in a sweeping motion perpendicular to the 
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direction of flight in order to blanket the surface of the Earth in a strip buffering 

this direction. The swath width depends on the mirror’s angle of oscillation and the 

plane’s aircraft altitude, and the ground-point density depends on such factors as 

the aircraft speed, the oscillation rate of the mirror, the laser pulse rate, and the 

aircraft altitude [20]. The laser scan rate is a function of the field of view (FOV); 

For instance, when the laser scan rate is degraded to 25 Hz, the FOV is up to 75°. 

Laser pulses have high repetition rates up to 83 kHz. The time each pulse takes to 

reach the ground and return, and the angle from the nadir at which it has been 

emitted, is used to determine the relative position of the reflecting ground spot, i.e. 

footprint (with the size depending upon the aircraft altitude), with respect to the 

laser scanner emission point.  

The sensor location is determined by a GPS receiver, working usually at a one 

second sampling rate. The INS provides the orientation angles ω (pitch, the angle 

around the flight direction), ψ (roll, the angle around the across-track direction), 

and κ (pitch, the angle around the perpendicular axis). To compute the 3-D 

position of a point, a recording-unit combines the measured ranges, mirror scan 

angles, GPS positions and INS orientation information at the epoch of each laser 

shot, and then performs several transformations for the laser measurement from a 

local coordinate system to the World Geodetic System, 1984 (WGS84) [18] [19].  
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The parameters of aircraft altitude, swath angle, scanning rate, flightstrip side 

lap, and aircraft velocity determine the point density. The airborne LiDAR system 

is capable of acquiring very dense data, up to 20 points/m2 [21]. The major 

characteristics of typical airborne LiDAR systems are summarized in Table 2-1. 

Table 2-1. Major characteristics of typical airborne LiDAR systems. 

Parameters Min. & Max. values Typical values 

Laser wavelength (nm) 810 ~ 1550 1000~1200 

Scan angle (degrees) 14 ~ 75 20 ~ 40 

Pulse rate (kHz) 5 ~ 83 5 ~ 15 

Scan rate (Hz) 20 ~ 630 25 ~ 40 

Flying height - h (m) 20 ~ 6100 200~300 (H) / 500~1000 (A)*

Swath width (m) 0.25 h ~ 1.5 h 0.35 h ~ 0.7 h 

GPS frequency (Hz) 1 ~ 10 1~2 

INS frequency (Hz) 40 ~ 200 50 

Beam divergence (mrad) 0.05 ~ 4 0.25 ~ 2 

0.25 ~ 1 (h = 1000 m) Footprint diameter (m) 0.05 ~ 2 

Across-track spacing (m) 0.1 ~ 10 0.5 ~ 2 

Along-track spacing (m) 0.06 ~ 10 0.3 ~ 1 

Range accuracy (cm) 2 ~ 30 5 ~ 15 

Elevation accuracy (cm) 10 ~ 60 15 ~ 20 

Planimetric accuracy (m) 0.1 ~ 3 0.3 ~ 1 

* H = helicopter, A = airplane. 

(Courtesy of Hu [22]) 
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2-1-2 Error Sources of ALS Data 

The error sources of ALS data discussed here can be divided into three types: 

outliers, systematic error, and random error. 

Outliers are generally classified into two classes of high and low. High 

outliers originate from hits off objects, such as birds, low flying aircraft, etc. Low 

outliers originate from multi-path errors and LRF errors [15].  

Systematic errors during the acquisition of ALS data come from the following 

sources [23]: 

1. Laser scanning system: These types of errors can include range error and 

scan angle errors. A constant systematic range error of 5 cm is assumed for 

flat surfaces. The scan angle errors include index, swath angle, and scan 

plane errors. Index and swath angle errors are assumed to be about 0.02° and 

0.03°, respectively. The misalignment of the scanning plane is assumed to be 

0.03° for the angles Δφ and Δκ. 

2. Systematic GPS error: A constant error of 10 cm is assumed for general 

purposes. 
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3. INS errors: These include initialization errors, misalignment, and gyro drifts. 

The INS error is time dependent and perhaps also dependent on the flight 

direction. 

4. Mounting errors: These include laser scanner and GPS mounting errors. 

After in-flight calibration, the laser scanner mounting errors for the three 

mounting angles are assumed to be 0.01°. A component error of 

approximately 3 cm is assumed for GPS mounting errors. 

5. Normal Geoid Error: This type of angular error may reach 0.017°. 

 

DGPS and laser range noise dominate the error budget, while errors due to 

INS are secondary [24]. Eliminating systematic errors from ALS data requires both 

laboratory and in-flight calibrations. Systematic errors are evident in overlapping 

strips, thus generally calibrated during flights over large buildings and flat surfaces 

in such areas [25] [26]. Remaining systematic errors can be also recovered by 

employing a 3-D similarity transformation or a strip adjustment [27].  

Random errors come from sensor measurement. Those systematic errors that 

can not be completely calibrated or recovered from can be regarded as random 

errors. The accuracy of point clouds reach between 0.10~0.30 m in elevation and 

0.3~1.0 m in planimetric coordinates for flying heights below 1 km of the terrain 
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[4]. The planimetric accuracy can be also a function of aircraft altitude (H), i.e. 

H/2000 m [28]. 

In this dissertation, outlier removal is included in the proposed scheme for 

ground point selection. Systematic errors in the test data sets are assumed to have 

been compensated, for so no additional processing is involved. Random errors are 

taken into account as a height tolerance during evaluation of the filtering error of 

the processing results. 

 

2-1-3 Features of ALS Data 

The airborne laser scanning data has the following features: 

1. Multiple returns: Modern LiDAR systems can detect multiple returns, for 

instance 2~5, from an individual pulse. It scans objects with an angular 

beam. Its footprint takes a circular shape while reaching the ground. As a 

result, the systems record several returns from different heights of the 

forest canopies. The first pulse contains, in general, more hits on 

vegetation than the last one. Therefore, first returns are used in orthophoto 

production and forestry inventory applications, while last returns are 

preferred for the DEM generation. Figure 2-1 shows the multi-return of 

airborne LiDAR data.  
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Figure 2-1. Multi-return LiDAR data 

(Courtesy of Spencer Gross [29]). 

 

2. Reflection intensity: When a LiDAR system scans, the reflection intensity 

is also measured. The intensity feature records the energy returned from 

the objects. Typical reflectivity rates are listed in Table 2-2. Laser is a 

monochromatic light with a very narrow spectral width. The laser 

frequency is in the 500~1500 nm range, with typical values of 1040~1060 

nm for airborne systems [5]. Therefore, materials like vegetation will tend 

to appear bright, earth and asphalt will appear dark, and deep-water bodies 
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will absorb radiation. Furthermore, ALS can detect and measure objects 

much smaller than the laser footprint, like power lines, if these objects are 

good reflectors [5]. Figure 2-2 shows a comparison of an aerial image and 

a map of the reflection intensity. The value of the reflection intensity has 

normalized to the gray value. Although the LiDAR data contains intensity 

information, due to its noisiness, further exploration is needed to make 

practical applications.  

 

Table 2-2. Reflectivity of infrared laser. 

Material Reflectivity (%)

White paper Up to 100 

Snow 80 ~ 90 

Beer foam 88 

Limestone Up to 75 

Deciduous trees 60 

Toilet paper 60 

Dry sand 57 

Wet sand 41 

Coniferous trees 30 

Concrete 24 

Asphalt with pebbles 17 

Black neoprene 5 

(Courtesy of Song et al. [30]) 
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Figure 2-2. Examples of an aerial image and a reflection intensity image: (a) 

aerial image, (b) reflection intensity image (unit: grayscale). 

 

3. High density but limited sampling: The spacing between points depends on 

the measurement rate, the scan angle, flying height and aircraft speed. The 

FOV ranges from 1° to 75°. Flying heights normally range from 200 to 

1000 m. Therefore, point spacing can range from 0.1~10 m across the 

track and 0.06~10 m along the track. The collected terrain data has a point 

density of 0.05~20 points/m2 [1]. A single pulse is enough to measure the 

ground elevation, thus more ground heights in vegetated areas can be 

sampled. However, if the vegetation is too dense, the laser pulse can not 

reach the ground and the sample comes from the forest canopy. In addition, 

the acquisition of point feature heights during sampling is limited, with the 

exact edges of terrain break lines hardly being sampled. As a result, 
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LiDAR data are not well suited to determine accurate break lines [3]. 

4. Blindness: The LiDAR point clouds are blind data, i.e. there is no semantic, 

texture or structure associated with the elevations of targets [31]. This kind 

of data has its limitation in the automatic recognition of ground objects.  

 

Although the LiDAR data do not explicitly delineate the structure of objects, it 

is possible to automatically separate the ground and non-ground points by 

employing suitable filtering processes. The heights of the points and the 

relationships with their neighbors are taken into consideration. 

 

2-2 Related Works on Filtering 

The heights and spatial relationships of the LiDAR data are the most important 

features for filtering. The diversity of terrain types can lead to difficulty of 

automated filtering in cases where ground areas and object regions have similar. In 

general, filtering is implemented based on some conditions, such as height, slope, 

region, and break outlines. For instance, a locally higher point has a higher 

possibility of being located on an object, while a locally lower one is more likely to 

be located on the ground surface. The meaning for slopes is similar. A higher point 

with a lager slope than its neighboring ground point has a higher possibility of 

being located on an object. The situation is also similar for regional features. A 
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locally higher region has a higher possibility of being an object area while if an 

area is very large, it is most likely on the ground. In addition, a small region with 

an abrupt break outline with changes in height would most likely be an object. On 

the other hand, a rather larger region could be terraced ground. 

In this work it is assumed that an object point/region that has an abrupt change 

in height compared to its neighboring ground point/points has significance. The 

filtering concepts based on this assumption are divided into three categories: 

surface-based (point-to-points or point-to-surface), region-based (points-to-points) 

and slope-based (point-to-point) methods, as stated by Sithole and Vosselman [15].  

The characteristics of major filtering algorithms are first introduced and 

compared. Table 2-3 lists the characteristics of the major filtering algorithms. A 

discussion to lay a foundation for the proposed filtering methods then made. 

  



Table 2-3. Characteristics of major filtering algorithms. 

Developer(s) (year) Approach Concept Data structure Filtering Process 

Kraus and Pfeifer 
(1998), Pfeifer et al. 
(2001) 

hierarchical robust interpolation 
surface point list fitting hierarchical 

Axelsson (2000) progressive TIN densification surface / region TIN selection iterative / densification 

Elmqvist (2001) active contours surface grid fitting iterative 

Haugerud and Harding 
(2001) de-spike algorithm surface TIN removal iterative 

Sohn and Dowman 
(2002) 

progressive TIN densification / 
regularization method surface / region TIN selection iterative / densification

Raber et al. (2002) adaptive vegetation points 
removal surface TIN removal iterative 

Krzystek (2003) hierarchical finite element surface / region TIN selection hierarchical 

Hu and Tao (2005) hierarchical terrain recovery 
approach surface 

point list 

/ grid 
selection hierarchical 

Kilian et al. (1996) morphological filter region grid removal iterative 

Morgan and Tempfli 
(2000) morphological filter region grid removal iterative 

Lohmann et al. (2000) dual rank morphological filter region grid removal iterative 

Brovelli et al. (2002) spline interpolation region grid removal single pass 
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Table 2-3. Various filtering algorithms and their characteristics. (cont.) 

Developer(s) (year) Approach Concept Data structure Filtering Process 

Wack and Wimmer 
(2002) 

hierarchical modified 
block-minimum 

surface / 
region 

grid removal hierarchical 

Masaharu and Ohtsubo 
(2002) 

morphological filter region point list removal iterative 

Zhang and Chen (2003) progressive morphological filter region grid removal iterative 

Qi et al. (2007) morphological filter region grid removal iterative 

Vosselman (2000) morphological filter / slope based 
filter slope point list removal single pass 

Sithole (2001) modified slope based filter slope point list removal single pass 

Roggero (2001) modified slope based filter slope grid selection iterative 

Shan and Sampath 
(2005) 

labeling approach with linear 
regression slope point list 

removal 

/ fitting 
iterative 

Meng (2005) multi-directional labeling 
approach with linear regression slope point list selection single pass 

Sithole (2005) segmentation and classification slope point list selection iterative 

Peng (2005) multiple-filtering approach slope point list removal iterative 

 



2-2-1 Surface-based Concept 

In the surface-based concept, it is assumed that the bare earth is piece-wise 

continuous, so the point-to-surface process is implemented. The classic filtering 

method employs the least squares method for surface fitting. Kraus and Pfeifer [32], 

and Pfeifer et al. [33] proposed a hierarchical robust interpolation by applying 

linear prediction with the least squares method. A robust estimation is used to 

determine the optimal ground surface by reducing the weights of the above-ground 

points and outliers. Another approach, proposed by Elmqvist [34], fitted a ground 

surface by employing an active shape model with minimization of the internal 

energy in the grid space. Hu and Tao [22] analyzed the features of multiple returns 

from roads and vegetation, prior to subsequently selecting ground points in a 

course-to-fine manner. Since their assumptions are based on a continuous surface 

model, it is difficult to retain ground points located on break lines, which produces 

rounding errors in the vicinity of linear ground features.  

In some approaches the TIN model is used to select ground points, but these 

are more suitable for a discontinuous surface. Axelsson [21] proposed a 

progressive method for the densification of ground points. The procedure starts 

from the locally lowest ground points, which are used as seeds in the search for 

additional ground points. Haugerud and Harding [14] suggested the removal of the 

spiking points from the TIN model. Sohn and Dowman [35] proposed an upward 
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and downward densification based on the minimum description length, an 

operation which is similar to the operation proposed by Axelsson [21]. Krzystek 

[36] proposed a hierarchical densification based on the finite element approach to 

adjust the ground surface. Since they assumed the ground surface to be locally flat, 

the operation sometimes causes the surface of mountainous or hilly areas to appear 

flat. 

 

2-2-2 Region-based Concept 

In the region-based concept, it is assumed that the object point or area is locally 

higher, or object area has a closed outline with an abrupt change in height. The 

points-to-points approach is typically included in the morphological filtering [37], 

the clustering technique [38] and the block minimum technique [39].   

In many of these algorithms the mathematical morphology is employed to 

remove object points, and implement a filtering process on the grid data to 

accelerate the computation. It has been observed that the morphological approach 

is quite sensitive to the operator size. If a large operator is used, detailed terrain 

features like ridges or hilltops can be eliminated. On the other hand, if a small one 

is used, large artificial objects, such as buildings, may still be retained. As a result, 

Kilian et al. [37] used a multi-level opening morphology operation in order to keep 

small ground features while removing large non-ground objects. In some 
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progressive morphological filters operating windows of various sizes and 

thresholds for height differences are applied in order to optimize the procedure [40] 

[41] [42]. 

Morgan and Tempfli [41] proposed the utilization of a weighting function 

dependent on the operator size for the removal of object points. Lohmann et al. [43] 

proposed a dual-rank filtering method, which was shown to be quite reliable in 

relation to the removal of buildings and artificial structures, compared to surface 

fitting with linear prediction. Masaharu and Ohtsubo [44] suggested an approach 

where the lowest points from small patches are first selected and then the object 

points subsequently and iteratively removed in large patches by statistical testing. 

Brovelli et al. [38] used a spline interpolation method to create grid data, where the 

outliers and object points are removed by considering multiple returns and height 

difference thresholds. Wack and Wimmer [39] tried to use an operator of the 

Laplacian of Gaussian operator to remove the object points in a multi-scale manner. 

Zhang and Chen [42] increased the operator size that accompanied the different 

thresholds in the filtering procedure. Qi et al. [45] also applied morphological 

filtering with progressively increased window sizes for the openings. Based on the 

assumption that objects with abrupt changes in elevation along their boundaries 

indicate boundaries terrain points will be retained and non-terrain objects such as 

buildings removed. 
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2-2-3 Slope-based Concept 

In the slope-based concept, it is assumed that a surface near an object outline 

will have a larger slope at a non-ground point than at its neighboring ground points. 

The point-to-point processing is performed a filtering action on a local area. The 

processing, in general, is done in the discrete point space.  

Vosselman [46] selected ground points according to the slope between a point 

and its neighbors. Sithole [47] proposed a kernel function modified from 

Vosselman [46] and improved the performance of the slope method when utilized 

in steep terrain. Roggero [48] also introduced a variant filter, modified from 

Vosselman [46], with local linear regression in the grid space, giving consideration 

to the weighting of the height difference, and distance to the local operator. Shan 

and Sampath [49] focused on urban areas to search for ground points. The points 

on object edges are labeled based on the slope threshold as the scan line moves to 

and fro. Meng [50] augmented the method proposed by Shan and Sampath [49] to 

include multi-directional scan-lines, and was able to reach reliable results. It is 

however difficult to delineate rugged terrain with low vegetation using the 

slope-based algorithms, as well as to reserve ground points located on break lines 

[15]. Sithole [51] later proposed a scanline-based segmentation scheme with a 

weighting function and a classification procedure based on topological 

relationships to improve the results for break lines. Peng [52] developed a 
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multiple-filtering approach based on the relationships of slopes and height 

differences between terrain and non-terrain points to remove non-terrain points. 

 

2-2-4 Discussion of Filtering Methods 

Some filter algorithms, such as surface fitting, are used to process the raw point 

clouds to maintain the data accuracy. Some algorithms use the TIN model as a 

compromise, to retain the accuracy and include the neighboring relationship, 

although the data volume is not reduced. In any case, the original data volume is 

very large and it is time-consuming to process it. Some filtering algorithms utilized 

image processing toolkits on the interpolated grid data. In this way, the amount of 

data is reduced and the grid structure makes it easier to process. The interpolation 

of LiDAR data using linear or higher order degrees of surface curvature gives the 

chance to find erroneous height values along the boundaries of non-terrain objects 

[41]. Interpolation from irregular 3-D points into 2-D regular grids is however an 

acceptable trade-off for accuracy, especially in densely forested areas and along 

terrain break lines in broken terrain. 

The filtering process can be divided into the removal of non-ground points and 

searching for ground points. Some filtering algorithms, such as the region-based 

methods, first define the object features, for instance, locally higher points or 

regions with closed outlines or slope discontinuities then remove them. On the 
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other hand, some algorithms, such as the surface-based and slope-based methods, 

first identify the ground points then search for them. In this type of search strategy 

iterative selection is preferred. For instance, in surface fitting methods ground and 

object points are weighted and the ground surface model adjusted iteratively. 

Few filter algorithms perform a single pass, many use iteration or a data 

pyramid. The advantage of a single pass is computational efficiency but this is 

easily traded for accuracy. By iterating the process or using a data pyramid, more 

information can be gathered and noise removed, thus a much more reliable result 

can be obtained. 

The range of the type I, type II and total errors in the ISPRS filter test [15] is 

approximately 0-64%, 0-19%, and 2-58%, respectively. The indication is that many 

algorithms are focused on minimizing type II errors, i.e. removing as many object 

points as possible. The exception is the two filter methods based on the surface 

concept proposed by Axelsson [21] and Sohn [35]. From the application point of 

view, since no automatic filter can separate ground and non-ground points 

completely, manual inspection and editing still plays an important role for final 

DEM products. The consideration of type I errors (omission errors), which are 

difficult to detect through visual inspection, is suggested for a minimization of 

filtering strategy [15]. 

In the ISPRS filter test, the quantitative analysis is also utilized to find a more 
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detailed presentation of error features based on the filtering concept [15]. The 

characteristics of the aforementioned approaches are summarized in Table 2-4. 

  
Table 2-4. Error characteristics based on filtering concepts. 

Concept Developer(s) 
(year) 

Advantages Disadvantages 

Region-based Brovelli et al. 
(2002) 

 - more omission errors in 
the underlying slope 

Roggero (2001) 
Slope-based 

Sithole (2001) 

 - most difficulty with 
discontinuities 

Axelsson (2000) 

Sohn and 
Dowman (2002) 

+ smaller errors on steep 
slopes 

+ best for complex scenes 

Kraus and 
Pfeifer (1998) 

+ best for complex scenes 

- errors at both the top and 
bottom edges 

Surface-based 

Elmqvist (2001)  - more omission errors in 
the underlying slope 

   

In the surface-based methods, the ground surface is assumed to be piecewise 

continuous; local surface fitting is conducted afterwards. This type of method 

performs best for complex scenes, as compared to the other two methods. There 

tends to be smoothing errors along break lines in the processed unit, for instance, at 

both the top and bottom edges [15]. In some methods where it is assumed that the 

ground surface is locally flat, the TIN model is employed to avoid over-smoothing. 
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However, with this type of method one is unable to overcome the cutting effect that 

occurs in rugged areas.  

The region-based methods show the advantage of quite reliable recognition and 

the removal of buildings and artificial structures. Since they assume that the 

non-ground points are locally higher, they also tend to remove various locally 

higher ground points located on ridges or hilltops.  

In contrast, the slope-based methods retain more locally higher ground points. 

Though the computation of a slope between two neighbors is simple, the search for 

neighboring points is time-consuming, especially when the process is extended to 

global LiDAR points. In addition, these methods have the most difficulty with 

terrain discontinuities and tend to remove the ground points along break lines [15]. 

Generally, it is easy to remove the artificial objects with small areas and closed 

outlines with slope discontinuities. It is also easy to remove vegetated points given 

the condition of good LiDAR penetration. However, a hilltop that is locally higher 

than other portions of the ground surface may resemble an above-ground object 

making it difficult to retain, being regarded as an artificial object. Furthermore, 

broken ground lines may also have slope discontinuities, such as a ridge or a step 

edge, which could result in over-smoothing errors. 
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2-3 Related Works on Building Detection 

Building and vegetation are two dominant classes of objects in ALS data. 

Buildings supply very important information for telecommunications, city planning, 

flood control, and tourism. Building detection is the first step for the building 

change detection, map revision and building modeling. A number of researchers 

have developed techniques for the extraction of buildings from aerial images, 

which provide accurate planimetric and spectral information [10] [11] [53] [54]. 

The maturity of the LiDAR technology has meant that accurate height information 

is now available to be fused with imagery to implement the building modeling [12] 

[13].  

 

2-3-1 Methods Developed for Building Detection  

In this section we discuss work related to building detection from airborne 

LiDAR data. Table 2-5 lists the characteristics of the various building detection 

approaches. 

 



Table 2-5. Characteristics of various building detection approaches. 

Developer(s) Approach Concept Data Feature(s) 

Brunn and 
Weidner (1997) 

Bayesian Network 
classification 

surface normal 
variation 

airborne LiDAR data 
(nDSM) 

1. step edges 
2. surface normal variations 

Axelsson (1999) 
 

minimum 
description length 
method 

variation of 
surfaces 

airborne LiDAR data 1. second derivatives of the surface 
 

Haala and 
Brenner (1999) 

ISODATA 
classification 

spectrum and 
heights 

multi-spectral 
images and airborne 
LiDAR data (nDSM) 

1. multi-spectral image 
2. heights 

Alharthy and 
Bethel (2002) 

local statistical 
interpretations of 
heights and fitting 
surfaces 

variation of 
heights and 
surfaces 

airborne LiDAR data 
(first/last pulse data) 
 

1. first/last pulse data 
2. statistical variation of fitting surface 
 

Hofmann et al. 
(2002) 

object 
segmentation 

texture analysis airborne LiDAR data 
and topographical 
maps 

1. positions, shapes and textures 

Rottensteiner and 
Briese (2002) 

rule-based process
 

prior knowledge 
and texture 
analysis 

airborne LiDAR data  
 

1. heights and sizes of building 
2. roughness of second derivatives of 

heights 
3. point-like pixels  
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Table 2-5. Characteristics of various building detection approaches (cont.). 

Developer(s) Approach Concept Data Feature(s) 

Matikainen et al.  
(2003 and 2004) 

rule-based process
 

texture analysis airborne LiDAR data  
(height and intensity 
information) 
 

1. GLCM homogeneity of height 
2. GLCM homogeneity of lidar intensity 
3. average length of edges from a“shape 

polygon＂ 
Schiewe (2003) region-based  

multi-scale 
segmentation and 
fuzzy logic 
classification 

spectrum and 
heights 

airborne LiDAR data 
(first/last pulse data) 
and multi-spectral 
images 

1. gradients and first/last pulse data 
2. spectral textures 

Ma (2005) rule-based process
 

building features airborne LiDAR data 1. height, size and surface 

Tarsha-Kurdi et 
al. (2006) 

topological 
relationship 

planar roof airborne LiDAR data 
(first/last pulse data) 

1. height difference 
2. slope of fitting plane  

.

 



Brunn and Weidner [55] detected step edges in the nDSM, which was created 

from airborne LiDAR data. They then used Bayesian Network classification to 

detect buildings based on the normal surface variation. 

Axelsson [21] used a classification method based on the minimum description 

length criteria to separate buildings and trees. The cost function was calculated 

from the second derivatives of the surface.  

Haala and Brenner [53] integrated the multi-spectral image and airborne 

LiDAR data for the unsupervised ISODATA (Iterative Self-Organizing Data 

Analysis Technique) classification of buildings, grass, trees and streets, based on 

their radiometric and height features. 

Alharthy and Bethel [56] eliminated small extraneous objects based on the 

mapping of discrepancies between first and last pulse LiDAR returns from one 

LiDAR pulse. After this buildings were distinguished from other objects such as 

trees by local statistical variation.  

Hofmann et al. [57] used a region-based segmentation method with the 

eCognition software to delimit objects. The segmented objects were analyzed 

according to their positions, shapes and attributes. Different rules for rural and 

urban buildings were made for the classification.  

Rottensteiner and Briese [13] used a height thresholding, a binary 
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morphological opening, and roughness analysis of the second derivatives of 

heights to detect building candidates. A polymorphic feature extraction method 

based on the Förstner operator was then used to remove “point-like” pixels, such as 

vegetation points.  

Matikainen et al. [58] used height information to separate trees and buildings 

from the ground. A fuzzy classification method was then applied to detect 

buildings based on three attributes: the Gray Level Co-occurrence Matrix (GLCM) 

homogeneity of heights; the GLCM homogeneity of LiDAR intensities; and the 

average length of edges from a “shape polygon” derived from the tested segments.  

Schiewe [59] also implemented a detection process with the eCognition 

software. They used region-based multi-scale segmentation and a fuzzy logic 

classification to detect building regions by fusing airborne LiDAR data and 

multi-spectral images. 

Ma [60] detected building regions simply according to prior knowledge, such 

as heights, sizes and smooth surfaces. 

Tarsha-Kurdi et al., [61] considered topological relationships and introduced 

two criteria, height difference and slope of the fitting plane, to erase non-building 

segments. 
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2-3-2 Discussion of Building Detection Methods 

The characteristics of the aforementioned approaches can be summarized as 

having three levels: point (pixel), segment and spatial. At the point (pixel) level, 

ground points must be extracted first. Since most of the detections begin with the 

nDSM, the remaining above-ground points are used to generate a grid-based 

nDSM. At the segment level, prior knowledge, i.e. heights, sizes and areas of the 

buildings, is commonly used for removing most non-building categories, such as 

grasses, cars, shrubs, and so on. Thus, the building candidates are detected. If 

multiple returns are available, they can also be utilized to eliminate extraneous 

vegetation. However, some large trees may still be retained because of similar 

features, such as height and size. Some methods have adopted further classification 

to discriminate between buildings and vegetation based on the analysis of height 

textures or variations of surfaces at the spatial level. If there are multi-spectral 

images supplying radiometrical information, such as the normalized difference 

vegetation index (NDVI) or texture, vegetation can be recognized and removed 

more easily. 
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3. Ground Point Selection from Airborne LiDAR Data 

 

In this chapter the novel slope-based CAS method designed to search for 

ground points from ALS data is outlined. To improve efficiency and accuracy, an 

automatic scheme is implemented. The approach utilizes pseudo-grid data and a 

back selection step. An additional procedure to detect and remove bridges is also 

included to improve the filtering accuracy.  

 

3-1 Proposed Methods for Ground Point Selection 

The CAS method is used to perform a local search while still preserving the 

merits of global treatment. During the searching process, bridge point clouds can 

sometimes be misclassified as a part of ground, thus an additional procedure to 

detect and remove those points is also included, to improve the accuracy. 

 

3-1-1 CAS Method 

The CAS method emulates the natural movements of climbing and sliding. It is 

based on the point-to-point approach and designed to select ground points from 

LiDAR point clouds. With it the aforementioned disadvantages of the slope-based 

methods can be overcome. Before explaining the concept on which the CAS 
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method is based, some observations of terrain characteristics are made. 

 

3-1-1-1 Concept behind the CAS Method 

The CAS method utilizes the following six assumptions to discriminate 

between ground and above-ground objects: 

1. Object point – In general, object points are locally higher than ground 

points. Above-ground objects, such as buildings, vegetation, cars, etc, will 

be locally higher and may have a closed outline, with abrupt changes in 

height compared to its neighboring ground points. 

2. Ground point –The locally lowest point has the highest possibility of 

being on the ground.  

3. Ground point – A lower neighbor in a limited area near a known ground 

point is also assumed to be a ground point.  

4. Locally higher ground – Some locally higher ground, such as hills and 

ridges may have slope discontinuities by not closed outlines.  

5. Terraced hill – Although a terraced hill may also have a closed outline, its 

area is generally larger than that of most above-ground objects.  

6. Slope continuity – Although object edges and break lines may divide the 
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ground surface, the slope continuity of points on each respective ground 

surface will still be maintained. 

  

The original inspiration for the CAS method comes from the observation of a 

natural phenomenon － flowing water. If water is poured continuously, , it will 

flow downwards from the locally highest ground to the lower ground until the 

entire ground surface is covered. Since LiDAR point clouds contain only height 

information without structure or textural information, it is difficult to distinguish 

the locally highest ground points from object points.  

To extrapolate, a continuous climbing movement is simulated from the various 

locally lowest points to the locally highest ground. The climbing is followed by a 

sliding motion that will pass through all of the lower points. The climbing 

movement reaches the top edge of a break line along the side of a smaller slope, 

and the sliding movement flows down through the bottom edge of the break line. 

In this manner, the ground points located on the edge of the slope discontinuity can 

be retained. Those points that travel from one location to another during climbing 

or sliding are classified as ground points, even though they may follow a mostly 

irregular path. As the action implies, this method is named the 

climbing-and-sliding algorithm.  
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3-1-1-2 CAS Process 

To emulate the climbing movement on continuous terrain, the CAS also 

employs slope conditions. Three parameters are selected for the CAS method, 

namely the general slope, slope increment, and maximum slope. The general slope 

and the maximum slope are designed to check the absolute slope of the terrain, 

while the slope increment checks the relativity. The general slope is used to judge 

the terrain continuity and prevents the climbing movement over objects. The slope 

increment can be regarded as the curvature, for climbing on continuous terrain to 

reach the locally highest ground, such as ridges or hilltops. The maximum slope 

prevents climbing at objects, for which the slope differential along the profile 

satisfies the slope increment. The sliding procedure simulates the flow of water 

from higher to lower ground. The lower neighbors surrounding the ground seed or 

identified ground point are regarded as ground points.  

Figure 3-1 illustrates the CAS process starting from three locally lowest 

points, the ground seeds, i.e., SA, SB, and SB C. The general slope allows for climbing 

from the seeds SA, SBB, and SC to climb to the neighboring ground points, GA, GB, 

G

B

D, and GE, respectively. The general slope threshold also stops the climbing at a 

large slope, such as from SA to OA, SBB to OB, or SB BB to GC. In terms of the slope 

increment, the difference between the slopes from SB to GB D must satisfy the 

increment threshold, so GE is identified as a ground point. A maximum threshold is 
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needed to stop GE from reaching on object point OC. Thus, although on a steep 

slope point GC will be excluded because of the general slope and maximum slope 

thresholds, a sliding movement from the identified ground point GBB can include it. 

● 
Sc 

● 
SA

● 
SB

GB
♁ 

GE
♁ 

 
GA
♁ 

♁Gc 

○ OA

○ OC

○ OB
○

● ground seed  
♁ searched ground point  
○ object point 

GD
♁ 

 
Figure 3-1. Illustration of CAS process along a profile. 

 
 

3-1-2 Bridge Detection 

A bridge may not be filtered out due to its ambiguous features. It is an 

artificial structure that spans the gap between two pieces of land and is raised 

above the ground between them. Furthermore, it has narrow path with two side 

break lines and connects two land areas with a small slope. Sithole and Vosselman 

[62] assumed that bridges have four typical features, from which we develop a 

segmentation and identification method to detect them. The four features are: 

1. Smoothness - A bridge has a smooth surface. 

2. Connected sides - A bridge is connected to the ground on at least two sides. 

3. Height difference - A bridge along is raised above the ground along its 
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length. 

4. Shape - The length of a bridge is longer than the width of the sides 

connected to the ground. 

 

The slope condition of the aforementioned CAS method means that bridges, 

with their small slope, will be considered as a part of ground. Therefore, to 

improve the result an additional step to detect and remove bridges is also included. 

Given the special geometric characteristics of bridges we propose using a simple 

scanline-based method to detect bridges. The detection includes three bridge 

characteristics, namely, height, width and slope. First, when the bridge is above the 

ground, two adjacent points along a scanline having a large height difference, the 

raised and descent points, are labeled as a candidate pair of bridge edges. Next, the 

distance between them is checked with respect to a certain range of bridge widths. 

This is to avoid mistaking terraced ground as a bridge surface. Third, the slopes of 

any two neighbors between an edge pair are test as to whether they are within the 

slope threshold. If points along a scanline on the reconstructed surface model 

satisfy those three conditions, they are labeled as a bridge.  
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3-2 Implementation of Ground Point Selection 

In this chapter, the scheme designed to implement the proposed filtering 

methods is described. Although systematic errors could exist in the airborne 

LiDAR data, the ALS is assumed to be free of such errors so no extra processing is 

included in the proposed scheme. First, the original 3-D point clouds are reduced to 

an initial surface model based on a 2-D pseudo-grid. Then a preprocessing step is 

included to remove small objects and outliers due to noise from the surface model. 

Subsequently, a region growing technique is applied to implement the CAS method 

of searching for ground points on the surface model. Next an additional process is 

included to detect and remove bridges. In the last step, a back selection process is 

used to select ground points that have been omitted from the initial surface model. 

Figure 3-3 shows a flowchart of the proposed scheme.  

The three processing steps of noise removal, searching for ground points, and 

bridge detection are integrated and implemented on a graphic user interface (GUI). 

An example of the GUI is shown in Figure 3-2. 
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Figure 3-2. GUI for ground point selection. 
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Figure 3-3. Flowchart for ground point selection. 
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3-2-1 Generation of Initial Surface Model 

Airborne LiDAR data are generally comprised of up to millions of points per 

square kilometer, thus significantly large amount of computation and memory is 

required to process the original data. To improve computational efficiency, 

piecewise or pyramid data can be used to determine the ground surface [32] [34], 

or a densification strategy can be employed [21] [35] [39].  

Since the DEM is a surface model, a grid data is favorable for computational 

efficiency. However, grid interpolation may decrease the accuracy of LIDAR data. 

For building detection and extraction, Cho et al. [63] introduced a concept of 

pseudo-grid, or named binning, into raw LiDAR data to avoid information loss, as 

well as to define the adjacency of neighbors to speed up the processing time. 

Notice that the original data amount is not reduced and a bin may still contain 

several points as shown in Figure 3-4.  

 
Figure 3-4. Illustration of binning. 

(Courtesy of Cho et al. [63]) 
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In some approaches the lowest points selected in local areas provide an 

initialization [4] [33]. This point set can be regarded as the initial surface data. To 

improve computational efficiency, the pseudo-grid is improved here to reduce the 

airborne LiDAR data from 3-D space to a 2-D grid. The method is based on two 

concepts. First, the DEM is a single variable surface, i.e. there is only one elevation 

on a plane location. Second, the lowest point in a limited area has the maximum 

possibility of being a ground point. Based on this assumption, the lowest point in 

the grid represents the grid elevation. In this way, most of the unwanted small 

object points, which are locally higher, will be excluded from the grid data. The 

original coordinates of the lowest points of the grids are stored for further 

computation. Despite the fact that the surface model is presented as a grid structure, 

no smoothing or interpolation is involved. Since the retained points represent the 

locally lowest elevation, the initial surface is a good approximation of the terrain 

surface. In addition, the pseudo-grid data also defines the neighborhood, which in 

turn speeds up the process. Figure 3-5 illustrates the pseudo-grid concept for the 

initial surface. Although some of the ground points are excluded at this stage, a 

back selection procedure, as stated in Section 3-2-5, will recover them. 
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(a)                        (b) 

Figure 3-5. Pseudo-grid for surface initialization: (a) original scanning 

points, (b) points on the initial surface model. 

 
 

3-2-2 Noise Removal 

The initial surface model is created by selecting the lowest points in the grids, 

but non-ground points and low outliers could still exist. Those non-ground points 

in the initial surface model come about in three ways. First from points located on 

artificial objects, such as buildings, whose sizes are larger than the grid size of the 

surface model. Second, due to the occlusion of objects, such as by dense vegetation, 

no ground point appears in a grid. Third, a few outliers can arise from the ALS 

system, as described in Section 2-1.  

A pre-processing step is needed to filter out those types of points as noise. Two 

basic grayscale morphological operations, i.e. opening and closing, with a flat 

structuring element [64], are introduced to remove peak and pit noise in the surface 

model, respectively. The opening and closing uses the two basic operations of 

erosion and dilation. In the opening operation erosion is performed first followed 
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by dilation. Equations (1) and (2) delineate erosion and dilation, respectively. A flat 

structuring element, which contains only the value of 1, is employed as an operator. 

In erosion the center point in the operating window is replaced by a minimum 

value while in dilation a maximum one is found. Closing is performed in reverse 

order, i.e. dilation followed by erosion. Equations (3) and (4) delineate opening and 

closing, respectively. A larger operator could result in over-smoothing, thus leading 

to information loss. Assuming that unwanted points are gathered in small areas, a 

3*3 operator would be a good selection.  

 

Erosion: ( ,( , )
min )x i y ji j B

A B A + +⊂
=                               (1)

Dilation: 
( )

( ,,
max )x i y ji j B

A B A + +⊂
⊕ =                               (2)

Opening: ( )A B A B B= ⊕

B

                               (3)

Closing:                                  (4)( )B=A A B⊕

where: 

A: the image; 

B: the flat structuring element; 

(x, y): the processing pixel; and 

(i, j): column i and row j of the operator. 
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Some potential problems associated with the two morphological operations 

should be considered. Opening could remove some ground points located on the 

locally highest ground, such as on ridges or hilltops. A slope constraint concept 

allows for the retention of these locally higher ground points. If the slope between 

the removed point and its un-removed ground neighbors satisfies two slope 

conditions, i.e. the general slope and the slope increment, the removed point will 

be recovered. The closing operation could also eliminate some ground points in 

densely vegetated areas as low outliers. A larger grid on the surface model tends to 

exclude more vegetation points, so that ground points will not be so easily deemed 

low outliers. When processing a densely vegetated area, it is recommended that 

opening be performed first, to eliminate small object points, followed by closing, 

for low outlier removal.  

 

3-2-3 Searching for Ground Points 

In this step, the CAS process searches for ground points on the surface model. 

The locally lowest point is searched out as a seed in a selected square, for instance 

80*80 m2. The selection of ground seeds must meet the assumption 2 described in 

Section 3-1-1. This avoids the seed being located on the top of a building. If there 

is a terraced hill with an area larger than the square, the generation of at least one 
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seed is guaranteed. This is consistent with assumption 5 mentioned in Section 

3-1-1. The points surrounding each ground seed are first evaluated by the CAS 

process. Then, a region growing approach materializes the climbing and sliding 

movements starting from each ground seed. 

There are three parameters included in the climbing process: the general slope 

Sgeneral; the slope increment dSincrement; and the maximum slope Smax. The general 

slope only considers the relationship between two adjacent ground points. The 

slope increment can be regarded as a curvature that reaches the locally highest 

ground point in a continuous manner. This extension operation is different from the 

traditional slope-based methods. The maximum slope is used to judge the terrain’s 

continuity so as to prevent the inclusion of objects on gradually changing surfaces, 

such as for vegetation on sloped terrain. The window size for the region growing 

operation is fixed at 3*3. Figure 3-6 shows the operating window, where a ground 

seed or an identified ground point P0 and the processed surroundings P1－P8 are to 

be classified. Although, this search may be simplified to a four-direction search, an 

eight-direction search is preferred in order to reach an orientation-independent 

solution.  
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P1 P2 P3

P8 P0 P4

P7 P6 P5

Figure 3-6. Operation window with a ground point P0 and the processed 

surroundings P1~P8. 

 

Equation (5) considers the general slope as the relationship between two 

adjacent ground points. If the slope S0i from the ground point P0 to a processed 

point Pi is less than the general threshold Sgeneral, Pi is classified as a ground point. 

This examination refers to assumption 1 expressed in Section 3-1-1-1. 

 

If , then Poi generalS S≤ j is identified as a ground point            (5) 

where:  

P0: the identified ground point; 

Pi: the processed point; 

S0i: the slope from P0 to Pi; 

Sgeneral: the threshold of the general slope parameter. 

 

Equation (6) defines the second condition with the maximum slope and the 

slope increment. If the slope S0j between the known ground point P0 and the 
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adjacent point Pj is less than the maximum slope Smax, and the slope difference dSij 

along a profile is less than the slope increment dSincrement, point Pj is identified as a 

ground point. This condition is designed to implement assumptions 4, 5, and 6 

described in Section 3-1-1-1. 

 

If  and , then PmaxojS S≤ ij incrementdS dS≤ j is identified as a ground point    (6)

where:  

Pi, P0, Pj: three points sequentially along a profile, Pi and P0 are 

ground points, Pj is a processed point; 

Si0, S0j: the slopes from Pi to P0 and from P0 to Pj , respectively; 

Smax: the threshold of the maximum slope; 

dSij=S0j-Si0: the slope difference between Si0 and S0j; and 

dSincrement: the threshold of the slope increment. 

 

During simulation of the sliding motion, if a processed point Pi is lower than 

the ground point P0, it is classified as a ground point. Since the slope S0i from P0 to 

Pi is negative and the general threshold Sgeneral has a positive value, the sliding 

process satisfies Equation (5), and no further calculation is needed. This process 

implements assumption 3 defined in Section 3-1-1-1. 
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If a processed point conforms to either Equation (5) or Equation (6), it is 

identified as a ground point. And then they are put into a queue for a 

First-In-First-Out process. Again, an eight-direction search is selected to reach an 

orientation-independent solution. This process searches for other ground points 

surrounding the identified points, and then extends out to form a global surface 

model. 

 

3-2-4 Bridge Removal 

The three characteristics, height, width and slope, needed for bridge detection 

are given by Equations (7), (8), and (9), respectively. Figure 3-7 shows a flowchart 

of the proposed bridge detection scheme. Algorithm 3-1 is based on these 

conditions. For the first example, two adjacent points with a large height difference 

and located along a scanline, i.e. the raised and the descent points, are labeled as a 

candidate pair of bridge edges. This measure of discontinuity is formulated in 

Equation (7) and Step 1 in Algorithm 3-1. Second, the distance between each pair 

is checked with respect to a certain range of bridge widths, as in Equation (8) and 

Step 2 in Algorithm 3-1. The third step is a measure of smoothness, formulated as 

in Equation (9) and Step 3 in Algorithm 3-1, where the slopes of any two adjacent 

points between an edge pair are tested as to whether they fall within a slope 
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threshold. Points along a scanline on the reconstructed surface that satisfy those 

three conditions are labeled as a bridge. The bridge regions are examined using 

multi-directional scan-lines.  

1( , ) :  ( )  and ( )i j Pi Pi B Pj Pj B1P P CP H H dH H H dH−∀ ∈ − ≥ − ≥+              (7)

min maxijW D W≤ ≤                                                   (8)

1 , 1( , ) :n n n n BP P B S+ +∀ ∈ ≤ S                                        (9)

where:  

CP: set of candidate pairs of bridge edges along a scanline; 

Pi,Pn,Pj: points along a scanline, where Pi and Pj are a candidate pair of 

bridge edges and Pn is located between Pi and Pj; 

dH: threshold of bridge height above the ground; 

Dij: distance between Pi and Pj; 

Wmin , Wmax: thresholds of the maximum and minimum bridge widths; 

Sn,n+1: slope from Pn to Pn+1; 

SB: threshold of bridge slope.  B

 

The bridge detection process is employed to remove bridges and to reduce 

type II errors (commission errors). Notice that ramps have similar geometric 

characteristics to bridges, (i.e. a narrow path with two side break lines and connect 

two land areas with a small slope), and these may also be removed.  
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Figure 3-7. Flowchart for bridge detection. 
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Algorithm 3-1. Bridge detection 
 

 

 

 

Step 1 

 

Step 2 

 

Step 3 

 

Input: Reconstructed surface model, SR

Output: Set of bridge points, B 

begin 

   for each scanline in SR do 

      if (HPi-HPi-1)≧dHB and (HB Pj-HPj+1) ≧ dHBB then  

label (Pi,Pj) as a candidate pair CP of bridge edges  

         if Dij≧Wmin and Dij≦Wmax then 

   for each point between (Pi,Pj) do 

if slope |Sn,n+1|≦ SB then  B

label points (Pn,Pn+1) as bridge points in B 

            end-if 

        end-for 

         end-if 

  end-if 

   end-for   

end 

 

3-2-5 Back Selection of Ground Points 

The ground points searched with the above procedure can be used to generate 

an approximate DEM. However, in the initial surface model, made from the lowest 

points in the grids, other higher ground points in the same grids may be neglected. 

Furthermore, some ground points in the surface model, such as in a courtyard or a 

vegetated area may not be successfully searched out, due to the blocking of the 

climbing and sliding movements. Thus, a secondary selection process for retrieving 
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these missing ground points is included.  

In the traditional approach the normal distance of a potential point with 

respect to the facet of the TIN model is examined [21]. In this approach, an 

important threshold has to be selected. In Figure 3-8, points A, B and C are ground 

points searched out from the previous procedures. Potential points P1 and P2, near 

the break line, are missed in the initial surface model and have to be recovered 

during the back selection process. If a small threshold is applied, P1 and P2 with 

longer normal distances to the TIN facets could be misclassified as object points. 

To avoid this by selecting a larger threshold, some lower objects on flat terrain 

could also be regarded as ground points. This is because the normal distance 

threshold is a function of: (1) the sampling distance between identified ground 

points; (2) the slope of the TIN facet; and (3) the slope of the terrain.  

 

☉ P1

▲ B 

☉ P2 ▲ C 

▲ A terrain profile 
profile of TIN facet 
normal distance 

▲   searched ground point 
☉   processed ground point

Figure 3-8. Profile illustration of longer normal distance from point of break line to 

the TIN facet. 

 

However, by employing the proposed sliding process, the threshold setting 

step becomes unnecessary. In the proposed process, if a processed point that is 
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lower than the highest vertex of a facet it is identified as a ground point. The 

outliers are removed from the initial surface, but if a point is lower than the lowest 

vertex it could be regarded as a low outlier. In the back selection process more 

points are retained along break lines, even at step edges. Based on experience, a 

grid size of 4~6 m is appropriate as the initial surface for most terrain types. Since 

the searched ground points from the previous procedure are dense to form a well 

approximated DEM, a single pass for reselection of ground points is enough. 

The potential problem of low vegetation on steep slope should be considered. 

These low object points may be misclassified as ground points during the 

reselection. The pseudo-grid concept is reapplied to avoid this kind of errors. A 

smaller grid size, for instance 1~2 m, is used to filter out low object points on steep 

slopes. This filtered data is input for the back selection of ground points. 

Due to the fact that the selection process for determining the corresponding 

TIN facet for a processed point is time consuming, we developed a fast method is 

developed to search for the TIN facet in grid space. As the TIN model is 

constructed, the facet indices of triangles are transferred to the grid. A 

point-in-polygon test is performed, using the indices in the searching window, to 

determine the TIN facet for each unidentified point. This operation is illustrated in 

Figure 3-9. 
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(a) (b) 

Figure 3-9. Fast searching of TIN facets in the grid space: (a) TIN facet with index, 

(b) Search window in grid space. 
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4. Building Detection from Airborne LiDAR Data 

In this chapter, prior knowledge of some of the building features, such as 

height, shape, and area, is first utilized to detect candidates. The building roofs are 

assumed to be planar, sloped, or even curved, and the concept of directional slope 

difference is introduced as a basis for the texture computation. Ten region-based 

textures are selected with which to conduct analysis for building detection. 

 

4-1 Proposed Method for Building Detection  

In airborne LiDAR data, objects above the ground can include buildings, 

vegetation, cars, power lines, and so on. Buildings and trees are two dominate 

classes of large objects. Prior knowledge of some building features, such as height, 

shape, and area, can be used to sift candidates. It is assumed that building roofs are 

planar, sloped, or curved, so they are quite different from vegetative surfaces. 

Since the change in slope of building roofs is generally small, textures of slope 

difference are introduced to aid in detection. Unlike the segmentation methods that 

interpolate the ALS data into regular grids in a pixel-based process, detection in 

our process is performed by a region-based approach.  
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4-1-1 Prior Knowledge 

Buildings characteristics can be known from different data sources. For 

instance, their outlines appear as closed straight edges in aerial images. Their roofs 

are generally planar or sloped, quite different from the vegetative surfaces in the 

airborne LiDAR data. In multi-spectral images the NDVI of building pixels is 

lower than that of vegetation pixels. 

Some building features for instance height, size and area can be used as prior 

knowledge to detect candidates from ALS data [13] [56] to remove most 

non-building points and objects, such as grass, shrubs and cars. Although higher 

and larger trees may still remain, they can be recognized as such by examining 

further spatial information. 

 

4-1-2 Directional Slope Difference 

Although most small and low objects, such as cars, shrubs, grasses, and so on 

can be removed, buildings and trees, the two dominant classes of large objects, will 

still remain. In this research, building roofs are assumed to be planar, inclined, or 

even curved, i.e. the second derivative of roof heights is small. Since trees do not 

have these characteristics, textured slope differences can be utilized to discriminate 

between buildings and trees.  
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In general, for scattered terrain points, the second derivative of the height, i.e. 

slope difference, can be obtained through surface fitting. However, many buildings 

consist of several roof elements with different heights or slopes, and thus cannot be 

described by only a single surface. In addition, small objects on the roofs, for 

instance water towers, may also affect the computation and result in errors. A 

smoothing process may be necessary to reduce the unwanted points. The Laplace 

of Gaussian (LoG) process with a small operator is widely used with grid data for a 

local and fast computation of the slope difference. Although this operator could 

smooth out noise along break lines like building ridges and edges, inaccurate 

values may still occur.    

To solve the above problems, we introduce the concept of directional slope 

difference to determine the slope difference with grid data. The slope difference in 

a 3*3 window, as shown in Figure 3-6, can be calculated by Equation (10). Four 

directional slope differences are computed in an operation window, with the 

minimum one being selected to represent the slope difference of the center point. 

In this way, noise interference is avoided in the computation, and their values will 

be small. Example maps of slope and slope differences are illustrated in Figure 4-1. 

One can observe that most pixels inside buildings and some edge pixels still show 

zero slope difference in Figure 4-1(c). 
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        Di0, D0j distance from Pi to P0, and P0 to Pj, respectively;  

        i=1~4, j=i+4, referring to Figure 3-6.  
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Figure 4-1. Example maps of elevation information: (a) elevation (unit: 

meters), (b) slope (unit: degrees), (c) directional slope difference (unit: %). 

 

4-1-3 Computation of Region-Based Texture 

Texture is one of the main features used in image processing and pattern 

recognition to characterize the surface of a given object or phenomenon. 

Traditional texture computation is based on a gray level co-occurrence matrix 

(GLCM) in a square window [65]. It is based on the estimation of the joint 

probability function of two pixels in some given relative position. The main 

drawback to utilizing the GLCM is the large memory requirement for storing the 

co-occurrence matrices. Unser [66] introduced the sum and difference histograms 

to decrease computation time and memory storage. Their approach is as accurate as 

the GLCM for texture discrimination. Several approaches incorporating texture 

analysis have been developed for the classification of grid-based ALS data [13] [57] 

 68



[59] [67]. For instance, traditional homogeneity texture is preferred for the building 

detection [58] [68]. 

Instead of the pixel-based texture, we propose a region-based computation to 

improve the quality of the segmentation. The slope differences obtained in the 

previous step are now normalized to gray values, for instance based on 10% units. 

The histograms and probabilities of the slope differences for each candidate region 

are computed. The histogram of the slope difference is similar to the difference 

histogram. The method for computation of the difference component proposed by 

Unser [66] is applied to the proposed method. Six features, i.e. contrast, energy, 

entropy, homogeneity, mean and variance, are introduced here for the region 

textures. Their formulas are listed in Table 4-1. For the sum and difference 

histograms,  and  are the probability functions of the sum and the 

difference, respectively; i and j are the sum and difference values, respectively. For 

the proposed slope difference histogram, P(i) means the probability function for a 

gray value i in each region.  

ˆ ( )sP i ˆ ( )dP j

We introduce four additional features for the texture analysis, i.e. area of gray 

value zero, maximum probability, probability of gray value zero and shape factor, 

as shown in Table 4-1. Since the slope difference has been normalized to the gray 

value, gray value zero indicates an area that is either flat or monotonically inclined. 

Maximum probability is the gray value with the maximum probability in a region. 
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The probability of gray value zero, i.e. P(0), represents the ratio of the monotonic 

inclined area to the area of the whole region. With the same probability of gray 

value zero, a larger region has a larger area of gray value zero. The shape factor, i.e. 

the region area divided by its perimeter, considers the smoothness of the region’s 

outline. A larger shape factor value indicates a smoother shaped region. Since the 

shapes of buildings are more regular than that of trees, a building is assumed to 

have a larger shape factor value than a region of vegetation. The ten features of 

region-based texture are analyzed numerically to determine which one is more 

suitable for the purpose of building detection.  
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Table 4-1. Comparison of texture features computation methods. 

Feature Sum and difference histograms Proposed 

contrast 2 ˆ ( )d
j

j P j⋅∑  2 ( )
i

i P i⋅∑  

energy 2 2ˆ ˆ( ) ( )s d
i j

P i P j⋅∑ ∑  2( )
i

P i∑  

entropy ˆ ˆ ˆ ˆ( ) log( ( )) ( ) log( ( ))s s d d
i j

P i P i P j P j− ⋅ − ⋅∑ ∑ ( ) log( ( ))
i

P i P i− ⋅∑  

homogeneity 
2

ˆ ( )
1

d

j

P j
j+∑  2

( )
1i

P i
i+∑  

mean (μ) 1 ˆ ( )
2 s

i
i P i⋅∑  ( )

i
i P i⋅∑  

variance 2 21 ˆ ˆ[ ( 2 ) ( ) ( )
2 s d

i j
i P i j Pμ− ⋅ + ⋅∑ ∑ ]j ) 

2( ) (
i

i u P i− ⋅∑  

area of gray 
value zero 

----- number of pixels with gray 
value 0 (if area>255, i=255) 

max. 
probability 

----- max (P(i)) 

probability of 
gray value 
zero 

----- P(0) 

shape factor ----- area / perimeter 
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4-2 Implementation of Building Detection 

The proposed building detection method is implemented at three levels: pixel 

level, segment level, and spatial level. Candidate regions are sifted at the pixel and 

segment levels, while buildings are detected at the spatial level. At the pixel level, 

LiDAR data is generated to the nDSM, and lower points on the nDSM are removed. 

At the segment level, pixels are clumped to form regions, and then smaller regions 

are eliminated. At the spatial level, region textures based on directional slope 

difference are computed. Then buildings and non-building regions are classified 

depending on these textures. Figure 4-2 shows the flowchart of the proposed 

building detection process. A GUI is also designed for the visual inspection of the 

detection process. An example of the GUI is shown in Figure 4-3. 
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Figure 4-2. Flowchart for building detection. 
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Figure 4-3. GUI for building detection. 

 
 

4-2-1 Generation of nDSM 

Buildings are detected in the nDSM. Airborne LiDAR can directly produce a 

DSM, for instance using first return data only. The DEM can be determined by the 

proposed ground point selection process, after which the nDSM may be easily 

generated by subtracting the ground elevation of the DEM from that of the DSM. A 

point density of 1 point/m2 or denser is considered more suitable for describing 

building shapes. Since the proposed method is based on texture analysis, 
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interpolated grid data is preferred. However, as mentioned above, interpolated grid 

data may cause a biased result, especially for the break lines.  

To generate accurate grid data for the DSM, pseudo grid processing is 

reapplied. If the point spacing of the ALS data is smaller than the grid size of the 

DSM, the first return points or the highest points in the grids are selected to 

represent the grid height. However, if the point spacing is larger than the grid size, 

many grids will be empty and need to be interpolated from neighboring grids. Here, 

an interpolation process depending on the major neighboring group is proposed. 

The neighbors of an empty grid are first clustered into two groups of low and high. 

The points in the larger group are then used to interpolate the heights of the empty 

grid. In this way, the DSM can include the original planimetric ALS data 

coordinates, and the building boundaries still retain break line features, even 

though the grids may lack LiDAR points. Once the DSM is generated, the nDSM 

may be determined by subtracting the ground elevation from the DSM. 

 

4-2-2 Pre-process to Detect Building Candidates 

Three rules are used for pre-processing to detect building candidates. First, 

those points on the nDSM with low heights (e.g. lower than 3 m) are removed. 

Second, a binary morphological opening using a small operator (e.g. 7*7 pixels) is 

employed, to erase small elongated objects and to separate regions bridged by thin 
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paths. Finally, an image clumping process is implemented to eliminate small 

regions (e.g. less than 60 m2).  

A laser beam may penetrate through vegetation to the ground. After removing 

the lower points, the shapes of vegetated areas can appear rather fragmented due to 

holes inside making it easy to eliminate or separate such areas into several very 

small regions by binary morphological opening.  An image clumping process can 

be used to aggregate pixels into regions followed by small region removal. 

Although larger trees may still remain after this pre-processing, they are subject to 

further detection process. 

 
 

4-2-3 Building Detection 

In this research, building roofs are assumed to be piece-wise continuous. This 

aids us to discriminate buildings from vegetation. In this step, the directional slope 

differences of pixels in each candidate region are first calculated and normalized to 

the gray value, then ten region textures are computed, after which the feature 

values are also normalized to the gray value for further analysis.  

The building candidates are assumed to belong to only two classes, buildings 

and non-buildings (e.g., trees). K-Means clustering [69] is employed for the 

unsupervised classification of buildings and non-buildings. The 
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Minimum-Distance-to-Means classifier [69] is employed for the supervised 

classification. 

Algorithm 4-1 describes the unsupervised K-means classification. Step 1 

judges the minimum distance, which is computed for each texture value compared 

to the mean of the two classes. Step 2 updates the means to include new classified 

members. The classification is repeated until the number of iterative processing 

times is reached or until no any region changes its class.  

 

Algorithm 4-1. Unsupervised K-Means clustering to detect buildings. 
 

 

 

 

 

 

 

Step 1 

 

 

 

 

Step 2 

 

 

 

Input: texture feature values (T) of candidate regions (R), initial means (MB, MB V) 

for two classes of building and vegetation 

Output: two classes of building and vegetation (CB and CB V) 

begin 

  while iterative processing times < 30 do  

for each texture value Ti do 

       if i B iT M T M− ≤ − V  then  

label Ri as building class CB  B

         else  label Ri as vegetation class CV 

       end-if 

end-for 

Update (MB, MB V) by texture values in the two classes 

if no region changes its class then stop processing 

     end-if 

  end-while 

end 

 

 77



Fort the supervised classification, all reference data are input as training data. 

The classification process is similar to that described in Algorithm 4-1; only a 

single pass is needed to separate the building and non-building classes. 
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5. Experimental Results  

Two data sets are tested in the validation process. The first set was released 

from the ISPRS Working Group III /3 [70]. The results are quantitatively compared 

with their recognized counterparts in the literature. In order to extend the test for 

validation, the second southern Taiwan data set included various features, such as 

dense buildings, river banks, mountainous areas and break lines. The error for 

DEM generation is computed. The presentation and reservations of the terrain 

features are also analyzed. 

 

5-1 Definition of Errors 

Some types of errors are employed for the validation of the proposed schemes. 

Three types of errors, i.e. type I errors, type II errors, and total errors, are computed 

for evaluation of ground point selection. The type I errors, i.e. omission errors, 

consist of part of the bare earth being misclassified as non-ground points. The type 

II errors, i.e. commission errors, consist of a portion of the objects being 

misclassified as ground points. Figure 5-1 shows the definitions of these two types 

of errors. The total errors are computed from the two types of errors. The 

percentage of type I, type II and total errors can be computed by Equations (11), 

(12) and (13), respectively. 
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Two measures, the overall accuracy and kappa coefficient [69], are computed 

for the evaluation of building detection. Equations (14) and (16) define the 

computations of overall accuracy and kappa coefficient, respectively. The overall 

accuracy is the measure of correctly classified points, also termed “the efficiency” 

of the classification. The kappa coefficient is a statistical measure more robust than 

the overall accuracy. A negative kappa means that the classification results are 

those expected just by chance. Different cases have different interpretations for 

kappa coefficient as to what is a good classification. In general, a kappa larger than 

0.6 indicates is good, and more than 0.80 is excellent.    

 

Filtered 
Reference ground non-ground  

ground a 
b 

(type I error) 
(omission error)

e = a + b 

non-ground 
c 

(type II error) 
( commission Error)

d f = c + d 

 g = a + c h = b + d n = a + b + c + d 

Figure 5-1. Error definition. 
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Percentage of type I errors : b/e*100%                     (11)

Percentage of type II errors: c/f*100%                    (12)

Percentage of total errors:  (b+c)/n*100%              (13)

Overall accuracy (observed accuracy) P0 :  (a+d)/n            (14)

Change agreement Pe :  e/n * g/n + f/n * h/n                   (15)

Kappa Coefficient: (P0-Pe)/(1-Pe)                           (16)

where: a, b, c, d, e, f, g, h, n: referring to Figure 5-1.         

 

 

5-2 Validation of Ground Point Selection 

Two data sets are tested in the validation. The first set was released from the 

ISPRS Working Group III /3 [70]. The results are quantitatively compared with 

their recognized counterparts in the literature. In order to extend the test for 

validation, the second one includes various features in southern Taiwan, such as 

dense buildings, river banks, mountainous areas and break lines. The error 

computations of the DEM generation are made. The presentation and reservations 

of the terrain features are also analyzed. 
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5-2-1 Testing with ISPRS Data 

The ISPRS data were acquired with an Optech ALTM scanner over the 

Vaihingen/Enz test field and the Stuttgart city centre. It includes 8 separate sites 

with different terrain, 4 urban areas and 4 rural areas, as well as 15 reference 

samples of the sub-areas [15]. The terrain features of the 15 samples are described 

in Appendix A. (Note: there is no reference sample for Site 8.) 

The processing results for Site 1 are presents in Figure 5-2. In this figure, the 

maps are all generated by a grid size of 4 m. Figure 5-2(a) is its DSM, which is 

generated by highest points in grids, with five white cloud-like data gaps. Figure 

5-2(b) is the initial surface model, which is generated by lowest points in grids. 

One can see most small objects like trees and cars are eliminated. Figure 5-2(c) is 

the result while applying noise removal. Figure 5-2(d) is the DEM generated from 

points searched on the initial surface model. Figure 5-2(e) shows the final DEM 

generated from points searched in the back selection.  

(a) (b) 
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(c) (d) 

 

(e)  

Figure 5-2. Processing results for Site 1: (a) DSM; (b) initial surface model; (c) 

after noise removal, (d) DEM generated from searched points, (e) final DEM. 

 

We quantitatively assess the ISPRS filter test [15] to validate the proposed 

scheme with respect to the reference samples. A TIN-based DEM is generated from 

the filtered ground points from each test site. The ISPRS reference data, including 

separate ground and non-ground points, are then compared with the generated 

DEM for error estimation. The height tolerance in the error judgment is set at 0.2 

m, as defined in the literature. This threshold is the mean of the standard deviations 
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of different terrain features obtained through the polynomial surface least squares 

fitting.  

The sensitivity of the parameters to the filtering results is evaluated by testing 

many different threshold sets for error comparisons. The selected thresholds 

include the grid size of the initial surface model, and the three slope parameters for 

the CAS process. Six sets of thresholds, shown in Table 5-1, are selected for 

concise comparison. The unwanted points are assumed to be noise and are 

clustered in small areas. The operating window for noise removal is fixed at 3*3. 

During region growing to search for ground points, the operating window size is 

also set at 3*3.  

Table 5-1. Six sets of thresholds for the proposed scheme. 

Set No. grid size (m) Sgeneral (%) dSincrement (%) Smax (%) 
1 4 10 5 40 

2 4 10 10 40 

3 4 10 10 60 

4 6 10 5 40 

5 6 10 10 40 

6 6 10 10 60 

 

The error comparisons under different thresholds are shown in Figure 5-3. 

The generated DEMs for all reference samples obtained applying parameter set 1, 
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are also illustrated in Appendix A. These results exhibit fewer type I than type II 

errors. The errors indicate that the slope parameters are insensitive to the results. 

Notice that the grid size would be more sensitive than the slope parameters. It can 

be seen that a 4 m grid is favorable for the test areas.   

 

Type I Error (Omission Error)

0%

2%

4%

6%

8%

10%

12%

14%

16%

Sample No.

1 13.00% 5.02% 6.10% 8.23% 5.32% 4.89% 1.14% 9.03% 5.85% 0.42% 2.24% 5.49% 1.46% 1.41% 2.00%

2 13.05% 5.04% 5.33% 8.27% 5.32% 4.21% 1.13% 8.15% 5.24% 0.42% 2.21% 5.25% 1.43% 1.83% 1.99%

3 13.04% 4.93% 5.33% 8.27% 5.35% 4.21% 1.13% 8.15% 5.24% 0.42% 2.02% 4.99% 1.43% 0.97% 1.99%

4 14.39% 5.68% 8.71% 7.14% 7.20% 4.66% 1.25% 10.12% 9.28% 0.87% 4.52% 7.01% 1.41% 4.53% 5.87%

5 14.33% 5.68% 8.71% 7.14% 7.17% 4.66% 1.29% 10.12% 9.28% 0.87% 4.08% 7.01% 1.41% 4.47% 5.90%

6 14.12% 5.68% 8.71% 7.14% 7.08% 4.66% 1.34% 10.10% 11.07% 0.89% 3.70% 7.01% 1.41% 3.82% 5.90%

11 12 21 22 23 24 31 41 42 51 52 53 54 61 71

 
(a) 
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Type II Error (Commission Error)

0%

2%

4%

6%

8%

10%

12%

14%

16%

18%

Sample No.

1 10.37% 2.96% 2.34% 2.06% 4.23% 6.75% 1.29% 1.74% 0.85% 14.99% 9.23% 10.97% 3.98% 11.69%11.86%

2 10.37% 2.96% 2.34% 2.08% 4.23% 7.01% 1.37% 1.76% 0.85% 15.51% 9.31% 11.11% 4.13% 11.44%14.07%

3 10.48% 3.41% 2.34% 2.12% 4.67% 7.26% 1.39% 1.76% 0.85% 15.64% 9.48% 12.05% 4.54% 12.77%15.37%

4 14.89% 2.34% 0.97% 1.91% 4.73% 7.97% 1.56% 1.02% 0.87% 17.46% 9.70% 12.05% 3.89% 11.19%13.02%

5 14.93% 2.34% 0.97% 1.91% 4.73% 7.97% 1.67% 1.02% 0.87% 17.46% 9.65% 12.19% 3.89% 11.19% 9.81%

6 14.84% 2.34% 0.97% 1.91% 5.58% 7.97% 1.67% 1.02% 0.70% 17.56% 9.70% 12.05% 3.89% 11.69% 9.81%

11 12 21 22 23 24 31 41 42 51 52 53 54 61 71

 
(b) 

Total Error

0%

2%

4%

6%

8%

10%

12%

14%

16%

Sample No.

1 11.88% 4.02% 5.27% 6.30% 4.80% 5.40% 1.21% 5.34% 2.14% 3.60% 2.97% 5.71% 2.81% 1.76% 3.12%

2 11.91% 4.02% 4.67% 6.34% 4.80% 4.97% 1.24% 4.91% 2.14% 3.71% 2.96% 5.49% 2.88% 2.16% 3.36%

3 11.94% 4.19% 4.67% 6.35% 5.03% 5.04% 1.25% 4.91% 2.14% 3.74% 2.80% 5.27% 3.10% 1.38% 3.54%

4 14.60% 4.05% 7.02% 5.51% 6.03% 5.56% 1.44% 5.51% 3.34% 4.49% 5.06% 7.21% 2.74% 4.76% 6.68%

5 14.59% 4.05% 7.02% 5.51% 6.02% 5.56% 1.46% 5.51% 3.34% 4.49% 4.67% 7.22% 2.74% 4.70% 6.34%

6 14.43% 4.05% 7.02% 5.51% 6.37% 5.56% 1.49% 5.51% 3.23% 4.53% 4.33% 7.21% 2.74% 4.09% 6.34%

11 12 21 22 23 24 31 41 42 51 52 53 54 61 71

 
(c) 

Figure 5-3. Error comparison of six threshold sets using the proposed scheme for 

the ISPRS references: (a) type I errors, (b) type II errors, (c) total errors. 
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We compare some distinctive results using parameter set 1 (in Table 5-1) with 

other methods in the literature. Notice that the parameter set is not optimized. 

Figure 5-4 shows the error comparison between the proposed method and three 

representative methods from the literature. The first approach is the proposed 

method. The second method is the one suggested by Axelsson [21] and is based on 

the surface and region concept via the utilization of progressive TIN densification 

for the selection of ground points (it has been developed into the TerraScan 

software). The third method, introduced by Kraus and Pfeifer [32], relies on the 

surface concept, and uses the classical least squares method for ground surface 

fitting (it has been developed into the SCOP++ software). The last one, as 

proposed by Roggero [48], is a modified slope-based method. 

The comparison shows that for the type I errors the proposed method is 

superior to the three methods for samples 11 (vegetation and buildings on a steep 

slope), 31 (courtyard), 41 (clump of low points), 53 (break lines), 54 (low 

resolution buildings), 61 (sharp ridge and ditches), but the type II errors are more 

than others, except for sample 52 (sharp ridge). Larger type II errors mean more 

objects are retained and may decrease the accuracy of the level 2 products, i.e. the 

automatic filtering results [71]. However, type II errors are easy detected and 

removed through visual inspection, and may allow better accuracy for the level 3 

products, i.e. high fidelity or cleaned products [71]. 
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The comparison of total errors clearly shows that the proposed method is also 

superior to the three methods for samples 31, 41, 52, 53, and 54. For the remaining 

samples, the results are similarly to Axelsson’s. The variety of the ISPRS test data 

indicates that the proposed method is robust for different landscape types. 

 

Type I Error (Omission Error)

0%

5%

10%

15%

20%

25%

30%

35%

40%

45%

Sample No.

Shao 13.00% 5.02% 6.10% 8.23% 5.32% 4.89% 1.14% 9.03% 5.85% 0.42% 2.24% 5.49% 1.46% 1.41% 2.00%

Axelsson 15.96% 4.89% 0.46% 2.68% 3.69% 3.38% 7.91% 25.81% 4.68% 0.13% 1.78% 8.58% 1.25% 1.94% 0.14%

Pfeifer 28.26% 7.29% 2.81% 8.25% 12.08% 8.54% 1.60% 19.85% 8.02% 4.21% 21.27% 12.53% 10.66% 7.15% 9.78%

Roggero 33.16% 11.92% 12.46% 33.43% 41.88% 30.43% 3.03% 21.55% 13.37% 1.90% 9.80% 17.81% 1.01% 19.64% 5.41%

11 12 21 22 23 24 31 41 42 51 52 53 54 61 71

(a) 
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Type II Error (Commission Error)
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20%

Sample No.

Shao 10.37% 2.96% 2.34% 2.06% 4.23% 6.75% 1.29% 1.74% 0.85% 14.99% 9.23% 10.97% 3.98% 11.69% 11.86%

Axelsson 3.65% 1.48% 18.53% 5.87% 4.34% 7.45% 1.03% 1.89% 1.62% 12.00% 14.21% 16.76% 4.93% 6.23% 13.25%

Pfeifer 2.41% 1.52% 1.64% 3.08% 3.81% 8.95% 2.04% 1.57% 2.64% 1.93% 5.68% 14.23% 1.00% 0.17% 1.59%

Roggero 3.88% 0.91% 0.00% 1.01% 1.94% 1.70% 1.08% 2.74% 4.30% 6.96% 9.66% 4.74% 8.37% 0.58% 2.77%

11 12 21 22 23 24 31 41 42 51 52 53 54 61 71

(b) 

Total Error
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Shao 11.88% 4.02% 5.27% 6.30% 4.80% 5.40% 1.21% 5.34% 2.14% 3.60% 2.97% 5.71% 2.81% 1.76% 3.12%

Axelsson 10.79% 3.25% 4.25% 3.63% 4.00% 4.42% 4.78% 10.75% 1.62% 2.72% 3.07% 8.91% 3.23% 2.08% 1.63%

Pfeifer 17.35% 4.50% 2.57% 6.71% 8.22% 8.64% 1.80% 10.57% 2.64% 3.71% 19.64% 12.60% 5.47% 6.91% 8.85%

Roggero 20.80% 6.61% 9.84% 23.78% 23.20% 23.25% 2.14% 12.21% 4.30% 3.01% 9.78% 17.29% 4.96% 18.99% 5.11%

11 12 21 22 23 24 31 41 42 51 52 53 54 61 71

(c) 

Figure 5-4. Error comparison of the ISPRS filter test results between the proposed 

methods and three representative methods: (a) type I errors, (b) type II errors, (c) 

total errors. 
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Visual inspection indicates that most of the terrain features are retained quite 

well. For instance, Figure 5-5 shows the processing results for Sample 53. Notice 

that the proposed method obtains the lowest total errors for break lines, compared 

to the other algorithms in Figure 5-4. Figure 5-6 shows the processing results for 

reference Sample 22, containing buildings, a crossover bridge and a gangway in an 

urban site. Figure 5-6(c) shows the error map, while the error definition is given in 

Figure 5-1. 

  
(a) (b) 

 
 

(c) (d) 
Figure 5-5. Processing results for Sample 53: (a) shaded relief map of DSM, (b) 
shaded relief map of reference DEM, (c) shaded relief map of generated DEM, (d) 
error map (for colors refer to Figure 5-1). 
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(a) (b) 

  
(c) (d) 

Figure 5-6. Processing results for Sample 22: (a) shaded relief map of DSM, (b) 

shaded relief map of reference DEM, (c) shaded relief map of generated DEM, (d) 

error map (for colors refer to Figure 5-1). 

 

In Samples 21, 22, 24 and 71 show a narrow bridge, a crossover bridge, a 

ramp, and a land bridge, respectively. The bridge and ramp share similar geometric 

characteristics, as they both have two side break lines. Furthermore, the connection 

between two areas is essentially a small slope. After employing the bridge 

detection process, the bridges have been removed as shown in Figure 5-6 and 5-7. 
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The definition of the bridge as an unwanted object and its removal means that the 

type II errors have decreased. 

  
(a) (b) 

  
(c) (d) 

Figure 5-7. Processing results for Sample 71: (a) shaded relief map of DSM, (b) 

shaded relief map of reference DEM, (c) shaded relief map of generated DEM, (d) 

error map (for colors refer to Figure 5-1). 

 

Although the proposed method performs well in general, sample 11 is worthy 

of further discussion. Figure 5-8 shows the processing result for sample 11, which 

contains terrain break lines, buildings, and dense vegetation on a steep slope. A 

visual inspection shows that although most objects in the generated DEM have 

been removed, there still exist large errors, which can be explained as having 

occurred due to two reasons. First, because the edge of a building is on a steep 
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slope and has similar features to terrain break lines, portions of some of the 

buildings have not been eliminated completely. Second, there may be insufficient 

ground points in densely vegetated areas, due to poor LiDAR penetration. If the 

initial surface model is a poor approximation of the terrain surface, the results 

produced may contain even greater modeling errors. 

  
(a) (b) (c) (d) 

Figure 5-8. Processing results for Sample 11: (a) shaded relief map of DSM, (b) 

shaded relief map of reference DEM, (c) shaded relief map of generated DEM, (d) 

error map (for colors refer to Figure 5-1). 

 

5-2-2 Testing with Taiwan Data 

To extend the validation of the performance of the proposed method, a Taiwan 

data set, including an urban area in northern Pingtung City and mountainous areas 

in northern Jenwu Township, Kaohsiung County, is studied. The data was scanned 
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by the Leica ALS50 system in October 2004. Its scanning parameters are listed in 

Table 5-2. Terrain features in the test sites are very diverse, including mountainous 

areas, vegetation, buildings, roads, rivers, a bridge and other artificial objects. 

Figure 5-9 shows the processing profile of each step in a mountainous area.  

 
Table 5-2. Scanning parameters of the Taiwan test data. 

Parameter Name Value 

Flight speed 120 knots 

Flying height 1390 ~ 1950 m 

Pulse frequency 61.6 ~ 65.3 kHz 

Scanning rate 34 ~ 35 Hz 

42° ~ 45° FOV 

Swath 1100m 

Sidelap 40% 

Foot print (diameter) 0.3 m 

Point spacing cross track 1.07 m 

Point spacing along track 1.88 m 

1.7 points/m2Point density 

 

Figure 5-9. Profile of the processing result for mountainous area. 
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Five representative samples are scrutinized in the test. The squares marked I to 

V in Figure 5-10, 5-11, and 5-12 depict the terrain characteristics. Table 5-3 

quantitatively describes the terrain features. The terrain features and the generated 

DEMs for the five reference samples are also illustrated in Appendix B. Since the 

purpose of ground point selection is to produce a DEM, we use a reference DEM 

to evaluate the processing result. This DEM has been generated through manual 

filtering of LiDAR data with the aid of interpretation from stereo aerial images. 

The computational error is based on grid data with a spacing of 2 m through the 

Kriging method.  

Table 5-3 shows the filtering error for the five samples. Samples I and II show 

smaller errors for the plain terrain, even with low vegetation or dense buildings. 

Samples III and IV show larger errors than the other samples, because they contain 

dense trees with heights of 10~20 m, along with other vegetation on steep slopes. 

This complex type of terrain seems to produce larger errors. In Sample V, although 

the break lines are covered with vegetation, the errors are smaller than for the plain 

terrain with low vegetation in Sample I. 

A visual inspection shows that the results represent the terrain features rather 

well. Ditch and road edges in Sample I, shown in Figure 5-10, the edges of the 

river bank in Sample III and the ridges and valleys in Sample IV, shown in Figure 

5-11, are all clearly displayed. The terrain break lines with vegetation in Sample V, 
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shown in Figure 5-12, are also successfully reconstructed. 

Table 5-3. Filtering errors for the five Taiwan samples. (unit: meters) 
ground range
(dx*dy*dz) 

mean RMSE min 
error

max Sample features error error

I plain with low vegetation and ditches 350*260*3.4 0.06 0.12 -0.70 1.56

II plain with dense buildings 330*230*3.2 0.04 0.15 -0.77 2.15

III river bank 390*190*40.0 0.01 0.75 -11.29 10.52

IV hill with dense trees 260*200*60.8 0.46 1.81 -9.27 12.63

V break lines with vegetation 260*270*38.2 0.02 0.22 -2.11

 

2.75

 
(a) (b) 

Figure 5-10. Shaded relief maps of the processing results for Samples I and II: (a) 

DSM, (b) generated DEM.  
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(a) (b) 

Figure 5-11. Shaded relief maps of the processing results for Samples III and IV: 

(a) DSM, (b) generated DEM. 

 

 
(a) (b) 

Figure 5-12. Shaded relief maps of the processing results for Sample V: (a) DSM, 

(b) generated DEM. 

 

An inspection of a sample profile, in Figure 5-13, shows that some 

ambiguities do exist. For example, it is hard to determine whether the solid line, 

the reference, or the dashed line, the filtered result, is correct. This ambiguity 
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comes from the lack of sufficient ground information due to poor LIDAR 

penetration. However, the profile generated by the proposed scheme may be even 

more convincing than the manual one, thus, the accuracy in Table 5-3 could be 

underestimated. 

 

vegetated 
points

Figure 5-13. Profile ambiguity due to vegetation on steep slope. 

 

An additional test area around the Hsinchu Science-based Industrial Park is 

also included to validate the bridge detection procedure. Table 5-4, in the next 

section, shows the scanning parameters of this area, i.e. Area A. Although bridges 

have been detected and removed, data gaps do exist at their locations; e.g., the 

white areas in Figure 5-14(b). In general, data gaps can be easily interpolated from 

neighboring points. However, the ground heights underneath overpasses, 

interpolated from neighboring ground points, for instance through the Kriging 

method, still tend to form very steep slopes, as shown in Figure 5-14(c). Therefore, 
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an additional interpolation is performed here, using lower neighboring points that 

are located on the superhighway. As a result, the ground heights under the 

overpasses become more reasonable. The final generated DEM is shown in Figure 

5-14(d). 
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(c) (d) 

Figure 5-14. Bridge detection and height interpolation: (a) initial surface, (b) 

detection of bridges (white) and other objects (gray), (c) heights interpolated from 

neighboring ground points, (d) heights underneath overpasses interpolated from 

lower neighbors. 

 

5-3 Validation of Building Detection 

Two Taiwan testing data, including an urban area A around the Hsinchu 

Science-based Industrial Park and a rural area B near northern Taichung City, are 

used to testify the processes. Table 5-4 shows the scanning parameters of the two 

test areas. Figure 5-15 and 5-16 show their aerial images and shaded relief maps of 

DSM. Most of the white areas in the DSM are water bodies, such as swimming 

pools and ponds. They absorb the laser energy and result in low reflectance data.  
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Table 5-4. Scanning parameters of the test data. 

 Area A Area B 

LiDAR system LH ALS 50 Optech ALTM 2033 

Flying height 950~1500 m 1350~1500 m 

Pulse frequency 63 kHz 33 kHz 

Scan rate 35 Hz 47~50 Hz 

Field of View 42° 28° 

Point density 1.6 pts/m2 2.4 pts/m2

 

  
(a) (b) 

Figure 5-15. Test area A: (a) aerial image, (b) shaded relief map of DSM. 
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(a) (b) 

Figure 5-16. Test area B: (a) aerial image, (b) shaded relief map of DSM. 

 

5-3-1 Pre-processing Results for Building Candidates 

Figure 5-17 demonstrates the pre-processing results for building candidates in 

Area A. The DSM, shown in Figure 5-17(a), is generated by the process of initial 

surface model, as described in Section 3-2-1. Its pseudo grid size is set to 1 m, and 

the highest points in the grids are selected to represent the grid elevations. 

Although the point density is about 1.6 points/m2, many grids still lack airborne 

LiDAR points. These must thus be interpolated from their neighbors using the 

method described in Section 4-2-1. The DEM, shown in Figure 5-17(b), is 

generated by the proposed CAS method, and the nDSM, shown in Figure 5-17(c), 
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is determined by subtracting the DEM from the DSM. After slicing heights of 3 m 

from the nDSM, lower points are removed, as shown in Figure 5-17(d). After an 

opening operation, with an operator size of 7*7 m2, small and elongated narrow 

areas are eliminated, as shown in Figure 5-17(e). At the end, the remaining points 

are clumped into regions, followed by removal of regions smaller than 60 m2, until 

candidate building regions are obtained. Each candidate is marked with one color 

as shown in Figure 5-17(f). 

Figure 5-18 demonstrates the pre-processing results for building candidate 

regions in test Area B. After superimposition of the results with the reference data, 

which was acquired from a GIS (Geographic Information System) data layer, it can 

be seen that there are 287 and 105 building regions in areas A and B, respectively. 

Note that some buildings may be connected to one region. Furthermore, one 

building may be also separated into a few smaller regions in this step. During the 

pre-processing, 12 and 3 buildings (not regions) are missed in areas A and B, 

respectively. The missing buildings are eliminated because their heights or widths 

are less than that of the thresholds, i.e. 3 m and 7 m, respectively.  
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(e) (f) 

Figure 5-17. Pre-processing results of building detection for test Area A: (a) 

DSM, (b) generated DEM, (c) nDSM, (d) after slicing from 3 m, (e) after 

opening, (f) building candidates. 
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(a) (b) 

Figure 5-18. Pre-processing results of building detection for test Area B: (a) 

DSM, (b) building candidates. 
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Figure 5-19 also shows that buildings and vegetation are mixed in some 

candidates. Thus the vegetated areas are not completely removed or separated, and 

some trees are still connected with or covering buildings to form mixed regions.  

(a) (b) 

Figure 5-19. Mixed regions in Test Area A: (a) superimposition map of candidates, 

(b) aerial image.  

 

5-3-2 Detection Results by the Classification of Region Textures 

Ten region-based features are computed for each candidate and normalized to 

gray values for further analysis. Figure 5-20 shows the superimposition of maps for 

the visualizations of four typical candidate features: contrast, homogeneity, P(0), 

and shape factor, based on the slope difference unit of 10%. A region that is darker 

means that it may be a higher possibility of being a building region. Figure 5-21 

shows their histograms. 
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(a) (b) 

  
(c) (d) 

Figure 5-20. Superimposition maps of four typical textures for building candidates: 

(a) contrast, (b) homogeneity, (c) P(0) (d) shape factor. 
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(c) (d) 
Figure 5-21. Histograms of four typical textures for building candidates: (a) contrast, 

(b) homogeneity, (c) P(0), (d) shape factor. 

 

Given that there is 5~10 cm relative height accuracy and 1.5~2.0 points/m2 

density for the test data, three units of 5%, 10%, and 15% are chosen to transfer the 

slope difference into the gray value. They are then computed to obtain the ten 

region texture features for further classification. Table 5-5 lists the test set for the 

classification. Figure 5-23 and 5-23 show the overall accuracy and kappa 

coefficient of the classification results for the two test areas. The detailed results of 

classification and error assessment are illustrated in Appendix C. 
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Table 5-5. Six sets for different slop difference and classification type. 

Set Unit of slope difference Classification type 

A 5 % Unsupervised 

B 5 % Supervised 

C 10 % Unsupervised 

D 10 % Supervised 

E 15 % Unsupervised 

F 15 % Supervised 
 
 
 

0

20

40

60

80

100

A 67.0 45.8 61.3 65.2 86.5 78.0 56.0 79.1 48.8 55.3 

B 73.0 38.2 80.2 71.7 90.8 78.0 53.5 89.0 68.5 37.1 

C 71.7 55.5 67.0 64.9 90.1 66.3 52.1 88.3 48.8 55.5 

D 74.6 39.3 83.1 69.9 90.6 66.3 51.7 91.0 68.5 40.2 

E 71.7 58.7 71.0 64.7 86.7 64.0 53.3 90.8 48.8 58.4 

F 75.3 43.6 82.7 69.2 86.7 64.0 51.0 90.8 68.5 43.4 

Area Contrast Energy Entropy Homogeneity Max P(i) Mean P(0) Shape Factor Variance

(a) 
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A 56.5 73.2 64.5 79.0 86.2 79.7 79.7 70.3 39.9 72.5 

B 71.0 60.9 72.5 79.0 81.9 79.7 73.9 78.3 68.8 59.4 

C 66.7 72.5 63.8 79.0 88.4 76.8 79.7 86.2 39.9 71.7 

D 76.8 60.9 80.4 79.0 87.7 76.8 73.9 84.1 68.8 60.1 

E 72.5 69.6 67.4 78.3 87.7 75.4 79.7 88.4 39.9 68.8 

F 78.3 59.4 79.7 78.3 86.2 75.4 73.9 87.0 68.8 58.0 

Area Contrast Energy Entropy Homogeneity Max P(i) Mean P(0) Shape Factor Variance

(b) 

Figure 5-22. Overall accuracy of the classification results based on ten region 

textures for building candidates: (a) Area A, (b) Area B. 
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C 46.3 -10.3 39.2 34.8 79.4 14.1 -2.1 76.1 13.5 -10.6 

D 50.4 -31.5 66.5 40.5 80.3 14.1 0.5 81.3 39.2 -31.9 
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Area Contrast Energy Entropy Homogeneity Max P(i) Mean P(0) Shape Factor Variance

(a) 
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(b) 

Figure 5-23. Kappa coefficient of the classification results based on ten region 

textures for building candidates: (a) Area A, (b) Area B. 

 
 

The experimental results indicate that the features of homogeneity and P(0) 

have a higher potential than do other features for building detection in both urban 

and rural areas. According to the kappa coefficients, the feature homogeneity is 

slight better than the feature P(0). Three features, i.e. contrast, mean, and variance, 

have negative kappa coefficients. It means that they are unsuitable for 

classification. Figure 5-24 shows an example of the processing results utilizing the 

feature homogeneity based on test data from set C in Table 5-5. There are 246 

building regions detected from 275 in test Area A. 12 regions are missed in the 

pre-processing and 29 regions misclassified as non-buildings. In test Area B, 95 of 
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105 building regions are detected with 3 regions missed in the pre-processing and 7 

regions misclassified as non-buildings. The building detection rates reached 89.5% 

and 90.5% for test Areas A and B, respectively. 

 

  

(a) (b) 

Figure 5-24. Superimposition maps of detection results based on the feature of 

homogeneity: (a) test Area A, (b) test Area B. 

 

 

5-4 Summary 

The experimental results indicate that the proposed ground point selection 

scheme is applicable to diversified terrain types including crucial break lines, such 
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as ditches, roads, ridges and valleys. In the proposed scheme for building detection, 

most non-building points and regions can be removed by prior knowledge. The 

analysis of region texture and slope difference shows that the features of 

homogeneity and P(0) are suitable for the building detection in both urban and 

rural areas. A brief summary of its advantages and limitations are discussed in the 

following. 

 

5-4-1 Advantages and Limitations of Ground Point Selection 

Some significant advantages of the proposed scheme for ground point selection 

are:  

1. The concept of the pseudo-grid efficiently reduces the original ALS data 

from 3-D space to a 2-D grid. Traditional grid interpolation is not involved 

and the original planar coordinates of the ALS data are retained. Fewer and 

more representative points are needed to form the initial surface model 

which can speed up the process. 

2. The novel CAS process and the region growing technique mean that one 

can fist perform a local search then extend this to the global surface model. 

The error comparison with different parameter sets indicates that its slope 

parameters are insensitive to the results. 
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3. The back selection and reapplication of the sliding concept allows one to 

search for more ground points without extra parameters. A single pass is 

enough to reselect more ground points, even along the break lines. 

4. A comparison of this method to three representatives using the ISPRS filter 

test data indicates that the proposed scheme is robust for different 

landscape types with fewer total errors. 

5. The processing results of the ISPRS test data exhibit fewer type I than type 

II errors. Since type I errors (omission errors) are difficult to detect through 

visual inspection, from the practical point of view, the results are 

preferable to further manual editing. 

 

The limitations of the proposed scheme are: 

1. Although the parameters of the proposed scheme are insensitive to the 

results, because of the diversity of terrain types, fine-tuning of the 

parameters may be necessary for optimal results. For instance, a smaller 

grid size for the initial surface model and slope parameters would be 

suitable for urban areas, while larger parameters are adequate for 

mountainous areas. 

2. A steep slope with dense vegetation may yield larger errors, due to the poor 
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LIDAR penetration, i.e. insufficiency of ground samplings. From the 

practical point of view, to reach an accurate and reliable DEM, 

incorporating break lines and mass points from photogrammetry is 

preferable. 

 

5-4-2 Advantages and Limitations of Building Detection 

Some significant advantages of the proposed scheme for building detection are:  

1. The generation of nDSMs by applying the concept of the pseudo-grid can 

efficiently reduce most vegetated points, especially on the condition where 

there is good LiDAR penetration.  

2. Prior knowledge of building features is useful to eliminate most low and 

small non-building objects to detect building candidates. 

3. Of the ten region-based textures, two features of homogeneity and P(0) 

preserve the most information and thus are most suitable for the detection 

process.   

 

The limitations of the proposed scheme are: 

1. Considering that some buildings may be low and small, a grid size less 
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than or equal to 1 m may be more suitable to prevent them from being 

eliminated in the pre-processing step. In order to avoid empty grids in the 

initial surface model, dense ALS data would be more appropriate for 

building detection. 

2. Large and dense trees right next to building candidates tend to increase the 

classification error. The removal of such trees may still require assistance 

from other resources such as multi-spectral imagery. 
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6. Conclusion and Future Work 

In this dissertation, the features of airborne LiDAR data are described, and 

then the related work on filtering and building detection are reviewed and 

compared. In the proposed scheme for ground point selection by the CAS process, 

an initial surface model based on a pseudo-grid is created, in an effort to attain 

efficient and accurate processing. Additional bridge detection is also included to 

remove the unwanted points. This back selection allows the retrieval of more 

detailed terrain features.  

In the proposed scheme for building detection, the pseudo-grid concept is 

reapplied to generate a DSM, followed by sifting of candidate regions in the nDSM 

based on prior knowledge. Based on the assumption that the second derivative of 

the roof heights is close to zero, ten region textures of slope difference are 

introduced and analyzed to classify building and non-building (tree) regions. 

 

6.1 Conclusion  

The initial surface model created based on the pseudo-grid concept allows 

efficient and accurate ground point selection, because fewer and more 

representative points are retained, no interpolation is involved, and the grid data 

structure is contained. 
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The ISPRS data testing indicates that the parameters of the CAS method are 

insensitive to the results. It should thus be easy to automate the scheme with regard 

for selecting the thresholds. Notice that the grid size parameter is a little more 

sensitive than the others, because it is the main factor determining the initial 

surface model. It will be easier to select the ground points for a well-approximated 

terrain surface, but a larger grid size is preferable to generate surface models of 

mountainous areas.  

A comparison with three representative methods using the ISPRS filter test 

shows that although the thresholds are not optimized, the proposed scheme 

presents more favorable results than the current methods. The work with the 

Taiwan test data also shows that many terrain features can be reconstructed rather 

well. The experimental results demonstrate that the proposed scheme can be 

applied to diversified terrain types including the crucial break lines, such as ditches, 

roads, ridges and valleys.  

 

The pseudo-grid concept is reapplied to generate a DSM in the proposed 

building detection scheme, which retains building information with less vegetation 

points. The pre-process using prior knowledge also allows for the removal of most 

non-building points and objects. Based on the assumption that the building roofs 

area piece-wise continuous, the directional slope difference can be utilized to retain 
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more information along the edges of building roofs.  

The results come from the unsupervised and supervised classifications base 

on region textures of slope difference indicate that two features of homogeneity 

and P(0) are more significant than the others. The kappa coefficients indicate that 

the feature homogeneity is slightly better than the feature P(0). The best building 

detection rate is near 90%. It means that most building regions can be detected 

from airborne LiDAR data, even without the aid of other data resources. The 

results can provide important data for building change detection, map revision and 

building modeling. 

 

6.2 Future work  

Future work is recommended to the following topics:  

 Due to the poor penetration of the LiDAR system into areas of dense 

vegetation, the reconstruction of the terrain surface in such areas could 

yield large errors. The situation is even more serious in steep densely 

treed areas. Further investigation is suggested for those areas with limited 

point clouds.  

 Although prior knowledge of building features is useful to remove most 

non-building points and objects, some low or small buildings are also 
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removed. This kind of omission error might be alleviated by increasing 

the density of the point clouds, to retain more building information. 

Denser point clouds may also mean more ground points and reduce the 

vegetation interruption. 

 To remove large and dense trees in mixed regions, further work may be 

needed to incorporate other resources, such as multi-spectral images or 

topographic maps. Analysis of point-based texture may also be taken into 

account for the removal of vegetation points. 

 Since the classification results are based on each region texture, further 

research could combine several texture features, for instance determine 

their weights, for better outputs. Other classification approaches are also 

suggested to increase the success rate for building detection. 
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Appendix A: ISPRS Data Sets 

This appendix is divided into three parts: (A-1) gives the characteristics of the 

ISPRS filter test data; (A-2) includes the shaded relief maps of the test sites; (A-3) 

gives shaded relief maps of the DSM and DEM generated from the test samples, as 

well as their error maps. 

 

A-1 Characteristics of the ISPRS filter test data 

Site 
No. 

point  
spacing 

Sample 
No.  terrain features ground range (m)

(dX*dY*dZ) 
11 vegetation and buildings on a steep slope 133.9*302.7*104.6 

1 
 

1-1.5 m 
12 small objects (cars) 204.4*264.2* 21.5 

21 narrow bridge 123.8*115.2* 3.7 

22 buildings, crossover bridge and gangway 187.9*181.2* 15.2 

23 complex buildings, large buildings, 
break lines 146.2*205.9* 29.1 

2 

 
 

1-1.5 m 

24 ramp 121.9* 72.4* 20.9 

3 1-1.5 m 31 courtyard 174.2*161.9* 4.8 

41 clump of low points 167.2*104.7* 10.4 
4 

 
1-1.5 m 

42 railway station with trains 227.1*202.0* 8.5 

51 vegetation on a slope 236.0*436.0* 40.4 

52 low vegetation on a sharp ridge 450.0*301.1* 96.5 

53 break lines 432.0*476.0* 79.1 
5 

 
 

2-3.5 m 

54 low resolution buildings 185.8*267.5* 26.4 

6 2-3.5 m 61 sharp ridge and ditches 508.0*448.0* 37.9 

7 2-3.5 m 71 overpass 396.0*224.0* 13.9 
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A-2 Shaded relief maps of the ISPRS test sites 

Site 1 

 
 
Site 2 
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Site 3 

 
 
Site 4 
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Site 5 

 
Site 6 
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Site 7 
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A-3 Shaded relief maps of the DSM and DEM of test Samples 

 
Colors in error maps are referred to Figure 5-1. 
 
 

Sample 11 (vegetation and buildings on a steep slope) 

    
DSM Reference DEM Generated DEM Error map 

 
 
Sample 12 (small objects – cars) 

    
DSM Reference DEM Generated DEM Error map 
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Sample 21 (narrow bridge) 

 
DSM Reference DEM Generated DEM Error map 

 
Sample 22 (buildings, crossover bridge and gangway) 

   
DSM Reference DEM Generated DEM Error map 

 
 
Sample 23 (complex buildings, large buildings, break lines) 

    
DSM Reference DEM Generated DEM Error map 

 
Sample 24 (ramp) 

   
DSM Reference DEM Generated DEM Error map 
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Sample 31 (courtyard) 

 
DSM Reference DEM Generated DEM Error map 

 
 

Sample 41 (clump of low points) 

   
DSM Reference DEM Generated DEM Error map 

 
 

Sample 42 (railway station with trains) 

    
DSM Reference DEM Generated DEM Error map 
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Sample 51 (vegetation on a slope) 

    
DSM Reference DEM Generated DEM Error map 

 

 

Sample 52 (low vegetation on a sharp ridge) 

DSM Reference DEM Generated DEM Error map 
 
 

Sample 53 (break lines) 

   
DSM Reference DEM Generated DEM Error map 
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Sample 54 (low resolution buildings) 

    
DSM Reference DEM Generated DEM Error map 

 
 

Sample 61 (sharp ridge and ditches) 

    
DSM Reference DEM Generated DEM Error map 

 
 

Sample 71 (overpass) 

   
DSM Reference DEM Generated DEM Error map 
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Appendix B: Taiwan Data Sets and the Generated DEM 

This appendix is divided into three parts: (B-1) gives the characteristics of the 

Taiwan test data; (B-2) includes shaded relief maps of the test sites; (B-3) shows 

shaded relief maps of the DSM and DEM generated from the test samples, as well 

as their error maps. 

 

B-1 Characteristics of Taiwan Data Sets 

Site 
No. 

Sample 
No.  

point density 
(points/m2) Terrain features ground range (m)

(dX×dY×dZ) 

I 2.1 plain with low vegetation and ditches 350*260*3.4 
A 

II 2.0 plain with dense buildings 330*230*3.2 

III 1.9 river bank with bridge 390*190*40.0 
B 

IV 1.8 hill with dense trees 260*200*60.8 

C V 1.6 break lines with vegetation 260*270*38.2 
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B-2 Shaded relief maps of the Taiwan test sites 

Site A: northern Pingtung City 

 
Site B: northern Jenwu Township, Kaohsiung County 
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Site C: northern Jenwu Township, Kaohsiung County 
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B-3 Shaded relief maps of the DSM and DEM of test Samples 

 

Sample I (plane with low vegetation and ditch) 

 
DSM Reference DEM 
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Sample II (plane with dense buildings) 

 
DSM Reference DEM 
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Sample III (river bank with bridge) 

 
DSM Reference DEM 
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 Sample IV (hill with dense trees) 

 
DSM Reference DEM 
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Sample V (break lines with vegetation) 

 
DSM Reference DEM 
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Appendix C: Classification Results of the Test Data 

Appendix C is divided into three parts: (C-1) gives the characteristics and maps of 

the test data; (C-2) includes the classification results and the error analysis for test 

Area A; and (C-3) contains the classification results and the error analysis for test 

Area B. 

 

C-1 Characteristics of the test data for building detection 

 Area A Area B 

Area  960*1130 m2 590*700 m2

Terrain heights 87~192 m 155~200 m 

Terrain features dense vegetation on slopes low vegetation, river bank, 

break lines 

Building features residential district, houses 

surrounded by trees, large 

buildings 

low and small buildings, 

hothouses  
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Test area A (around the Hsinchu Science-based Industrial Park) 

  
Aerial image Building vector map 

 

Test area B (near northern Taichung City) 

  
Aerial image Building vector map 
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C-2 Classification results and the error analysis for test Area A 

 

 

Set A (unit of slope difference: 5%, unsupervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 43 59 1 35 56.5  25.9 

Contrast 97 5 32 4 73.2  8.2 

Energy 60 42 7 29 64.5  30.0 

Entropy 82 20 9 27 79.0  50.4 

Homogeneity 93 9 10 26 86.2  64.0 

Max P(i) 102 0 28 8 79.7  29.7 

Mean 91 11 17 19 79.7  44.4 

P(0) 68 34 7 29 70.3  38.0 

Shape Factor 19 83 0 36 39.9  10.7 

Variance 97 5 33 3 72.5  4.6 

 
 
 
Set B (unit of slope difference: 5%, supervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 65 37 3 33 71.0  42.4  

Contrast 71 31 23 13 60.9  5.3  

Energy 71 31 7 29 72.5  41.3  

Entropy 82 20 9 27 79.0  50.4  

Homogeneity 86 16 9 27 81.9  55.8  

Max P(i) 102 0 28 8 79.7  29.7  

Mean 82 20 16 20 73.9  34.7  

P(0) 79 23 7 29 78.3  50.7  

Shape Factor 62 40 3 33 68.8  39.4  

Variance 71 31 25 11 59.4  0.2  
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Set C (unit of slope difference: 10%, unsupervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 59 43 3 33 66.7  36.4  

Contrast 96 6 32 4 72.5  6.8  

Energy 59 43 7 29 63.8  29.0  

Entropy 82 20 9 27 79.0  50.4  

Homogeneity 95 7 9 27 88.4  69.4  

Max P(i) 102 0 32 4 76.8  15.6  

Mean 91 11 17 19 79.7  44.4  

P(0) 93 9 10 26 86.2  64.0  

Shape Factor 19 83 0 36 39.9  10.7  

Variance 96 6 33 3 71.7  3.2  

 
 
 
 
Set D (unit of slope difference: 10%, supervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 73 29 3 33 76.8  51.3 

Contrast 72 30 24 12 60.9  3.7 

Energy 82 20 7 29 80.4  54.6 

Entropy 82 20 9 27 79.0  50.4 

Homogeneity 94 8 9 27 87.7  67.8 

Max P(i) 102 0 32 4 76.8  15.6 

Mean 82 20 16 20 73.9  34.7 

P(0) 89 13 9 27 84.1  60.1 

Shape Factor 62 40 3 33 68.8  39.4 

Variance 72 30 25 11 60.1  1.1 
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Set E (unit of slope difference: 15%, unsupervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 67 35 3 33 72.5  72.5  

Contrast 91 11 31 5 69.6  69.6  

Energy 64 38 7 29 67.4  67.4  

Entropy 81 21 9 27 78.3  78.3  

Homogeneity 94 8 9 27 87.7  87.7  

Max P(i) 102 0 34 2 75.4  75.4  

Mean 91 11 17 19 79.7  79.7  

P(0) 96 6 10 26 88.4  88.4  

Shape Factor 19 83 0 36 39.9  39.9  

Variance 91 11 32 4 68.8  68.8  

 
 
 
Set F (unit of slope difference: 15%, supervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 77 25 5 31 78.3  52.2  

Contrast 71 31 25 11 59.4  0.2  

Energy 83 19 9 27 79.7  51.7  

Entropy 81 21 9 27 78.3  49.1  

Homogeneity 92 10 9 27 86.2  64.6  

Max P(i) 102 0 34 2 75.4  8.0  

Mean 82 20 16 20 73.9  34.7  

P(0) 93 9 9 27 87.0  66.2  

Shape Factor 62 40 3 33 68.8  39.4  

Variance 70 32 26 10 58.0  -3.4  
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C-3 Classification results and the error analysis for test Area B 

 

 

Set A (unit of slope difference: 5%, unsupervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 43 59 1 35 56.5 25.9 

Contrast 97 5 32 4 73.2 8.2 

Energy 60 42 7 29 64.5 30.0 

Entropy 82 20 9 27 79.0 50.4 

Homogeneity 93 9 10 26 86.2 64.0 

Max P(i) 102 0 28 8 79.7 29.7 

Mean 91 11 17 19 79.7 44.4 

P(0) 68 34 7 29 70.3 38.0 

Shape Factor 19 83 0 36 39.9 10.7 

Variance 97 5 33 3 72.5 4.6 

 
 
 
Set B (unit of slope difference: 5%, supervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 65 37 3 33 71.0  42.4  

Contrast 71 31 23 13 60.9  5.3  

Energy 71 31 7 29 72.5  41.3  

Entropy 82 20 9 27 79.0  50.4  

Homogeneity 86 16 9 27 81.9  55.8  

Max P(i) 102 0 28 8 79.7  29.7  

Mean 82 20 16 20 73.9  34.7  

P(0) 79 23 7 29 78.3  50.7  

Shape Factor 62 40 3 33 68.8  39.4  

Variance 71 31 25 11 59.4  0.2  

 
 

 152



Set C (unit of slope difference: 10%, unsupervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 59 43 3 33 66.7  36.4  

Contrast 96 6 32 4 72.5  6.8  

Energy 59 43 7 29 63.8  29.0  

Entropy 82 20 9 27 79.0  50.4  

Homogeneity 95 7 9 27 88.4  69.4  

Max P(i) 102 0 32 4 76.8  15.6  

Mean 91 11 17 19 79.7  44.4  

P(0) 93 9 10 26 86.2  64.0  

Shape Factor 19 83 0 36 39.9  10.7  

Variance 96 6 33 3 71.7  3.2  

 
 
 
 
Set D (unit of slope difference: 10%, supervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 73 29 3 33 76.8  51.3  
Contrast 72 30 24 12 60.9  3.7  
Energy 82 20 7 29 80.4  54.6  
Entropy 82 20 9 27 79.0  50.4  
Homogeneity 94 8 9 27 87.7  67.8  
Max P(i) 102 0 32 4 76.8  15.6  
Mean 82 20 16 20 73.9  34.7  
P(0) 89 13 9 27 84.1  60.1  
Shape Factor 62 40 3 33 68.8  39.4  
Variance 72 30 25 11 60.1  1.1  
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Set E (unit of slope difference: 15%, unsupervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 67 35 3 33 72.5  10.5  
Contrast 91 11 31 5 69.6  55.1  
Energy 64 38 7 29 67.4  22.4  
Entropy 81 21 9 27 78.3  24.2  
Homogeneity 94 8 9 27 87.7  22.2  
Max P(i) 102 0 34 2 75.4  55.4  
Mean 91 11 17 19 79.7  37.1  
P(0) 96 6 10 26 88.4  23.9  
Shape Factor 19 83 0 36 39.9  0.6  
Variance 91 11 32 4 68.8  56.2  
 
 
 
Set F (unit of slope difference: 15%, supervised classification)  
 Correct 

buildings 
Type I 
errors 

Type II
errors 

Correct 
non-buildings

Overall 
accuracy 

Kappa 
coefficient

Area 77 25 5 31 78.3  52.2  

Contrast 71 31 25 11 59.4  0.2  

Energy 83 19 9 27 79.7  51.7  

Entropy 81 21 9 27 78.3  49.1  

Homogeneity 92 10 9 27 86.2  64.6  

Max P(i) 102 0 34 2 75.4  8.0  

Mean 82 20 16 20 73.9  34.7  

P(0) 93 9 9 27 87.0  66.2  

Shape Factor 62 40 3 33 68.8  39.4  

Variance 70 32 26 10 58.0  -3.4  
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