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Many calamities in history like hurricanes, tornado and flooding are proof to the large 

scale impact they cause to the life and economy. Computer simulation and GIS helps in 

modeling a real world scenario, which assists in evacuation planning, damage assessment, 

assistance and reconstruction. For achieving computer simulation and modeling there is a 

need for accurate classification of ground objects. One of the most significant aspects of this 

research is that it achieves improved classification for regions within which light detection 

and ranging (LiDAR) has low spatial resolution. This thesis describes a method for accurate 

classification of bare ground, water body, roads, vegetation, and structures using LiDAR data 

and aerial Infrared imagery. 

The most basic step for any terrain modeling application is filtering which is 

classification of ground and non-ground points. We present an integrated systematic method 

that makes classification of terrain and non-terrain points effective. Our filtering method uses 

the geometric feature of the triangle meshes created from LiDAR samples and calculate the 

confidence for every point. Geometric homogenous blocks and confidence are derived from 

TIN model and gridded LiDAR samples. The results from two representations are used in a 

classifier to determine if the block belongs ground or otherwise. Another important step is 

detection of water body, which is based on the LiDAR sample density of the region. Objects 

like tress and bare ground are characterized by the geometric features present in the LiDAR 

and the color features in the infrared imagery. These features are fed into a SVM classifier 

which detects bareground in the given region. Similarly trees are extracted using another 

trained SVM classifier.Once we obtain bare-grounds and trees, roads are extracted by 



 

removing the bare grounds. Structures are identified by the properties of non-ground 

segments. 

Experiments were conducted using LiDAR samples and Infrared imagery from the city 

of New Orleans. We evaluated the influence of different parameters to the classification. 

Water bodies were extracted successfully using density measures. Experiments showed that 

fusion of geometric properties and confidence levels resulted into efficient classification of 

ground and non-ground regions. Classification of vegetation using SVM was promising and 

effective using the features like height variation, HSV, angle etc. It is demonstrated that our 

methods successfully classified the region by using LiDAR data in a complex urban area with 

high-rise buildings. 
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CHAPTER 1

INTRODUCTION

1.1. Background

Natural disasters could cause tremendous damage to a city. For example, in 2005 Hur-

ricane Katrina cost New Orleans millions of dollars of loss. In 2008, Galveston was greatly

damaged by Hurricane Ike. In addition, wild fire, tornado and flooding could result in large

scale impact to the life and economy. Such natural disaster-caused damage to urban life is

not a regional problem, but a world-wide problem. Lack of understanding the issue and pre-

paredness makes the evacuation, assistance, and reconstruction much difficult. The needs to

gain better understanding and be better prepared for various possible scenarios have drawn

investment from many government agencies. Computer simulation is a viable way of gen-

erating multiple virtual cases for city engineers and administrators to gain knowledge and

plan remedies. To achieve urban modeling and simulation, classifying ground objects is an

important step. This thesis describes a method for accurate classification of bare ground,

water body, roads, vegetation, and buildings using light detection and ranging (LiDAR) data

and aerial imagery.

In recent years LiDAR has emerged as one of the most prominent technologies for acqui-

sition of ground elevation. It is an important tool that provides accurate elevation measures

and is used for high resolution digital terrain modeling and urban planning. LiDAR sensors

are independent of weather night/day and other atmospheric conditions. It is preferred upon

photogrammetry due to shorter acquisition times, higher accuracy,higher density, lower cost

and ease of processing [1]. LiDAR is often used as a tool to measure land-use, change in

terrain and coastal topography which have applications like damage assessment, analysis of

earthquake cycles, land subsidence etc. LiDAR data can help in analysis of climate change,

biomass estimation and measurement of forest canopies.
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Aerial imagery provide spectral information about the region that is not present in LiDAR

data. Infra-red (IR) technology helps in sensing landforms, vegetation and resources that

are sometimes less distinctive in an optical image (visible spectrum). With the assistance

of these data sets I try to classify the urban region into different objects by employing

complementary features from both modalities.

One of the most significant aspects of this research is that it achieves improved clas-

sification for regions within which LiDAR has low spatial resolution. There has been a

considerable amount of contributions in classification using dense and detailed data. But

such data are usually absent in many urban areas owing to the cost and effort involved [40].

Additionally many reported methods are either specific to terrain or they are based upon

high resolution imagery. The complication of the ground structures also makes the task

non-trivial. There is much room to improve classification of urban area which has complex

structures.

An integrated systematic method is presented that makes classification of terrain, water-

bodies, buildings, roads and vegetation effective. In this process, I come across different

sub-problems for individual classification. New techniques are presented to address these

real world problems which in turn have their own remarkable applications.

I propose a technique where terrain is extracted from the data with the help of Delau-

nay triangulation and filtering using region growing and confidence levels. LiDAR data is

used to generate a region where geometrically homogeneous surfaces are segmented, such as

building tops, roads etc., into different blocks. Further research emphasized on classifying

the vegetation and other regions. As ground and non-ground points are obtained, this classi-

fication is extended by introducing techniques to extract features from both LiDAR and the

IR data to get further details like the vegetation, road network, flyovers and other regions

in an urban landscape. The motivation for fusing different modalities is from the fact that

one kind of a sensor or ranging instrument will provide only one perspective of the view.

Another aspect of this research is to visualize the data and geo-reference each pixel to the

latitude and longitude.
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In the rest of this chapter, a brief description of the sensor data is presented in Section 1.2.

The models and concepts broadly used in geographic data processing are introduced in

Section 1.3.

1.2. Sensor Data Set

Accurate urban modeling requires high quality data with more precise and denser mea-

sures of elevation than what can be acquired via field survey. Recent developments have

given rise of modern techniques to get more detailed geospatial representation. Although

field survey has its advantages, a key factor for the pursuit of alternative means lies in the

consideration of economy and efficiency. Remote sensing and ranging have evolved into an

inexpensive and efficient technique to replace labor intensive field survey.

In this work, two data modalities are used, namely, LiDAR and IR imagery. In the

rest of this section, technology and data characteristics are reviewed to present a complete

background view.

1.2.1. Light Detection and Ranging

In the growing need for accurate elevation measurement of land and man-made structures,

LiDAR became one of the obvious options in modern technology for obtaining the elevation

data. It has been used in many applications from meteorology, physics, astronomy, biology

and geology. In geology, the typical applications of LiDAR include 3D urban modeling,

hydrology, volcanology, forest, river and coastal management [24].

A typical LiDAR system consists of a laser range finder, a differential GPS, inertial

navigation sensors, and computer and storage media. LiDAR sensors are mounted in an

airplane at a height of 700 meters in the air, and it has a scan angle of 30 degrees, as

illustrated in Figure 1.1. Typically pulse lasers are used with wavelengths in the range of

1040nm to 1060nm. Some systems also use continuous-wave lasers. Laser beam is used to

measure the range or distance between the sensor and the ground. It uses the echo time of

each pulse sent to measure the elevation. Depending on the time taken in transit, the sensor

estimates the elevation of that point. The data is usually acquired as a set of overlapping

strips, each consisting of multiple scan lines. Each scan line consists of a number of echoes.

Generally, it is a requirement that no pulse be transmitted until the echo of the previous pulse
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Figure 1.1. LiDAR: A plane with an airborne LiDAR sensor scanning the

surface of the earth [1].

is received. Most LiDAR systems can report multiple returns reflected from the surface. The

data is generated at thousands of points per second and an hour of data collection can result

in over 10 million points. Once the GPS positions are determined, the scanner position and

sensor orientation are used to compute the position of the laser spot on the ground. The

system usually provides a number of parameters that can be independently adjusted. These

include: scan angle (the field of view of the laser), pulse rate, beam divergence, number

of returns per pulse, scanning pattern, flying speed and height. The dependent variables

include: scan rate, point spacing, swath width, point density, and covered area.

An inevitable fact of LiDAR is that it returns a 2.5D cloud of points. That is, occluded

regions are not sensed. This poses some challenges in classifying above ground objects, such

as flyovers bridges tunnels etc.

An example of a LiDAR point cloud is shown in the Figure 1.2

1.2.2. Infra-Red

In infra-red aerial imagery, the film or image sensor percepts the near infrared (NIR)

light. One thing that distinguishes from the thermal imaging is the near infra-red spectrum.

Typically it is mounted upon an aircraft and an infrared filter is used on the lens that lets

infra-red light pass through to the camera, and blocks the visible light spectrum. These filters

are used together with infrared-sensitive film or sensors. Wavelengths used for photography

range from about 700 nm to about 900 nm.
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Figure 1.2. LiDAR point cloud of New Orleans downtown with elevations

represented in colors.

Infra-red technology is available for many applications that involve detecting thermal

signatures of an object (thermal infra-red TIR). It has long been applied to aerial images for a

slightly different purpose. Images in near-infrared and visible wavelength are simultaneously

recorded combine to provide a unique view of vegetation. This unique aerial view by the

combination of wavelengths gives us a better understanding of earths surface. Vegetation is

a very strong reflector of infrared radiation and hence can be easily discriminated.

This feature is very important in classification of vegetation. Additional features that

are obvious in an NIR color image is the visual description of objects such as edges, break

lines and intensity. Further, it helps in aerial survey and reconnaissance to distinguish

deciduous trees and grass from coniferous, diseased and dead trees and burned grass, which

tend to appear dark in an infrared photograph. Identification of tree species has also been

a application in forest survey. It is also possible to detect the presence of disease in plants

and pollution in rivers and other bodies of water. Typically water with varying amounts of

suspended particles appears as shades of blue in NIR color imagery.

An important application of infrared aerial photography in war is its use for determining

depth of water and detecting underwater obstacles off potential landing places on enemy

coastlines. Infrared photographs have been used for the construction of charts, the study of
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sandbars and silting of navigable channels, the control of erosion and pollution, the charting

of currents, and the study of marine life. Seaweed surveys have also been made by infrared

photography.

One of the main advantages over the aerial imagery is that near-infrared wavelengths

penetrate atmospheric haze [2] as a result we get clear images irrespective of the weather

conditions.

An example is shown in Figure 1.3

Figure 1.3. Infrared image of the downtown New Orleans.

1.2.3. Other Modalities

Some other forms of range devices and methods that are worth mentioning are pho-

togrammetry and hyperspectral imagery.

Photogrammetry: Photogrammetrycomprises of methods utilize the geometric properties

of objects from the photographic images. It is a trivial form of remote sensing models which

was used in topographic mapping, civil engineering and architecture. Before LiDAR came

into being, photogrammetry was applied to get the 3D representation of earth. Specifically

known as sterophotogrammetry [15], it uses more than one image of a location from different

perspectives or positions, which assists in estimating the elevation by applying the geometric

principles on common point located on the set of the images.
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Hyperspectral imaging: Hyperspectral imaging collects and processes information from

across the electromagnetic spectrum. Hyperspectral imagery is applied depending on the

application, as features belonging to an object are visible at a particular spectrum. Hyper-

spectral imagery has been broadly used in agriculture, physics, geology and astronomy.

1.3. Models and Concepts

1.3.1. Triangulated Irregular Network (TIN)

A tessellation is a collection of plane figures that fills the plane with no overlaps or gaps.

For example, Voronoi diagram [41] for any set of points in a 2D surface. Tessellations are

applied mainly in graphics, where they are used to manage polygons and divide them into

suitable structures for rendering. TIN is a type of tessellation where the planes used are

triangles. In the representation of a 2.5D surface can be comfortably done by a triangle

tessellation. A 2.5D surface is a representation of a 3D region with a perspective of a range

camera which cannot take into account the occlusions induced by its position.

A popular TIN model generation algorithm is Delaunay triangulation [13]. It is the pro-

cess where the spatial points are connected with unique triangular facet iteratively. Delaunay

model is helpful when there is an irregularly shaped contour and one wants to represent its

surface, this suits the terrain model. The Delaunay model has a specific property of interpo-

lation without losing any height data or points. Rather than converting points into a grid,

one can construct triangles that reflect discontinuity or continuity between the neighbors as

shown in the Figure 1.4.

1.3.2. Digital Elevation Model

A digital elevation model (DEM) is a digital representation of ground surface topography

or terrain. The term is sometimes exchangeable with the Digital Terrain Model (DTM).

DTM is a model of the ground without the man-made structures. The process of ex-

tracting DTM is vital for geospatial applications because they need a clear differentiation

the region into ground and non ground. It is the most general classification but an important

one. Once regions are distinguished as ground or non-ground, the classification breaks down

into separating objects in the non-ground class.
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Figure 1.4. A Delaunay tessellation applied to the New Orleans downtown area.

1.3.3. Digital Surface Model

A digital surface model (DSM) includes buildings, vegetation, and roads, as well as

natural terrain features. Normalized DSM (N-DSM) of geographical contains only the above

ground objects. The N-DSM is the residual of extracting DTM from DSM as follows:

N-DSM = DSM - DTM

N-DSM is important as it helps in the modeling the above ground structures in virtual

reality and surface reconstruction of the ground area.
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CHAPTER 2

RELATED WORK

In this chapter, a review related studies is presented in classifying ground objects. De-

pending on the applications, classification usually focuses on one or two classes instead of

segmenting the field of view into our targeted five categories. Hence, this review is orga-

nized into classification of ground and non-ground (Section 2.1), water body (Section 2.3),

vegetation (Section 2.4), and roads (Section 2.5).

2.1. Ground and Non-ground Classification

Separating ground and non-ground objects sometimes referred to as filtering [24]. That

is, the procedure filters off the above ground objects and generates a digital terrain model

(DTM). A lot of effort has been devoted to the extraction of terrain model from raw light

detection and ranging (LiDAR) points. The DTM is an important step before performing

classification or extraction of other more specific objects. For example Weidner [43] used

the DTM and subtracted it from the digital surface model (DSM) to obtain a mask. The

LiDAR points filtered with such mask is then processed by applying elevation thresholds to

get buildings and reconstruct them.

Filtering is a subproblem of classification, but it differs from other methods due to the

complex nature of the terrain. Filtering has to take into account the local and the global

terrain topology. Filtering algorithms are suited to specific type of terrain, but can prove to

be less accurate for other. Sithole and Vosselman [36] provides experimental comparison and

analysis for some methods which are widely used. In [36] the main parameters that govern

the algorithm are described below:

• Slope: is a parameter to describe slow changes in elevation.

• Discontinuity: is usually caused by the presence of ridges and abrupt changes in

terrain.

• Objects: are the structures like buildings on slope, bridge and ramp.
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• Outliers: are those points that are errors, reflections, birds, etc.

• Vegetation: an important parameter as LiDAR signatures for vegetation is complex

and depends on species, region and height.

These parameters vary geographically. So each filtering algorithm differs in the accuracy

and efficiency depending upon the characteristics of these parameters.

In a general perspective, the filtering algorithms can be itemized as urban [35, 21],

forested or hilly [22, 17, 32, 6].

2.1.1. Photogrammetric Methods

Photogrammetric methods have been used to get the elevation data where the LiDAR

data is unavailable. From the most resent publications, Elaksher [15] described a method

that used multiple images of same location. This method involves calculation of weighted

average correlation between the images, followed by least square matching to refine and

approximate digital elevation model (DEM). The final version of DTM is constructed by

region extraction and region refinement where they remove the above ground objects.

2.1.2. LiDAR-based Methods

Kraus and Pfeifer described a linear prediction method that approximates the terrain

surface using weighted least square interpolation [21, 22, 24]. The estimated surface is

the averaged elevation in between the ground and non-ground points. Residuals are the

differences between the points and the averaged value. Terrain points have negative residuals;

whereas non-ground points have positive ones. So depending upon the residuals weights are

assigned to points [11, 23].

The classification using this method is biased towards forest or an uninhabited region

as variance in elevation is well defined. Whereas in an urban region the main issue is that

buildings have no definite variance in altitude. Moreover the urban region will have more

of unknown objects like vegetation, vehicles, water bodies that contribute to the elevation

distribution in the histogram. Still Kraus and Pfeifer [21] have extended the usage of these

filters to urban areas.

Slope based filters was introduced by Vosselman [42] which uses slope or the gradient of

the terrain. Slope of the terrain varies differently depending on the presence of trees and
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buildings. In a particular region, if the slope exceeds a threshold, then the region is decided to

be non-ground region. However analysis of the region is required to get the exact threshold,

as every terrain has its unique slope properties [42, 44]. Sithole and Vosselman [36] noted

that this method degrades in performance for regions with difficult terrain.

Morphological filters are based on the mathematical morphology like opening and clos-

ing [20, 25, 44]. Zhang [44] describes a window operation where they determine the point

with the lowest elevation with the help of opening function. Then the window is moved

over the entire LiDAR region. The size of window governs the accuracy of the classification.

In [20], this was circumvented by using different window sizes.

Skewness balancing is another technique described by Bartels [7] where a histogram

pertaining to the elevation is constructed for a window. Fourth moment, also known as

kurtosis, is used to determine the degree of dominance of peaks in the given window. This

is used to classify the points depending upon this moment.

Another category of classification is finding out the roads and flat regions. This is ap-

plicable to urban areas and regions where the terrain has geometric dependencies [27]. I

emphasize more on this method, as it is a more justified method to find out the ground

points in an urban area.

Region growing and segmentation were applied to construct DTM [27, 17]. Two types of

region growing algorithms are used: one is applied to a TIN model; the other is applied to

the gridded LiDAR using interpolation of the raw points.

There are many more papers which describe alternate techniques,using segmentation

based filters [28, 37]. In [7] wavelet based filter and k-means clustering are applied to divide

the terrain into ground and non-ground.

2.1.3. Fusion Based Methods

In [39, 29, 33] fusion based methods are applied which use more than one modalities such

as IKONOS imagery and LiDAR. They use normalized difference vegetation index (NDVI)

index of the pixels of the region followed by extraction of DEM. And conclude by using

segmentation, NDVI index and the approximated DEM to classify it further.
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2.1.4. Others

Similar filtering techniques were applied to data in different modalities [32]. They use

interferometric synthetic aperture radar (INSAR), photogrammetric model and other remote

sensing tools to get a digital terrain model. In some cases, intensity of the return is known.

In addition the information about the first return and the last return is provided by the

commercial companies. This data is helpful for regions which are comprised of woodlands,

water bodies, and bare terrain. Analysis of returns from the objects could yield better

classification results. For example, a water body will return a less energy due to absorption.

Barrier is that such information is not widely available for analysis. Hence it is excluded in

this work.

2.2. Feature Extraction

Feature extraction is an important step before applying any classification or clustering

algorithm. It is the process of analysis and extraction of the properties of the object. The

selected properties are the ones that make the object a part of a group or they distinguish

from another group of objects.

In classical image processing problems, feature extraction is a form of representing an

object in reduced data dimensions. Feature extraction is application dependent.

Features can be of following types:

• Gradient based: Common techniques like edge, slope or gradient extraction are

applied on the images to obtain this feature. This measure exploits the discontinuity

in a region, like ridges, errors, and abrupt changes.

• Shape based: Detection of shapes with the help of transforms like Hough, template

matching, and blob detection. Hough transforms is inclusive of the frequency trans-

forms to find out the circles lines and shapes (with generalized Hough transform)

• Segmentation based: Segmentation can be applied when there are spatially depen-

dent common features, which can be converted into a higher dimension with the

techniques such as active contours, region growing, simple thresholding, blob ex-

traction etc.
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Feature extraction can be achieved in two steps: (1) Feature detection. in which the

decisions have to be made about the image features and the information content. This is

simply finding out the information of interest in and a features influence in decision making

process.(2) Feature selection. This is a process of selecting relevant features, and removing

redundant or irrelevant data that are related to the point of interest.Hue ,saturation , value

and height variation were used as the features in urban regions. Whereas density measures

are used for detecting water bodies [34].

Features mainly discussed for vegetation extraction are the properties like height vari-

ation, color and smoothness. There is a considerable amount of research on the feature

extraction and analysis of the vegetation in a LiDAR modality. In [15], a method is de-

scribed for extraction of roughness in a LiDAR region which is the measure of the change

in elevation spatially. It is based on the fact that the LiDAR returns in a vegetation area

will be abrupt. Sometimes LiDAR cannot penetrate so may cause problems in detecting the

roughness [45]. A Measure smoothness is also described in [14]. There are many variations of

this measure that has been described in different papers which are related to feature extrac-

tion for classification in an urban region using a classifier. In some papers [26], the features

selected were height, difference between minimum and maximum height, height variance,

edges, slope and other operators were deployed as feature vectors for classification.

2.3. Classification of Water Bodies

Classification of water bodies is important for flood-prone, low-lying region such as New

Orleans. There are a few papers that describe a method to find out the water bodies given

only the LiDAR point cloud. As sonar and other kinds of range instruments are applied for

mapping the water bodies which eases the effort involved.

Brzank and Heipke [9] use a scan line on a LiDAR point cloud, as a measure of mem-

bership value of a height profile. And features that are used in this paper are height, slope,

and segment length and point density. This paper uses fuzzy classification concept. Karzen-

beisser and Kurz [19] note that intensity plays an important role in classification. In [18]

describe classification using more than one modalities like Hyperspectral images. In most

cases water body classification can be easily archived by thresholding.
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2.4. Vegetation Classification

Classification of vegetation is required for assessing urban greenery and distribution of

species for city planning. Moreover presence of vegetation can cause errors in generating

DTM or in surface topography [34]. This research can be critical to many applications like

hydrological modeling where we need bare surface topography and monitoring land subsi-

dence [38]. Detecting vegetation is is difficult in urban areas. Infrared and aerial image

can act as useful complementary source to extract vegetation from such regions. From in-

frared imagery, normalized difference vegetation index (NDVI) can be calculated to segment

vegetation. In [34], they apply a combination from multiple modalities.

The variations in the types of classification include separation of different types of tress,

grassland, shrubs and tree etc. Many published research work concentrates on calculating

the number of trees and the coverage, spread or type of the tree species. Most convenient

way to distinguish the vegetation from the other region is by NVDI [4].

NDV I =
NIR−RED

NIR + RED

From the above equation RED and NIR stand for the spectral reflectance measurements

acquired in the red and near-infrared region respectively. The main application of the NDVI

index comes from the fact that vegetation absorbs the light photo synthetically active ra-

diation (PAR) spectral region. This can be used as a feature to extract vegetation. But

there are cases in which this can be misleading, due to the season and climate factors. If the

region was scanned in winter when the trees shed their leaves, it could result in erroneous

calculation.

Secord and Zakhor [34] demonstrated the use of Support Vector Machines [8] (support

vector machines -SVM classifiers) for detecting trees in urban areas using the features from

aerial image and LiDAR image. Secord and Zakhor [34] describe a region growing method to

classify the region into vegetation and non-vegetation. They extract features from the LiDAR

point cloud such as elevation and neighborhood elevation difference. Features extracted from

an aerial image are average hue, average saturation, height variation and variance of height.

They use SVM to classify the segmented regions.
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Rottensteiner [31] used fusion techniques like Dempster-Shafer technique to classify region

into different classes. Some researchers introduced segmentation of tree regions [30] where as

some segmented regions and used some classification method to classify them into classes [34].

2.5. Extraction of Roads

Roads points constitute terrain points as they are mostly attached to the ground. We

consider the significance of planar regions in an urban area, which can be applied to detect

roads, roof-tops etc.

The planar surfaces lying on the ground comprise of roads, parking lots and bare grounds.

We emphasize some research conducted in detection of planar regions from the given LiDAR

data. These methods can be used for detecting the parking lots and even differentiating

terrain points. In some cases, road extraction is considered to be a part of DTM generation.

Akel [27] describes a technique for the construction of DTM from the urban landscape.

They present a technique which utilizes the road network to determine the DTM of the

region.TIN model is used to calculate the mean height and normal of a triangle. They

segment the region according to the orientation of the triangles.

The criteria for the segment to be a road or not is the size of the segment. This is not

possible in some cases where the segments of roads are broken into smaller size because

of cars that disrupt the continuity of the segments. Another factor could be the spatial

resolution of the data. So there is a necessity of some algorithm that classifies the segments

itself no matter of their size or the density of the LiDAR point cloud. Similarly paper [12]

describes a method that finds out break lines from the point cloud form the intersection of

surfaces. So Region growing is the most widely used method in the detection of surfaces and

classification.

In another paper [3] there is a description of a method where they use Hough transform

to extract roads. They use sub zones in a region and apply Hough transform on it. They

test it for each angle and find the lines in the region. This gives rise to a histogram that has

peaks for those angles which can point out to the roads that form a straight line. One of the

major drawbacks as described in the paper is the inability to detect curved road.
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Barsi and Heipke [5] describe a neural network to classify road junctions in an image.

The features used are the gray scale value of road, standard deviation of gray values, edges

and borders . Even though the method they used to extract the roads is from the aerial

image, same technique can be applied to gridded LiDAR matrix.
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CHAPTER 3

METHODOLOGY

3.1. Overview

The general category of objects which lie in the visibility range and spectrum of the

sensors as shown in Figure 3.1. The evident classes are the important objects in an urban

area. As shown in the Figure,the initial step is to classify raw spatial data into ground and

non-ground regions. The regions in the class road would pertain to the streets highways

and paved roads. These regions do not include flyovers and bridges, which are under the

structural objects class. Water bodies, though not considered as ground point, can be

considered as a part of terrain for flood mapping purposes. Bare grounds are the unused

areas in an urban region; backyards, grasslands, parks and parking lots can be considered

as a part of this category. The non-ground category include vegetation (trees, shrubs and

other plants) and Structural objects (a self descriptive category contains all kinds of man

made structures elevated from the ground).

A general overview of our methodology is shown in Figure 3.1. Segmentation of water

bodies is needed as an early step for further classification. Water bodies have a very sparse

light detection and ranging (LiDAR) return. A need arises to remove these regions as any

other kind of processing will result in unnecessary interpolation in these sparse regions.

After land-mass region is obtained, the first step is terrain classification. Some related

research has been described in the previous chapter. Here a method is introduced to classify

LiDAR points into ground and non-ground using confidence levels (a novel filtering tech-

nique). Then the probability of the segment from belonging to ground or non ground class is

supported with the help of calculated confidence levels. As points lying on road, bare ground

parking lots, or any other blocks on the terrain will have a higher values of confidence they

are named as a terrain point. The roads and bare grounds will be distinguished in the further

section where a classifier is used to detect the bare-grounds and parking lots.
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Figure 3.1. An overview of the classification.

After extracting ground regions a classifier is used to distinguish roads and from bare-

ground. Non-ground points are classified into vegetation and man made structures. The

features used by the classifiers are explained in further sections. Feature extraction is a

crucial step where different measures are used to get those properties that distinguish one

object from another. Finally man made structures like buildings and flyovers are detected.
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3.2. Feature Extraction

One of the main steps before classification is to identify the features that will govern the

classification process. For every step features are determined that are responsible to differ-

entiate objects from each other. In the further section features that are used for classifying

trees as well as bare grounds is explained in detail. Then the application of these features

in a support vector machine (SVM) classifier is described in the further sections.

Some of the features that has been used are as follows.

3.2.1. Hue, Saturation and Value

These features are extracted from the near near infra-red imagery. Many papers discussed

in the related work section have applied hue, saturation and value for classification purposes.

Hue is a color attribute that describes pure color, saturation is the measure of the degree

to which the color described by hue is diluted by white light and value is the measure of

intensity. Hue saturation, value (HSV) model is widely used for developing image processing

algorithms. HSV is preferred over red green and blue (RGB) for processing purposes because

of its effectiveness in describing color. The features of the spatial region when represented

in a gray scale format is as shown in the figure 3.2.

a

3.2.2. Height Variation

Height variation of a LiDAR point is calculated using the neighborhood point elevation.

The height variation can be represented with the range of min-max values, or with the

deviation in elevation within a window as discussed in previous papers. So height variation

is calculated from the TIN model.

If there is a use of a window, determining the size of the window is an issue which depends

on the type of terrain. Another issue is the changing terrain, normally normalized digital

surface model (nDSM) is used to calculate the height variation, which in fact requires an

accurate description of break lines and digital terrain model (DTM) which is unavailable

and out of scope of this project.
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(a) Original figure. (b) Hue.

(c) Saturation. (d) Value.

Figure 3.2. Features :Hue saturation and value for the given image.

A TIN model is a mesh of triangles. For every point p, there will be n number of points

connected to p, which are the local neighbors. The Delaunay TIN algorithm generated the

mesh such that circum-sphere containing the triangle has no other point. So only the next

neighbors are chosen to be part of the mesh.

In the given mesh(V,E), a point p having neighbors ni where n = 1, 2, 3..l such that ∃

pni ǫ E. And elevation Ψ : V → R+. Height Variation can be calculated as
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Figure 3.3. Height variation from LiDAR point cloud (represented in grey

scale image) corresponding to the region (infra-red image).

HV ar(p) = σ |ψ(ni)−ψ(p)|
l

Significance of this feature lies in its ability to detect trees in the region as illustrated in

Figure 3.3. Trees have a very fluctuating elevation as the LiDAR bounces off from the tree

branches and leaves. Sometimes the footprint of the building is visible in this measure, but

it can be circumvented it with HSV feature during classification.

As this feature is extracted from the LiDAR modality the feature is limited to the scat-

tered LiDAR points. There is a need to convert the height into pixels, hence there is a need

to interpolate them for the purposes of pixel level classification. The figure 3.4 shows us the

height variation feature represented in a gray scale image.

3.2.3. Properties of Geometric features

Segment the region into blocks with similar geometric properties is performed, which is

further described in Section 3.4.1. This segmentation is based upon TIN model derived from
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(a) Corresponding infrared image. (b) Height variation.

Figure 3.4. Height variation feature extracted from LiDAR.

LiDAR data. Each block is a cluster of triangles and has properties like size, average angle

and angle deviation which can be used as a feature to distinguish the objects.

Consider a block Bi which has an average angle Θavg and standard deviation σ(Θ) . This

feature is assigned to the points that belong to this block pǫBi .

Every feature is significant, like Θavg(Bi) will give us the angle made by the plane, whereas

σ(Bi) will give us the roughness of the given block. In addition the size of the blocks is the

number of points belonging to that block, and is denoted by size(Bi). The given values are

interpolated, for pixel classification instead of restricting ourselves to point classification.

For any pixel p. p=1,2,3,.. l , p ǫ Bi.

Θ(p) = Θavg(Bi)

σ(p) = σ(Bi)

size(p) = size(Bi)

3.3. Classification of Water Bodies

Water body extraction is the first step in our method. LiDAR sensors return are sparse

or no points for the water bodies. There is a need to segment or find the water bodies as

they are crucial to be pruned off before segmentation or classification. If consideration is
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(a) Corresponding infra-red image. (b) Planar angle.

(c) Planar standard deviation. (d) Region size.

Figure 3.5. Features from geometric properties derived from the LiDAR dataset.

given for interpolating the LiDAR point cloud, then it would result into wrong interpolated

values for the regions that contain water bodies.

LiDAR returns over a water body can be complicated as the returns depend on the depth

of the water body and intensity of the laser beam from the LiDAR sensor. LiDAR returns

can be considered inversely proportional to the depth of the water body, as deep water is

more capable of absorbing radiation. As expected in an urban scene mapping, the LiDAR
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intensity is low as compared to the coastal or water mass mapping, hence the LiDAR returns

will be low even for some shallow waters. Using this property I can detect the water mass in

the region. Another issue of discussion is the water level, which is dependent on the high-tide

low-tide and even the season. These phenomena can give different boundary for the water

bodies. Some papers [9, 19, 18] have used just LiDAR point cloud with intensity knowledge

for classification. The problem is fairly challenging owing to unavailability of this data.

Calculating the density has different approaches, as water does not return any LiDAR

points until and unless it is shallow, hence this straight forward technique using density as

a measure to determine water-bodies is applied. A typical measure is introduced and novel

measure is derived for point density estimation in the next section.

3.3.1. Measures of Density

There are different measures for defining the density of points in a region. Though the

most obvious and intuitive method will be finding the number of points in a region, it has

its own disadvantages as observed in our experiments.

3.3.1.1. Calculation of Density Using Windows. Intuitively density is the count of points

in a window to calculate the density. This is achieved using sliding window through the region

where calculation of number of points in the window is performed. Only parameter that

matters is the window size which will depend on the average or observed density throughout

the region. If window size is choose to be very large then even the water bodies get classified

as landmass. The density measure of a pixel is defined as follows. To find out density in the

neighborhood of a point p, it is calculated using a window of size s, denoted with Ws which

is centered at p.

If P is the set of all points within the window Ws then

Densityp = |P |
|Ws|

Using this measure density can be calculated. Unfortunately this measure is not robust

as one has to decide upon the window size, which changes according to the density of LiDAR

returns.

3.3.1.2. Density using Distance Measure. The previous measure is calculated by assigning

weights according to the number of points in a window. This eventually makes the measure
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Figure 3.6. A window technique to extract the density.

dependent on the window size. One remedy to avoid this is by making the measure dependent

on the distance from the nearby points. A sliding window method is used which incorporates

the calculation the distance of the central point to the other points in the given window and

then construct a measure.

the density of a pixel in a region is inversely proportional to the distance of the nearest

point. Hence the measure of density pertaining a central point p with neighbors n1, n2, n3....nl.

This measure is calculated by

Densityp =
Σ 1

dist(p,ni)

l

where i = 1, 2, 3...l

For a given window as shown in Figure 3.6 inverse of distance is calculated from the

central point in the window to the LiDAR points that lie in the window as shown. If there

is no point in the given window the measure is zero. On the landmass the measure will yield

high value as the measure is the summation of inverse of distances. When the points are very

sparse, i.e. located far away, then the measure will yield a very low value. So by observation

its evident that the measure gives us a range of values from which exact break-line can be

determined.
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Figure 3.7. Extraction of water bodies.

3.3.2. Water body Extraction From The Measures

To determine the exact value of threshold from the LiDAR point density there is a need

to find the range of density values for land mass. As most of the region is landmass the

most observed measure of points will give the actual density measure for landmass. Given

figure 3.7 gives us the method of detecting a water body in a given region.

threshold is selected depending upon the observed density and then construct an image

from this point measure which is used as a mask to avoid these regions during object classi-

fication. This thresholding may yield a noisy result and a median filter is followed to remove

some erroneous points and result in the segmentation of water body.

3.4. Ground and Non-Ground Classification

In this section novel filtering method is described to distinguish the ground and non

ground points. In terrain and non terrain classification geometric feature of the triangle

meshes created from LiDAR is used to calculate the confidence for every point. An overview

of this method is presented in Figure 3.8. The procedure takes shape in two steps: the first

step to establish a TIN model and then segment it by using a region growing algorithm; next

step is to determine the ground and non-ground segments using confidence levels which is

explained in the later sections. The TIN model assists to utilize the geometric features of the
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Figure 3.8. Flow chart of our method. A TIN model and a gridded matrix

are created from the LiDAR data cloud and the processed results are combined

to classify ground and non-ground.

surface and then segment data samples into blocks of similar properties; the confidence level

utilizes the distribution of elevation in a locality to determine the confidence of the given

point. The results from two representations are forwarded to a classifier to determine the

label (ground or non-ground). Post processing is done to differentiate a region as a ground

or a terrain point.

Priori knowledge suggests that the ground points in an urban region can be only per-

taining to the roads, parking lots and bare grounds. The rest belong to the categories like

trees, buildings, water bodies.

3.4.1. Geometric Features

An important local geometric features in LiDAR data is the continuity of surface elevation

and non-abrupt change in a large area, which differentiates objects in an urban landscape.

Our method extends the work in [27]. Local geometric features and confidence levels are

introduced for ground and non ground separation. The motivation behind the confidence

level is that every point in the data cloud vote for being a point on a road or not. Cumulative

confidences from various computation windows imply segment property.
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Figure 3.9. An example for orientation of triangle facets pertaining to same plane.

A TIN model of the given region is generated using the Delaunay algorithm [13]. The

orientation of every triangle facet in a model is represented with a normal vector. For a local

surface of a roof or a road and assuming little noise, the set of points in a flat plane have

respective triangle faces orienting to a similar direction as illustrated in Figure 3.9. The roof

top forms a homogeneous region with similar angle made with the surface. In this example

the region in purple forms a cluster.

However, in a global perspective, the orientations of the triangular facets reflect the

change of the terrain. In order to take into consideration the gradual elevation changes

of regions such as roads, normal direction of a group of local normal vectors is employed

and use it as a reference for homogeneous surface identification and segmenting them into

clusters. This results into a number of regions with same labels for the ones who have similar

geometrical dependencies.

As a result from growing the region, blocks consisting of clustered triangles with homo-

geneous normal vectors are extracted. These blocks, in some cases split into many blocks

due to an elevation change such as break-lines, walls and levees. And sometimes due to

undesirable noise like non-stationary objects on the ground. Small clusters are generated

when a stringent clustering criteria is applied. Such small clusters are to be avoided . An

important issue associated with this clustering step is the boundary condition, as illustrated
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Figure 3.10. Blocks from TIN model and the boundary condition. Two

blocks are shown in this figure colored with red and blue.

in Figure 3.10. A triangle in a TIN model consists of three vertices. After the process of

clustering the triangles into blocks, vertices are assigned a label, which distinguish them from

LiDAR samples of other blocks. However there is a issue of boundary labels, i.e. along the

boundary of two intersecting blocks, the vertices could belong to two or even three distinct

blocks. As illustrated in Figure 3.10 ,consider triangles A-B-E, A-B-H, B-C-F, B-C-I to be

triangles resulting from TIN algorithm. These triangles lie on the boundary of two labeled

segments shown in blue and red. Here I assume a labeling rule that block of larger size have

more priority. The label of those boundary points will be assigned according to the label of

the larger block. In the given example, I assign boundary points A, B, C and D with label

blue as it is a larger segment.

To partition TIN model into blocks, I employ region growing algorithm. Region growing

method requires an input of seed points. The orientation of the triangle facets, denoted by t,

in a TIN model with normal vectors, denoted by v(t). In our method, histogram of normal

vector orientations is evaluated, denoted by v, to automatically select seeds till it run out of

regions to grow. In an ideal case with homogeneous surfaces, such histogram depicts spikes

at various orientations, as shown in Figure 3.14. Due to the accuracy margin in LiDAR

device, changing of the terrain slops and the presence of non-stationary objects in the scene,

such histogram shows a continuous spreading of the normal vector orientation. An example

is illustrated in Figure 3.12.
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Figure 3.11. Histograms of the normal vectors for one gable-roof building

on a flat ground.

As observed from our data ground surfaces and flat roof tops have orientation with large

angle at approximately 90 degrees. The small angle triangular facets are mostly representing

building walls, gable roofs trees and other vertical structures. Hence, the selection of a seed,

denoted by Seedt, starts in the large degree range in the histogram. As show in Figure 3.12,

I randomly select the triangle that contributes to a triangle facet with the greatest angle in

the normal histogram. This helps in giving priority to the ground and roof facets.

Figure 3.12. Histogram of the normal vectors computed from the TIN model.

Seedt =
{

t|θ(t) = MAX(h(θ))
}

Where h(Θ) denotes the histogram of vector orientation Θ.

B+ = {B, t|t = min(dist(θ(t), Θ(B))), tǫn(B)}

The region growing algorithm interactively includes nearby triangular facets into the

block. Its assumed that every triangle sharing an edge can be designated as neighbors. An
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alternative way of determining neighboring facets is by the connectivity of triangle vertices.

The criterion to include the next facet t is based on the distance of the average orientation

angles of the block, denoted by Θ(B) , and the neighboring facets, denoted by n(B). The

one that gives the smallest distance is recruited.

Where B+ denotes the block after the addition of another triangular facet. To ensure

the homogeneity property of the block,standard deviation pertaining to the orientations of

the normal vectors in a block is calculated , Σ(B). The recruitment continues until Σ(B)

exceeds our preselected threshold, denoted by ΣT .

A region growing algorithm terminates when the algorithm does not find any neighbors

to be added into the block. The criteria is the threshold on the standard deviation, which

may stop the process. In order to segment the whole region there is a need to select seed

points till every triangle facet is labeled. A book-keeping data structure is used that tracks

samples that has has not been labeled.

The algorithm of region growing is as shown below. As a result the TIN model is

segmented into blocks:
{

B1, B2 . . . , Bn

}

and n is the total number of blocks.
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- Algorithm 1: Region growing with automatic seed selection

- INPUT: dataset S = {si}, i = 1, . . . L

- OUTPUT: Blocks of grouped triangular facets:Bi = {ti}, i = 1, . . . ,Mi

- Construct TIN model from S using Delaunay algorithm

- Generate the histogram hist(Θ) of normal vectors v(ti)

- Initialize labeled set to empty: V ← {}

- FORALL si /∈ V andV 6= S

- Seedt ← tk, q(t) = max(hist(Θ))

- B ← {}{tk}

- Σ(Bi)← 0

- WHILE Σ(Bi) < Σt

- n(Bi)← neighborsofBi

- n(Bi)← {Bi, tp|tp = MIN(dist(θ(tp), θ(Bi))), tpǫn(Bi)ANDtp /∈ V }

- V ← {V, tp}

- END WHILE

- i← i + 1

- ENDFOR

3.4.2. Calculating Confidence Levels

The blocks resulted from region growing method represent homogeneous surfaces, which

include roads, roofs, side walls, etc. To determine if a block is part of a ground or not, a

novel statistical metric is proposed: confidence level. The confidence of LiDAR sample to

be part of a ground is based on the distribution of the respective points the local elevation

histogram and the distribution model. This measure is derived from the intuition that terrain

samples bear the lowest elevation values. This is shown in Figure 13(a) . This plot is where

the roof top forms a homogeneous region with similar angle made with the surface. The

x-axis denotes elevation marks; the y-axis denotes the number of samples within the range

of a certain elevation. Three spikes are shown in this figure that implies a ground surface

and two elevated structures. Apparently, LiDAR samples on the road congregate in the left

most spikes; whereas samples of the roof tops are distributed in the higher elevation spikes.
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(a) A histogram of a mixture of

grounds and buildings.

(b) A histogram of a flat area with

small low profile objects.

(c) A histogram over a building

cluster.

Figure 3.13. Characteristic histograms of different regions.

This intuition becomes invalid in the cases of overpass. This problem is addressed in the

classification stage where blocks are marked with a single label.

Note that, if one computes the histogram of a large urban area, because of the gradually

changing terrain and the presence of many man made structures, there exist multiple models

in the histogram. This leads to confusion of assigning confidence value. Hence, I examine

the histogram of a patch (or window).

An illustration of the distribution of elevation, for different window locations in the

Figure 3.14.

Assume that a gridded LiDAR matrix is partitioned into non-overlapping square patches,

W. The histogram of the elevation in W is denoted by h(W ). The standard deviation of h,

σ(h), is small in absence of buildings. In this case, two possibilities exist:

• The area covered by the window W is ground.
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Figure 3.14. Histogram of elevation within the windows at different regions.

• The area covered by the window W is a roof top.

Due to the lack of features to distinguish these two possibilities, I assign no confidence

to the LiDAR samples in this window as there is no conclusion reached. On the other hand,

if σ(h) is large, the samples below the median elevation received a confidence unit. The

confidence is assigned as follows:

c(si) =







c(si) + ∇c si < W ′ + δ

c(si) otherwise

Where W’ is the median elevation in window W and ∇c is the confidence unit. An

additional parameter δ is used for correction, i.e δ is mostly dependent on the roughness of

the terrain. The buildings in an urban area vary greatly in their sizes. Using one window to

compute confidence is inadequate imagining an open ground area, with no priori knowledge

a decision cant be made if the LiDAR samples are on the roof or on the ground by simply

examining the evaluation values. That, as a consequence, results in no confidence for the

ground. Hence, multi-resolution confidence is computed for every sample by specifying

widows of various sizes, so as to get a confident vote on a ground point. Another issue is that

the number of confidence assignments to every sample differs from the number of windows

used in computation. A normalized confidence with respect to the number of assignments
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is hence more meaningful when comparing across the whole region in the classification step.

The following algorithm lists our method for computing confidence for LiDAR samples.

- Algorithm 2: Confidence level algorithm

- INPUT: dataset S = {si}, i = 1, . . . L

- OUTPUT: c(si) : i = 1, . . . L

- FORALL Wj at different size

- if σ(Wj) > σT

- g(si)← c(si) + 1

- FORALL siǫWj

- IF si < W ′ + δ

- c(si)← c(si) +∇c

- ENDIF

- ENDFOR

- ENDIF

- ENDFOR

- FORALL c(si)

- c(si)←
c(si)
g(si)

- ENDFOR

3.4.3. Detection of Ground patches

A survey of an urban region, such as the city of New Orleans suggests the bulk of the

ground points fall on the roads and bare grounds or parking lots. After the fusions the

geometric properties and confidence measure, ground points are extracted. The blocks with

higher confidence are considered to be ground blocks. And the rest are of buildings or

erroneous points. Even flyovers fall into this category. Finding the ground blocks is merely

finding out the blocks with high confidence. We can use mean or median of the point

confidence to determine the confidence of the block.

There is not much difference between the generated output when just confidence level is

used and when the fused technique is used. The only difference is some outliers points that

lie in between the roads. Which may be due to vehicles and other objects. A block from a
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Figure 3.15. Outlying point that is is not included in the segmented region.

region growing algorithm would avoid these point due to the outliers issue as shown 3.15.

Any triangle p having the outliers will not the included in the homogeneous region around

it, as it exceeds the threshold of angle. So fusion helps in removing the outliers points

As mentioned above, the confidence levels sufficient to differentiate between ground and

non-ground points. Another aspect of the segmentation is the road extraction that will be

explained in the classification section. The size of the blocks can easily identify roads and

flyovers, moreover the block property gives us the intuition of the plane where the given

point lies on. Geometric properties are used as features in the section 3.2.

3.5. Vegetation Classification

Classification of vegetation was conducted using the LibSVM [10]. The classifier was

trained using the manually labeled region. The accuracy of the results are discussed in the

experiment and results section.

3.5.1. Support Vector Machines

Support vector machines (SVM) are a kind of machine learning techniques to classify

data. An SVM, once trained, will be capable of assigning labels to new objects. In an SVM,

an instance of data is a n-dimensional vector represented in n-dimensional space. SVM finds
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out the n-1 dimensional hyper plane to separate two classes of data. Consider the data given

in the format [16]

D = {(xi, ci)|xiǫR
p, cǫ{1,−1}}ni=1

ci represents the class to which the given dataset belongs to.

For any hyper plane , a set of points x lying on it will satisfy the equation

w.xi +b ≥ 1− ξi, ci = 1

w.xi +b ≤ −1 + ξi, ci = −1, ξ ≥ 0∀i

The parameters w and b are chosen in the above equations such that I maximize the mar-

gin. It has been proven mathematically that margin is 2
||w||

, which leads to the optimization

problem

Minimize

||w||
2

+ cΣξi ci(w.xi + b) ≥ 1− ξi, ξi ≥ 0,∀i = 1− n,

Where Σξi are the upper bounds on training error and c is the regularization parameter.

By using a suitable kernel funtion K which satisfies

K(xi, xj) = Φ(xi)φ(xj).

The kernel function ranges from Gaussian to radial basis function. Radial basis function

is used for the classification purposes. Radial Basis Function (RBF) was used as a kernel for

the classification. K in case of RBF is given as

K(xi, xj) = exp(| − γ||xi − xj||
2), γ > 0.

3.5.2. Bare Ground Extraction

One of the common facts observed in analysis of IR images is visual properties of a bare

ground pixel,which appears light red to the human eye. Another feature observed for a bare

ground is, that it is smooth three dimensionally, i.e. it is a flat region. As bare ground in an

urban region are mostly the backyards of the residential homes, recreational areas and parks.

Seven features were used to distinguish the bare ground from other regions. The features

like H, S and V from the near infra-red color image are used. Another critical feature is the

smoothness which is σ(p),. Orientation of the surface for a bare ground will be near to zero.
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The block size size(p) can also be utilized as a feature as, bare grounds belong to larger

blocks.

These features are used for classification using SVM. The SVM classifier is trained by

manually choosing the visible bare grounds from the region. This data is converted into a

feature vector pertaining to a pixel. Every pixel has six features representing them. The

SVM classifier used was a two class classifier, bare grounds and the rest. If bare-ground is

removed from the terrain classified points, road region is obtained. Bare grounds extracted

in the region are as shown in Figure 4.9.

3.5.3. Classification of Trees

Trees have the same properties as a bare ground point, with exception of color and height

variation. The color is more inclined to a darker maroon. The tree is counted as a non-ground

point, which is evident from the confidence levels of those pixels. Significant difference is

observed in the LiDAR modality, where the trees show a region with high variance, which

is the effect from LiDAR return rebounding from the tree surface. The trees do not have a

smooth surface, so the return from a tree will be like points scattered in the 3D space.
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Figure 3.16. Method to extract roads.

3.6. Road Extraction

Road extraction involves filtering of blocks that is obtained using the region growing

algorithm and confidence level. Blocks Bi extracted from the LIDAR. There is a priori

knowledge about the behavior of blocks on roads. Due to homogeneous geometric property

of roads, they form huge blocks. Moreover they have a high confidence value. Steps for

extraction of road blocks are as follows. In Figure 3.16 , a threshold is applied on the

number of points that form a road, so that other small regions are ignored. The threshold

on size of the block size(Bi), though not robust, is decided upon by the density of LiDAR

points and the region growing criteria. Another hint for the threshold is from the size of the

largest building [27] and size of the largest block. One of the major issues in the dataset

is that the roads are disrupted by the trees and vehicles on the road that break the road

blocks. This makes the thresholds smaller.

3.7. Detecting Structural Objects

As a result of region growing algorithm, number of blocks that are classified as ground

points. The rest of the blocks which are considerably large in size constitute the trees,

buildings and flyovers. The rest of the blocks are concentrated upon, i.e, the region which is
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non ground and not a tree. The blocks lying in this region should either be a building or a

flyover.

A rule based technique is used to find out these blocks, this method would ensure only

the building roofs and flyover surfaces to be classified.Thresholding the size of the rooftop

according to the number of LiDAR points that can be incident on the roof. Not much effort

was put into detecting the buildings owing to the sparseness of the LiDAR dataset. Flyovers

unlike roads are counted in a non terrain region. Another aspect of the flyovers is that they

have the same properties as roads, but the property that differentiates a flyover from other

non-ground points is the size of the flyover (segment obtained from region growing phase),

and its width and height ratio.
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CHAPTER 4

EXPERIMENTS AND DISCUSSION

4.1. Experimental Data

Experiments were conducted with with light detection and ranging (LiDAR) data ac-

quired in the city of New Orleans. LiDAR data was obtained from Louisianan LiDAR

Project managed by Region VI of the federal emergency management agency (FEMA). The

raw data were acquired using the Leica Geosystems ALS40 LiDAR mapping system from a

variety of aircraft platforms. The specifications of the acquired LiDAR data are listed in the

following tables;

Specifications of Infrared images are as listed below

The experiments were tested on Intel c© Duo Core processor 2.39 GHz with 2GB of

RAM. Matlab c© was used throughout the experiments for programming and visualization.

ARC-GIS was used to convert the raw Data into readable format. The dataset was kept free

from compression issues without any transit compression of images or range data.

Table 4.1. LiDAR data characteristics.

Characteristics Specifications

Field of view 400

Overlap 30%

Pulses per second 30,000

Acquisition height 8,000 feet

Sample point spacing 3 meters

Points per quarter quadrangle 8.5 million

Vertical accuracy 0.5 feet to 1 feet

Horizontal accuracy 3 feet to 6 feet

Date of acquisition 2003/04
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Table 4.2. Near infra-red data characteristics.

Characteristics Specifications

Type Raster

Date acquired 2001

Scanner Vexcel Imaging Scanner

Theme Scanned Infrared

Wavelength 700 nm to 900 nm

Source USGS NWRC

The experiments were conducted on Quads of size ranging from 250 sq m to 1000 sq m.

4.2. Extraction of Water Bodies

Water body extraction was a robust process where the most occurring values for the

density measure was used as a threshold for extracting the water bodies. The range of values

for this measure was from zero to infinity as the measure had a divide by zero components

when the pixel and the point coincide. The threshold was selected as median(densityp) i.e.

0.01. As shown in the Figure 4.1, the peak is sharp and the mean and median are very near.

Hence the most observed value for density is 0.16, The value of the density greatly varies

depending on the window size. But the threshold is calculated using median, which makes

it robust.

Future selection of window size can be guided with the density of the dataset.For example

the window size is inversely proportional to density.

Table 4.3. Parameters for water-body extraction.

Parameter Value

Window 5 m2

Mean( densityp ) 0.1599

Median( densityp ) 0.1608

Threshold 0.1508
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Figure 4.1. Distribution of values for density for window size 5 x 5 m.

Experimental results are as shown in in Figure 4.2. Where Figure 2(a) is the corre-

sponding infrared image, 2(b) is the LiDAR elevation map which is an input for water-body

extraction. The Grey-scale image 2(c) displays the values of density measure. 2(d) is the

final thresholded image.

4.3. Ground and Non-ground Classification

Experiments for ground have two steps. The details for each step are explained as follows.

4.3.1. Confidence levels

Three parameters govern the measure of confidence. The minimum Wmin and the maxi-

mum window Wmaxsize defines the range of values for a sliding window that calculates the

confidence measures. Another parameter is the step size for the window, which gives the

number of iterations. This parameter is useful to scale the value for the confidence, that is,if

the iteration step size is small, the confidence value will have a higher range.

The following table gives us the parameters used in our experiments. The values of the

confidence are normalized so the measure ranges from 0 to 1.

The window sizes depends on the size of buildings in the region. For a typical urban

scene the window size range to be chosen depends on the smallest, and the largest building.

When the building size is huge, or the building has complex structure, confidence measure
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Figure 4.8. A manually labeled background for training purposes.

Table 4.5. Classification results for bare-ground.

Parameter Value

Training Samples 46646

Features 7

Testing Samples 1000000

Testing accuracy 97.6 %

Accuracy 85.1 %

SVM was trained using a manual labeled image as shown in Figure 4.8

The results from SVM shows a classification rate of 85 % to 98 %, due to the fusion of

sensors. Only one quad was verified with manually labeled regions of interested.

4.4.1. Bare-ground Extraction

Training for the SVM involved labeling of region that appears to be bare-ground in the

infrared image. Many regions were tried and tested to improve the accuracy and cross

correlation for classification. The features used for bare-ground extraction are Infra-red

modality: hue, saturation, Value ; LiDAR modality: height variation (HVar), angle( Θ,

standard deviation of angle σ, region size.
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(a) Infra-red image. (b) Classified bareground.

Figure 4.9. Results of bare ground classification using SVM.

Table 4.6. Classification results for trees.

Parameter Value

Training Samples 46646

Features 7

Testing Samples 1000000

Testing accuracy 95.9 %

Accuracy 77.9 %

4.4.2. Classification of Trees

Training for trees was similar to the bare ground and but the results differ from the bare

ground as detection of the trees are complex, and a lot of noise is observed. Features used

for this classification are the same as for bare-ground extraction.

4.5. Detection of roads

The detection of roads involved the selection of the large blocks that belonged to the

ground patches. One of the parameters necessary for the selection of these segments is the

size. The threshold on the size of the block size(Bi) is kept to be 100 points. This value can

change according to the value chosen by region growing algorithm.
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(a) Infra-red image. (b) Classified trees.

Figure 4.10. Results of tree classification using SVM.

(a) Region. (b) Building points.

Figure 4.11. Extraction of building points from the LiDAR dataset.

The extracted roads from a region is as shown.

4.6. Detection of Structural Objects

Detection of buildings were the same as in detection of roads. It was assumed that

buildings have a flat roof tops. For the given density of the dataset the threshold of number
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(a) Corresponding infra-red Region. (b) Extracted ground Points.

(c) Extracted road network.

Figure 4.12. Results for road extraction from the LiDAR dataset for given region.

of points that lie on a building was set to 3. Block should be of at least 3 points to make a

rooftop. With the density of LiDAR I have the size of the roof top should be at least 10 m2

to be detected as a building.

4.7. Discussion

There are serious issues that come into picture due to the nature of the dataset. The

critical issue of the sparse dataset was overcome. Though this issue was overcome, some
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anomalies exist because the sparse dataset effects the interpolation results. The interpolation

fills the region with unavailable data for LiDAR modality, sometimes usage of morphological

operators add some boundary issues.

The usage of morphology and interpolation affects the region boundaries, As a result the

regions described by less than two points in LiDAR are lost. A primary issue is the geo-

referencing and ortho-rectification. One of the drawbacks of the data set was the perspective

of the sensor camera. The IR image was not rectified which resulted into offset for the roofs

of buildings and other high areas. Shadows in IR was ignored as there was an emphasis on

the LiDAR modality as it was out of the scope of this research. In some cases the building

edges get misclassified as tress. Which is due to the shadow casted by buildings and high

hight variation.
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CHAPTER 5

CONCLUSIONS

Natural disasters like Hurricanes, wild fires, tornado and flooding could result in large

scale impact to the life and economy. Lack of understanding the issue and preparedness

makes the evacuation, assistance, and reconstruction much difficult. Computer simulation is

a viable way of generating multiple virtual scenarios for city engineers and administrators to

gain knowledge and plan remedies. To achieve urban modeling and simulation, classifying

ground objects is an important step. Classification of objects becomes challenging due

to the nature of terrain and objects. Latest advancements in remote sensing like light

detection and ranging (LiDAR) and infra-red make it easier to map the earth with accuracy

and precision. But sometimes the high resolution data is unavailable, which makes the

classification more challenging. Various novel methods were discussed in this research that

dealt with classification methods to characterize an urban region using a low resolution

dataset. The discussed methods and framework can be a basis for classification using different

modalities like hyper-spectral, aerial and range imagery.

A method to extract water bodies was discussed which used a density measure calculated

from LiDAR point cloud. Various features like height variation, HSV, angle, size of blocks

were derived from IR and LiDAR modality, which was then applied in classification of ob-

jects. Then a region growing algorithm was deployed on 2.5D TIN surface for obtaining the

geometrically homogeneous segments. Then a new metric: confidence levels was developed.

The confidence value of LiDAR sample to be part of a ground is based on the distribution of

the respective points the local elevation histogram and the distribution model. Confidence

level and the geometrical properties were fused to classify the segments into ground and

non-ground, which is a major step in classification and generation of digital terrain model.

After ground and non-ground classification, a machine learning component was deployed to
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classify vegetation, that is trees and bare ground regions. Trees and bare ground was classi-

fied efficiently from the features extracted using the two modalities. Our method overcame

the challenging task of road extraction that has been made easy with the help of homoge-

neous segments generated from the region growing algorithm. Depending on the geometric

properties the structures were identified from the segments.

Experiments were conducted with LiDAR data acquired in the city of New Orleans. The

influence of different parameters to the classification was evaluated. Experiments demon-

strated extraction of water-bodies efficiently by using LiDAR point density. Experiments

showed that fusion of geometric properties and confidence levels resulted into efficient clas-

sification of ground and non-ground regions. Classification of vegetation using support

vector machines (SVM) was promising and effective using the features like height varia-

tion,hue;saturation;value HSV,angle etc.

There is a significant scope in exploring the methods described in the paper with the help

of different classifiers or machine learning techniques. The support of additional features can

extend the application of this method to classify more objects with higher accuracy. These

methods can be applied to higher resolution datasets to achieve better results.
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