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Abstract
The world population is expected to grow to nine billion by 2050. With half of the current seven
billion people living in urban areas, urbanization most certainly will continue in the future. Such
a steep urbanization growth curve requires and justifies the growing interest not only in urban
sustainability but also in sustainable development in general, which explains the growing interest
as well in spatial information as it can provide sound support for decision-making. Geomatics
engineering, which is the core of spatial information collection and processing, provides a
multitude of tools for spatial information end-users, such as planners.
The research of this dissertation developed a new geomatics-based tool for the urban data
collection process, which is the first and most time-consuming step in any urban planning
project. Using 3D point clouds obtained using state-of-the-art surveying equipment, which
consisted of stationary lasers scanners, a mobile mapping platform, and a UAV, an automatic
comprehensive classification algorithm was developed for urban scenes. This algorithm
identifies and provides essential information about basic features that can be used in analyzing
and understanding a surveyed urban scene, including 1) building locations, dimensions, and
other design details; 2) road inventory (e.g., traffic signs, overhanging traffic signals, poles, and
powerlines); 3) greenery details (e.g., individual trees, separated canopies, and bushes); and 4)
identification of parked cars.
The algorithm developed in this dissertation is comprised of four modules to process the input
data. In Module 1 conducts ground detection and removal. Then, points clustering and
characterization using principal components analysis is accomplished in Module 2. The data are
further classified in Module 3 into four main categories: buildings, cars, road inventory, and
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greenery. Fine classification and analysis of the candidate classes and information extraction is
conducted in Module 4, which consists of several subroutines for each process.
The new algorithm was evaluated using four different datasets from different types of sensors
and different urban sites. The experimental results revealed that the algorithm successfully
classified the input datasets into the targeted classes and provided accurate information about the
recognized objects.
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Chapter One: Introduction
1.1 Motivation
With more than 60% of the global population projected to be living in urban areas by 2030
(United Nations, 2012), the demand for 3D spatial data most certainly will increase. Modelling
and analysis of urban environments will become more crucial for urban planners, and as a result
the interest in spatial products for a variety of applications is anticipated to increase. Such
applications, all of which use spatial data in both two and three dimensions, are used in fields
such as urban planning, cultural building/site documentation, disaster management,
telecommunications, marketing, and military simulation.
Data collection is the first and most time-consuming step in all the above applications; and it is
of paramount importance in all the subsequent necessary steps because they depend on the
accuracy and the degree to which the data collection process is executed comprehensively. Often
urban planners look for specific physical objects within a study area, such as buildings, trees,
street furniture, etc., seeking to determine and analyze those objects and use their characteristics
and topologies as essential elements in future plans and place-making1 designs.
The majority of current data collection operations rely extensively on human operators using a
variety of manual methods to carry out tasks such as touring the subject area, using street view in
Google Maps/Earth, or interpreting photos taken in the area. Obviously, all these methods are
expensive in terms of time and cost, especially if the area in question is large and varied, such as
an entire metropolis or municipality. This dissertation investigated the possibility of using state-
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Place-making: is a people-centered planning, design, and urban management approach with intention of creating
healthy and happy public spaces.
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of-the-art geomatics tools to facilitate data collection for urban planning and, more specifically,
environmental design.
Traditional surveying equipment, such as total stations, measures specific points in space
selected by the operator; therefore, this equipment remains a labour-intensive data collection
technique. Conversely, state-of-the-art equipment, such as laser scanners, is more efficient in
terms of time and economics and is capable of collecting the coordinate and/or semantic data of
millions of points in a matter of minutes. Despite this efficiency, manual operations are still
required to identify the physical points of interest within data for areas such as building corners.
This issue likely is providing the primary motivation for most of the research currently being
conducted in academic labs globally to automate object recognition and mapping processes over
the past decade.
1.2 Problem Statement
Research studies in mapping and feature extraction using 3D point clouds processing collect
their data using laser scanners or generate it from imagery using semi-global dense matching
(SGM) algorithms, which have several common characteristics:
1. Not comprehensive: These methods often look for specific objects in the data, such as
buildings or trees, and ignore other objects. Specific algorithms which do not consider the
interrelationships among different objects on the site potentially undermine the site's
comprehensive classification. For example, by looking only for buildings, valuable data can
become fragmented when it could be used to recognize other objects such as street lights. The
spatial relationship, i.e., the distance between a building and a vertical cylindrical object, could
help identify those objects not only as separate entities but as objects in their own right.
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2. Model-driven: Most of the algorithms are built on mathematical presumptions of the required
object, e.g., a building is a collection of planar features. Therefore, they use a planar modelfitting process, e.g., least squares or Random Sample Consensus (RANSAC), to find buildings.
Since buildings often include linear as well as cylindrical features, such as columns, another
model-fitting process is necessary to locate or identify these non-planar parts, which then are
linked together to create the whole or risk losing important details. Potential inaccuracies in the
model fitting process due to variations in the point density or great occlusions could further
complicate this issue. Another key disadvantage of model-fitting-based segmentation is the
assumption that urban features are collections of repeated parametric patterns of geometric
primitives. Although such an assumption is not entirely wrong in and of itself, it does not fully
acknowledge that architectural design is not always systematic because of its relationship to
creativity and imagination. Mathematical modelling relies completely on the parametric
characteristics of surfaces that fit a specific model, e.g., a plane model to identify the surfaces
within a dataset. Therefore, feature extraction and classification methods that are based on
mathematical modeling could easily confuse different objects in the dataset in question. For
example, Figure 1-1 presents a dataset that was segmented using a parametric planar
segmentation process in order to identify buildings that were hypothesized as collections of
planar features. However, most of the tree trunks appearing in the foreground of the figure also
were segmented as planar features because of their large size. As such, trees could easily be
confused with buildings unless additional information is collected to achieve more accurate
classification of the surveyed site. Therefore, further investigation is required, which means
additional processing and steps that could have been bypassed by analyzing the morphological
attributes and using them as clues to identify different objects on the surveyed site.
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3. Do not provide analysis: As much as end users are interested in mapping and modelling, they
are interested in analysis of the features as well. For example, urban designers need to know the
dimensions of the buildings on a site, the locations of trees and poles, and information about
other street furniture, such as traffic structures, e.g., traffic signs and signals.

Figure 1-1 A dataset segmented using a parameter domain segmentation method. The
points on the building in the background as well as the points on the trees in the
foreground were segmented as planar features.
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The question then becomes: Is it possible to develop a comprehensive tool for urban scene
classification and analysis using state-of-the-art geomatics methods such as three-dimensional
point clouds processing?
1.3 Research Objectives
The main goal of this research was to design a set of algorithms for automatic recognition and
analysis of urban features using 3D point clouds. The developed algorithms should have the
following characteristics:


Comprehensive: the ability to recognize any urban object in a scene through the flexibility of
continuously adding recognition rules to the knowledge database.



Intelligent: dependence on the common physical characteristics and design standards of
urban objects to minimize confusion among objects.



Portable: the ability to channel seamlessly to any other algorithm/system that uses its output
as input for a new analysis process. Such systems could be GIS, CAD, computational fluid
dynamics (CFD), etc.

More specifically, this dissertation focused on achieving the following objectives:


Classifying urban scenes into the following objects:
o Ground
o Buildings
o Road inventory structures (poles, powerlines, traffic signs, and traffic signals)
o Cars
o Greenery (individual trees, canopies, bushes)



Analyze the recognized objects to extract the following semantic information:
o Building’ façades
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o Windows
o Dimensions of buildings
o Direction of each building façade with respect to the true north
o Number of windows in each façade
o Openness ratio of each building façade
A detailed definition of each of the above-mentioned objects and semantic information are
provided in Chapter Three of this dissertation.


Prepare input to other analysis tools
o Generate new GIS layers for the recognized objects
o Update existing GIS layers with the extracted information
o Generate mass-block 3D model of the recognized buildings
o Input the extracted design parameters such as dimensions and directions of building
façade to CFD software to analyze wind flow and heat transfer on the façade surface
of the recognized buildings

1.4 Methodology Overview
The research methodology was built on one main assumption: that all manmade objects in the
urban sphere are designed according to engineering standards, such as specific dimensions,
slopes, positions, etc. As such, design standards can be considered as attributes that can be used
to identify different objects and semantics in urban space. General morphological analysis
(GMA) was used to recognize the objects of interest in this dissertation. GMA is a general
method for non-quantified problem-solving and is commonly used in a broad spectrum of
applications as will be discussed in detail in Chapter Three of this dissertation. As presented in
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Figure 1-2, the developed classification algorithm is comprised of four modules supported by a
knowledge database that includes all the morphological rules that are used in the classification
process. The knowledge database is an array of predefined thresholds that are used throughout
the four modules of the comprehensive algorithm. Objects usually have many morphological
attributes that can be used in the object recognition process. Therefore, a matrix of the possible
morphological attributes, called a morphological field (Zwicky, 1969) is built and analyzed to
determine the best set of independent attributes that could be used to recognize objects. The
aforementioned knowledge database is built according to the morphological field using the
selected set of attributes. The classification process starts with ground/non-ground classification
in Module 1, and the non-ground data then are passed to Module 2 for characterization. In
Module 2, the input data are spatially clustered based on Euclidean distance, whereby the points
are labeled according to their clusters. Then the points are characterized individually using
principal components analysis (PCA), and another label is added to the points according to the
dimensionality of their neighbourhoods, i.e., planar, linear/cylindrical, or rough.
The points labeling carried out in Module 2 is a key prerequisite for the initial and final
classification of the input dataset in Modules 3 and 4. The initial classification algorithm is
included in Module 3, whereby the input data are classified into four main candidate categories:
buildings, cars, road inventory, and greenery. These candidates are finely classified and analyzed
in Module 4, which includes the final classification and analysis algorithms to achieve the
research objectives as explained in Section 1.3 above.
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8

1.5 Dissertation Outline
This dissertation is organized in eight chapters as follows:
-

Chapter One introduced the research topic and problem and presented an overview of the
research methodology.

-

Chapter Two presents a review and analysis of the relevant literature

-

Chapter Three presents the theoretical background of general morphological analysis and
how it was implemented in this dissertation.

-

Chapter Four deals with ground/non-ground classification data characterization and
initial classification.

-

Chapter Five presents the building recognition and analysis methods utilized in this
dissertation.

-

Chapter Six describes the road inventory and greenery final classification methods.

-

Chapter Seven presents a comprehensive analysis of the results of the experiments
conducted to evaluate the developed algorithms using five different datasets from
different kinds of sensors.

-

Chapter Eight concludes the dissertation by stating the main contributions of the
dissertation and recommendations for future work.
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Chapter Two: Literature Review
This chapter reviews and discusses the past research that is relevant to the objective and scope of
this dissertation. Specifically, the review addresses the existing approaches used for ground
recognition, urban scene classification, building detection and modeling, window detection in
buildings, and tree detection.

2.1 Existing Approaches for Ground/Non-ground Classification
Existing algorithms for ground/non-ground classification of point clouds can be grouped
according to type of data into two categories: algorithms designed for airborne data and
algorithms designed for terrestrial data.

2.1.1 Ground/Non-ground Classification in Airborne Data
Ground filtering, or ground/non-ground classification for airborne data, has garnered a great deal
of research interest because of its importance as a prerequisite for terrain modeling. Two main
perspectives are distinguishable within the literature dealing with ground/non-ground
classification: 1) the parametric, and; 2) the non-parametric.
Non-parametric approaches were found more often in the literature concerning slope-based
approaches and were initially introduced by Vosselman (2000). In these methods, the topography
of the ground is locally approximated using a structuring element. This element defines the
maximum acceptable height difference between two points with respect to their planimetric
distance. All points below the established structuring element are accepted as ground points and
all points above are identified as non-ground points. The success of this method is highly
dependent on the defined structuring element and the complexity of the surfaces under
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investigation (Zhang et al., 2003). Therefore, a-priori knowledge about the characteristics of the
topography in the study area should be considered in the definition of the structural elements in
order to improve the classification results (Sithole & Vosselman, 2001). Habib et al. (2009)
introduced an occlusion-based method for classifying airborne LiDAR data into ground and nonground. The concept behind this approach is based on the identification of occlusions caused by
non-ground points from perspective projection. In this method, a digital surface model (DSM) is
generated from the irregular laser points, and the presence of occlusions can be discerned by
sequentially checking the off-nadir angles to the lines of sight connecting the DSM cells and a
pre-defined set of synthesized projection centers. These detected occlusions are then used to
identify the non-ground points.
Parametric approaches for ground/non-ground classification include surface-based methods,
wherein a parametric surface, and its corresponding buffer, is used to classify laser points (Kraus
& Pfeifer, 1998). In these methods, a rough estimation of the ground surface is initially
approximated using all the laser points, which are then weighted based on their normal distances
to the approximated surface. This process of “surface fitting” is repeated by modifying the
points’ weights until their individual point weights do not change significantly. The classification
of laser points is achieved based on their normal distances to the best-fitted surface (Chen, Gong,
Baldocchi, & Xie, 2007; Lee & Younan, 2003). Another method following this concept was
presented by Axelsson (2000) and is based on the progressive densification of a TIN. In this
approach, an approximation of the ground surface is obtained using the lowest points in the local
area and then triangulated to a TIN. Other points are then classified as ground based on their
normal distance to a triangle’s plane and angles to a triangle’s nodes and added iteratively to the
TIN. The main disadvantage of surface-based methods is that existing blunders in laser scanning
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data can affect the estimated surface, shifting it upwards or downwards (Sithole & Vosselman,
2004). A new group of parametric methodologies were suggested for the classification of laser
scanning data based on segmentation results (Jacobsen & Lohmann, 2003; Sithole, 2005; Sithole
& Vosselman, 2005). In these methods, the laser point cloud is first segmented into homogenous
regions by aggregating points with similar attributes. Then, discontinuity measures between
neighbouring segments (e.g., height and distance) are used as decision rules for the classification
of distinct segments into ground or non-ground surfaces. The primary disadvantage of these
types of approaches is their lack of consideration of the physical properties of individual
segments (e.g., area and slope) in the classification process.

2.1.2 Ground/Non-ground Classification in Terrestrial Data
The majority of the above-mentioned approaches primarily were established for ground/nonground classification of airborne laser scanning data, but this classification procedure in terms of
terrestrial laser scanning data also has been addressed in research. In some of the proposed
approaches, the largest planar surface derived from the data segmentation is considered the
ground surface (M. Wang & Tseng, 2010), but the application of this approach, where the
ground surface is segmented into multiple planar surfaces, is impractical. Other research
explored the potential of ground points identification by analyzing the elevation histogram of all
the laser scanning points (Arastounia & Lichti, 2013; Denis, Burck, & Baillard, 2010). In these
types of approaches, the points of the largest peak with a minimum elevation are considered part
of the ground surface; but this approach has obvious limitations for areas of ground that are not
relatively flat. Another group of methods exists, where the ground surface is identified based on
a priori knowledge regarding different classes of objects (Goulette, Nashashibi, Abuhadrous,
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Ammoun, & Laurgeau, 2006; H. Guan, 2013). These approaches assume that the ground is a
horizontal plane with high point density so the histogram of each scan line is examined in order
to obtain an initial segmentation of the points; and the ground surface then is detected based on
the aforementioned conditions. This method, however, is not applicable when the time tag of the
collected laser scanning data is not available. Lari & Habib (2012) devised a heuristic
segmentation-based method for ground/non-ground classification compatible with airborne, as
well as terrestrial, LiDAR data. Their method depends on analysis of the slope and area of the
segmented planar clusters and the relationship between adjacent planar clusters, thereby going
beyond other segmentation-based methods that neglect the effect of area and slope of segments.
In order to confirm their adjacency, the boundaries of each segmented cluster are detected and
the heuristic process begins by assessing their individual slopes in order to distinguish the nonground clusters. The ground clusters are further analyzed and refined to detect any remaining
non-ground elements by examining the slope between adjacent clusters. The unclassified and
unsegmented points then are classified according to the height difference between them and the
nearest ground clusters. While this method works well with both airborne and terrestrial data, it
can be intensive in terms of the computational requirements, much like many other heuristic
methods.

2.2 Existing Approaches for Urban Scene Classification
A great deal of the past research in the area of urban scene classification using 3D point clouds
focused on specific object detection and recognition such as building detection, street lighting
recognition, and road inventory (traffic signs, bus stations, etc.). This section summarises current
research on urban scene classification as well as specific object detection and recognition.
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Urban scene classification using mobile laser data involves super-voxel-based spatial
segmentation of data into distinct objects after ground removal according to Aijazi et al. (2013).
The segmented objects are classified into the basic objects usually found in urban spaces:
buildings, poles, cars, and trees. Classification is based on surface normal analysis as well as
other geometric attributes. Several accuracy-limiting assumptions were made in this study within
the classification process, such as buildings being orthogonal to ground. Although this is
common, it is not universally true, especially when taking into account discrepancies introduced
by having an un-levelled scanner or an object that is not perfectly vertical, both of which are
plausible. The work presented by Pu et al. (2011) on road inventory, offers another example.
Beginning with a rough classification of the dataset into ground, on-ground (buildings, traffic
signs, lighting poles, etc.), and off-ground objects, they hypothesized the ground as a large plane
at a certain height below the sensor, from which its 2D outline is determined. All objects falling
within this outline and connected to the ground are considered on-ground, and everything else is
considered off-ground, such as overhanging signs, powerlines, etc. Knowledge-based
classification then is applied for the on-ground objects in order to recognize road signs using
standardized traffic sign shapes. Traffic sign and lighting poles were recognized by analyzing
successive lateral cross-sections to determine changes in the center location and size in order to
distinguish tree trunks from poles. Like many other manmade objects, poles show systematic
change in their successive cross sections while trunks do not show such systematic change. The
method works well for distinguishing traffic signs and lighting poles, however, building and tree
recognition were not discussed. A similar approach was suggested by Ibrahim (2013) whereby
street lighting poles were detected using the 3D mobile laser scanning data of an urban scene.
The method begins with 2D density-based segmentation, and subsequently all the points are
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projected onto the XY-plane. This step identifies the objects possessing the highest 2D density as
appropriate candidates for the targeted vertical structures. In the next step, another segmentation
process is carried out in order to group the previously segmented objects into vertical, upright
objects using a vertical region growing technique. The resulting objects from the second step
then are classified into poles and non-poles by applying a height threshold, followed by a
RANSAC line fitting procedure. The computational costs associated with this study were not
documented but easily could be a concern because of the many extra steps potentially avoided by
implementing cylindrical object fitting process, followed by threshold-based classification.
Furthermore, this approach also did not address cases where the structures consisted of both
horizontal and vertical parts, despite the fact that most street lighting poles and traffic control
structures generally have both. Yu et al. (2015) presented a matching-based method to extract
road facilities in urban areas from a mobile laser scanning 3D point cloud. After ground removal,
the off-ground points are segmented based on the Euclidean distance to discrete objects matched
with prepared templates of road facilities to extract street lighting poles, traffic signs, and bus
stations. Another approach, based on 3D data as well as imagery, was presented in (Yu, Li, Wen,
Guan, & Wang, 2016). This method begins with ground segmentation, followed by generating
the bag of visual phrases using training data which were used as a reference for measuring
similarities to detect traffic signs in 3D mobile laser scanning data. The detection process
includes spatial clustering of voxels to segment data into disconnected objects. These objects are
compared separately with the training data in the bag of visual phrases to detect the traffic signs.
To recognize the type of traffic sign, all the detected signs are projected onto 2D image planes
using imagery data collected simultaneously with the mobile laser scanning data, and a
hierarchal classifier was used to classify the traffic signs into different traffic control signs.
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Guan et. al. (2016) presented a powerline extraction method for mobile laser scanning data. The
process begins by segmenting out the ground and all the non-ground points with a height lower
than the standard powerline overhead height. The remaining data then are projected on the XYplane and segmented based on spatial density and shape. The underlying assumption in this
method lies in the relative low-density of the cables and poles compared to other objects, and
their shape in the horizontal plane being linear and elliptical, respectively. Hough transform
modeling was carried out later to extract power cables.
A common limitation for the group of approaches discussed above is the assumption that vertical
objects have the highest point density when projected on the XY-plane. While this assumption is
valid for many cases, it is limited in situations where vertical objects are occluded by others,
potentially resulting in a considerable drop in point density relative to other objects. Another
limitation occurs when the projected data on the XY-plane interferes with the third dimension,
possibly eliminating valuable information about the connected objects, (e.g., trees) potentially
affect the 2D-segmentation process.

2.3 Existing Approaches for Building Detection and Reconstruction
Research in the context of building detection and reconstruction can be classified into two groups
based on the type of sensor used: airborne and terrestrial.

2.3.1 Building Detection and Reconstruction in Airborne Data
Approaches in this group can use only LiDAR data, only imagery data, or a combination of both.
Based on the reconstruction process, building detection and modeling approaches can be
classified into data-driven, model-based, and hybrids of data and model-based approaches. Kim
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& Habib (2009) introduced a data-driven method for generating complex polyhedral building
models by integrating photogrammetric and LiDAR data. LiDAR data are used to generate
building hypotheses and initial boundaries, while aerial images are used to extract straight lines
based on the initial LiDAR boundary information. The algorithm was built not only on the
assumption that building models are bounded by straight lines but also with constraints on
building size and height. Unlike data-driven approaches, model-based approaches use
hypothetical, parametric building models verified against information derived from existing data.
A variety of basic building models are pre-defined and located in a database, and the “best fit”
model from the data is selected. Depending on the desired level of detail, complex building
models can be constructed by combining basic small sets of model primitives (Suveg &
Vosselman, 2004; Xie, Zhou, & Xue, 2009). Model-based methods are generally implemented in
a semi-automatic manner using information from images; and model-image fitting is done
automatically while target model and initial alignment to the image, are done manually. An
example of these approaches was provided by Vosselman & Veldhuis (1999), who presented a
semi-automatic model-based method where model selection and its approximate alignment were
carried out by a human operator and subsequent precise alignment was done through an
automatic fitting process using a grey-value gradient.
Tseng & Wang (2003) established a more practical method for model-based building extraction
using aerial images, by addressing two key issues of model-based building reconstruction: 1)
how to establish a set of representative models, and; 2) how to develop an algorithm for model
adjustments using imagery. Their process involved the interactive selection and positioning of
models by a human operator and the least square model-image fitting algorithm, proposed by
(Lowe, 1991), was used to adjust the model’s position and shape parameters. This combination
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of data-driven and model-driven methods, following the process of hypothesize-and-test is called
the hybrid approach (Faig & Widmer, 2000) and (Vosselman & Maas, 2010). Faig & Widmer
(2000) briefly described a hybrid approach for building extraction using aerial images. Their
method combines the flexibility of the bottom-up (data-driven) approach and the robustness of
the top-down (model-driven) approach. The bottom-up approach does not make pre-assumptions
regarding buildings shapes, hence, it is more flexible than the top-down approach. However, the
latter is more robust because it is based on parametric building models that are used as
hypotheses and are verified using information derived from existing data. With a focus on
buildings with right-angle corners, Kwak (2013) used LiDAR data for building detection in order
to acquire rough boundaries, which then were integrated into a boundary regularization
algorithm using the recursive minimum bounding rectangle method (Freeman & Shapira, 1975).
The regularized boundaries served as preliminary model primitives that were adjusted using the
detected edges from aerial imagery in model-based least squares image fitting. The method
works very well with rectilinear buildings, and provides improved accuracy with a high level of
automation. Hybrid approaches potentially offer the solution for automating building model
generation while reducing the many interpretation problems inherent to data-driven methods and
the dependence on operators used in model-based methods.

2.3.2 Building Detection and Reconstruction in Terrestrial Data
Much of the past research in this context focused on the reconstruction process of building
façades as perceived from one vantage point, (i.e., the side facing the sensor). Three major
approaches are usually implemented in this area of research: 1) imagery-only approaches,
LiDAR-only approaches, and 3) the integration of imagery and LiDAR. If the application is not
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limited to visualization, typically LiDAR-only or the integrative approach is used (Haala &
Kada, 2010). An example of using the LiDAR-only approach is described by Pu and Vosselman
(2009). Because most of the features present on building façades are usually planar, the process
begins with region growing planar segmentation of the LiDAR data in order to extract the basic
features of a building façade. A convex hull is then implemented on the segmented patches to
detect the boundaries of potential features. Different geometric rules are applied for recognizing
the semantic characteristics of the segmented planes, such as walls, doors, windows, etc., and
predicting any occluded parts. In their work on modeling building façades, Hammoudi et. al.
(2009) used mobile laser scanning data. Non-ground points were projected onto a grid on the
XY-plane to filter out any outliers by counting the number of points within each grid cell, and,
ultimately, detecting the building façade. The underlying assumption here of course is that if
given façade objects are vertical, their projection on the 2D plane should maintain the highest
point density relative to other objects. A more robust method, described by Arachchige & Maas
(2012) to detect buildings involves projecting all the points in the dataset onto the XY-plane after
filtering out the ground points, and subsequently the Hough transform algorithm then was run to
detect the linear features. Underlying this process is the assumption that façade planes are
represented as lines defining the boundaries of buildings. Other cantilevered features attached to
the façade, such as balconies, also can be detected as linear features with this method and merged
with the façade using the connectivity approach. There are potential limitations to this method
due to the Hough transform’s inability to distinguish between objects often associated with
buildings, such as trees. Yet another type of extraction of building façades from mobile laser data
is explained in (Jochem, Hofle, & Rutzinger, 2011), where façades are assumed to be vertical
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walls and are extracted by planar segmentation using the Hough transform model. Planar patches
then are grouped based on their slope and aspect attributes.
LiDAR and imagery data integration is described by Lin et al. (2013) in their work on modeling
residential scenes. They used a model-driven approach based on the assumption that residential
buildings maintain a similar basic structure which can be deconstructed into typical blocks of
parameterized primitives. Each block consists of symmetrical boxes composed of a pair of
spatially-symmetrical patches (e.g., a roof or wall). Data, labeled as “house,” are then segmented
into planar patches using RANSAC plane fitting in order to detect the patches’ primitives. Three
constraints (planarity, symmetry, and convexity) then are applied in the reconstruction of the
spatially-symmetrical pairs of patches. Reconstructing the building blocks ultimately involves
applying graph connectivity analysis to handle missing data problems caused by occlusions.

2.3.3 Building Façade Modeling
Most of the past research dealing with façade modeling using imagery aimed primarily at
enhancing the quality of virtual city models and providing a more realistic experience for
pedestrian navigation, especially for on-line platforms such as Google Earth or Bing Maps.
Oblique, aerial images are often used for façade texturing because they offer a wide-angle view
and can usually guarantee façade visibility, something not typically achievable in vertical
photography (Haala & Kada, 2010). Matching between imagery and building façades (i.e.,
identifying which image covers a given façade) is usually done automatically; however, manual
interaction is required when building data are occluded by trees or other objects or correction of
small errors in image orientation is needed (Lorenz & Döllner, 2006). Oblique images also can
be used as visual substitutes for 3D DBMs because they offer quick 3D views of urban scenes
20

without the need to reconstruct building models. Because of this feature, they are integrated into
applications like Bing Maps, which now possesses images covering more than 1,000 Western
European cities with image resolutions ranging between 10 to 12 centimetres (Karbo & Schroth,
2009). Oblique aerial imagery does have other limitations in modeling at pedestrian eye-level
because of the high level of detailing required. In such cases, mobile mapping systems are
efficient in providing terrestrial imagery offering street-level vantage points. Such systems are
usually equipped with multiple sensors, such as multiple cameras, laser scanners, GNSS, IMU,
and several other potential sensors that provide detailed and directly geo-referenced data. These
kinds of systems are used by several on-line platforms, like Google Street View or Microsoft
StreetSide, and offer panoramic street views virtually strolling through cities around the world.
There are other advanced texturing approaches, such as real-time texturing from video streams
collected by mobile mapping systems used for in-vehicle navigation, which are described
extensively by Cornelis et al. (2008) and Pollefeys et. al. (2008). Such approaches are not
examined in this dissertation as they are beyond the scope of this research.

2.4 Existing Approaches for Window Detection
A great deal of research has been carried out on the accurate detection of windows in building
façades because of their importance in many applications beyond 3D model detailing, such as
environmental design of buildings and lighting, ventilation, and energy consumption modeling.
Windows are often recognized as holes in LiDAR data because laser beams can penetrate glass
during the scanning process, thereby leaving no reflection returning to the laser scanner encoder
unless other obstacles exist behind the glass such as curtains. Therefore, most of the developed
algorithms attempt to detect these “holes,” later recognizing and re-assigning them as windows
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by satisfying a set of pre-determined conditions. An example of such an approach was presented
by Pu & Vosselman (2009). To detect holes in a building, they generated a TIN for the façade to
extract boundary points, given that long TIN edges typically appear at boundaries (i.e., wall
outline and inner holes). The holes then are identified as the boundary points that are connected
to no less than three triangles. After detecting all the holes in the façade, a minimum bounding
rectangle is fitted to extract the regularized boundaries of the windows. Assuming the verticality
of walls and the rectilinear nature of windows does limit the application of this method;
furthermore, it does not address sufficiently the ambiguity caused by doors as well as other
accidental holes due to occlusions. Aijazi et al (2014) presented an alternate strategy for
hole/window recognition in façades by segmenting the façade into planar features and projecting
them onto an arbitrary plane for detecting its outer boundary. The segmented points inside the
façade’s outer boundary were inverted to segment the holes in the façade, which later were tested
on window recognition based on the size of the segmented holes. The inversion of points in this
method is not required because detecting hole boundaries can be achieved using a variety of
boundary detection algorithms, such as Alpha-shape. Apart from this “hole hypothesis,” an
alternative method for window detection was proposed by Wang et al. (2011) based on the idea
that windows are rectilinear objects within a building’s façade. The method starts by detecting
the building façade using mobile laser scanning data and then segments the façade points into
planar features using the RANSAC method. A voxel-based representation of the façade is
generated and the voxels are analyzed in the horizontal, vertical, left, and right directions to find
the potential windows as objects with rectilinear structures along those basic directions. The
search operator uses window spacing and width to support this process. This approach works
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very well with typical rectilinear windows; however, ambiguity is easily introduced when
different sizes, shapes, and designs exist on the façade.
The question of window detection also was explored by Ali et al. (2008) and was addressed by
converting the 3D point cloud into a distance image generated from the range and the RGB
values of each point. Contour analysis of the resulting image then was implemented in order to
detect windows. Image-based analysis of 3D point clouds is adequately addressed in the field of
computer vision, however, it is usually at the cost of losing important information provided by
the third dimension. Given this situation, a method to detect windows in sparse airborne LiDAR
data was presented by (Tuttas & Stilla, 2013). Planar segmentation was implemented as a
separate first step to detect a building façade, and then the best-fit plane for each façade was
computed using a RANSAC process by determining one main normal vector for each façade.
Indoor points behind windows, which usually result from laser reflections penetrating the glass
and hitting an interior object (e.g., curtains), were detected and their repeated pattern was used as
a window identifier. Cases where no reflection from indoor objects was recorded were not
addressed in this work. Also, possible reflections from ceilings, floors, and other objects can
affect the accuracy of this particular window detection strategy.

2.5 Existing Approaches for Tree Detection
Tree detection from airborne LiDAR in forested areas

was extensively investigated and

described in many studies, such as Hyyppä e al. (2004); Hyyppä et.al. (2008); Maltamo et al.
(2004); and Vazirabad & Karslioglu (2011). Terrestrial LiDAR data also were used in forest
applications to model single trees as described in (Raumonen et al., 2013); however, the data
used originally were collected for single trees from multiple stations. As for tree detection in
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urban areas using terrestrial LiDAR data, Rutzinger et al. (2011) described a method based on
planar segmentation followed by classification. The non-segmented points are merged together
based on spatial connectivity and then classified as trees if the ratio between the total points in
the upper part and the total points in the lower part exceeds a certain threshold. The basic
assumption in their study was that the tree’s canopy is larger than the trunk and will obviously
receive a greater number of laser incidents.
Monnier et al. (2012) used PCA in order to derive dimensionality descriptors for points.
Following a probabilistic analysis of neighbouring points based on the derived descriptors, built
and/or other small objects were filtered out in order to detect trees. This method is based on an
assumption of the volumetric dimensionality of tree foils compared to other objects that have
linear/cylindrical and planar dimensionality such as trunks, poles, and buildings. Yaoa & Fan
(2013) introduced a method for individual tree recognition in urban settings using mobile laser
scanning data. Their method is based on a spectral graph analysis of natural objects after
segmenting out the built objects. The process begins by detecting the ground and layering the
data according to its relative height above the ground. Each layer is segmented based on 2D
density and detects built structures by assuming they have a higher density than other natural
objects. The remaining natural objects then are segmented into discrete objects using a voxelbased normalized cut. The discrete objects subsequently are projected on the XY-plane to
eliminate pole-like objects. Detecting pole-like objects was done by analyzing the diameter and
area of the objects’ Convex-Hull boundaries. All remaining objects are assumed to be individual
trees. A main drawback of this method is the assumption that all built objects appear as circles
when projected on the XY-plane. In fact, many other objects, such as street lighting, can appear
as narrow polygons either because they have two parts: horizontal and vertical, or because they
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are not perfectly vertical. Another drawback is its generalized assumption that all remaining
natural objects are individual trees, which neglects the existence of lower vegetation that is
commonly found near the base of trees.
Lindenbergh et al. (2015) also attempted to detect trees using mobile laser scanning data, but
instead, the data was truncated to only include trees and the road surface. The detection process
projected all the points onto a 2D grid in the XY-plane, and by counting the number of points in
each cell. The cell grid, with a local maximum number of points, is considered as part of a tree,
and so entire individual trees are then segmented using voxel-based spatial segmentation. A deep
learning-based method for tree classification in mobile laser scanning data was introduced by
(Haiyan Guan, Yu, Ji, Li, & Qi, 2015). The method begins with ground removal and followed by
Euclidean distance-based spatial segmentation of non-ground data into discrete clusters. In order
to identify trees within clusters that have multiple objects, another segmentation process is
conducted that is based on voxel descriptors derived from PCA. Then, non-tree objects were
excluded based on predefined tree crown size.

2.6 Concluding Remarks
In this chapter, the relevant literature was reviewed and summarised for the purpose of providing
a clear picture of the current trends in urban scene analysis approaches using LiDAR data. The
following conclusions were drawn:


The research to date on comprehensive urban scene classification and object recognition
using 3D point clouds is more limited than the research on specific object detection and
modeling/reconstruction.
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Approaches were developed with a certain type of point cloud in mind (i.e., airborne or
terrestrial), with the exception of several algorithms for ground detection as presented in
(Lari & Habib, 2012).



Many of the building façade detection algorithms were tested with mobile mapping data
therefore, often only the side of a building that faces the platform appears in the data.



Most of the current classification algorithms are based on model-fitting segmentation as a
prerequisite step for subsequent classification steps.



Several of the current algorithms are based on converting the 3D point clouds into 2D raster
data at the cost of losing details due to the interpolation process, and the information
contained within the third dimension is lost. Examples are found in (Aijazi et al., 2014; Ali et
al., 2008).



Although several research studies used different morphological rules for object recognition,
such as poles, an applied systematic morphological investigation of the detected objects in
order to classify them into recognizable groups is lacking.



A great deal of the research in the literature did not go beyond detection and recognition to
object analysis to produce quality information potentially useful in other applications.

Based on the above discussion, the proposed methodology of this dissertation, which will be
presented in Chapters 3, 4, 5, and 6, aims to comprehensively classify 3D point clouds of urban
scenes into main objects that are commonly found in urban areas. In this dissertation, objects of
interest can be divided into four main categories: buildings, cars, road inventory, and greenery.
These categories are further classified into more specific objects, which include poles,
powerlines, traffic signs, overhanging traffic signals, individual trees, separated tree canopies,
and bushes. The locations of these objects then are estimated and new GIS layers are generated
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automatically for each group of objects. Buildings also are further analyzed to identify the
different façade of each building and the windows within each façade and to estimate several
building parameters that could be used in other applications. The parameters of interest in this
dissertation include the dimensions, openness ratio, and façade orientation with respect to true
north. An automatic procedure for updating an existing building’s GIS layer also is proposed to
ultimately enable 3D DBM generation for the area of interest. The proposed methodology can
accommodate adding more morphological rules to classify more objects in the future due to the
flexible knowledge database that is a part of the algorithm.
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Chapter Three: General Morphological Analysis
"... within the final and true world image everything is related to
everything, and nothing can be discarded a priori as being
unimportant." (Zwicky, 1969)
"Morphological analysis is simply an ordered way of looking at
things." (Zwicky, 1969)
3.1 Theoretical Background
The origin of the term morphology is from the Greek word morphe, which means the study of
shape or form. Hence, morphology is the study of the structure and configurations of parts of an
object and how these parts fit together to create that object. The objects can be physical (e.g.,
buildings), social (e.g., company), or mental (e.g., language). Morphology was used as a
scientific method for the first time by J. W. von Goethe (1749–1832) in botany (Ritchey, 2011).
Nowadays, morphology is used in many disciplines where the formal structure of objects is a
central issue, such as biology, geology, linguistics, and urban studies.
General morphological analysis (GMA) was developed by Fritz Zwicky, a Swiss astrophysicist
at the California Institute of Technology, to investigate and structure relationships in
multidimensional non-quantifiable problems (Ritchey, 2011). Zwicky applied this method to
such diverse fields as the classification of astrophysical objects, the development of jet and
rocket propulsion systems, and the legal aspects of space travel and colonization (Greenstein &
Wilson, 1974).
GMA is used as an alternative to mathematical modeling or causal analysis to solve complex
problems that involve factors which are difficult or impossible to quantify and have a high
number of uncertainties such as policy-making problems, future strategies, or cognitive
problems. For example, there is no mathematical relationship that can be used to recognize an
object in LiDAR data as a tree.
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In engineering design, GMA is used to investigate different options to solve design problems.
The approach starts by laying out the morphological field, which is a matrix that consists of the
product’s functional requirements on one axis and all the possible means to achieve them on the
other axis. Both the functional requirements and the means to achieve them must be
comprehensive and cover new ideas as well the existing known methods. Once the
morphological field is established, all possible combinations of solutions must be investigated
and contradicting options should be removed. Following is an example of using GMA to solve
an engineering design problem provided by Cross (2000):
The problem being solved in this example is to design an indoor fork-lift vehicle that is easy to
steer and safe to operate in an indoor environment. Figure 3-1 (Cross, 2000) depicts the
morphological field of the problem, which includes the matrix of the functional characteristics
(features) on the vertical axis and all possible means to implement them on the horizontal axis.
For example, in the first row of the matrix in the figure, a fork-lift vehicle must have a support
(feature) which can be achieved by (means) wheels, track, air cushion, slides, or pedipulators.
The same example can be applied to other rows in the matrix. All the possible solutions then are
investigated and contradicting options are removed. One of the possible combinations is
indicated by the connected circles in Figure 3-1. The selected combination uses wheels for
support, driven wheels for propulsion, electric power, belts for transmission, rails for steering,
stopping by brakes, screw to lift, and remote control to operate the vehicle.
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Figure 3-1 Morphological field of fork-lift vehicle design problem showing one
selected combination (the means circled and connected by the dotted line)
3.2 Morphological Analysis of Urban Scenes of Interest in This Thesis
The morphology of urban space considers objects as urban functions and analyzes different
shape arrangements that help urban objects serve their designed functions. A very intuitive
example is that a school building should be larger in size than a house because it serves a larger
number of users. Therefore, to solve object recognition problems in urban scenes in this
dissertation, GMA is used in the opposite way of the engineering design process as explained in
the previous section. The urban objects will be the features in the previous example in
Figure 3-1, and the design features is the means, which indicates that the recognition process will
use design characteristics to semantically classify urban scenes of interest. The process starts by
listing all the objects (functions) of interest and clearly defining each one of them, then listing all
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the possible design characteristics (shapes), and finally, investigating different combinations in
the morphological field to solve the recognition problem and choosing the most feasible one.
3.2.1 List of Objects of Interest
1. Ground usually appears in LiDAR data as the largest group of points that have the lowest
height in comparison to their nearest objects and extends mainly on the horizontal dimension.
Ground in urban areas is mostly paved and designed with a slope, which provides more
comfortable walking and storm water drainage.
2. Buildings – Terrestrial and SGM Data usually appear in terrestrial laser or in SGM 3D point
clouds as large clusters of points that mainly extend in two directions; horizontal and vertical.
The minimum dimension of a building cluster should not be less than the dimensions of
commonly seen buildings in the area.
3. Buildings – Airborne

are large clusters of mainly planar surfaces that usually represent

rooftops and are elevated above the ground by an amount that could be determined from
prior information about the building heights in the area. Rooftops usually have a certain
range of slope (flat, gable, or shed) that can be determined from prior information about
building designs in the area.
4. Poles are mainly vertical cylindrical objects erected on ground. They usually have a certain
diameter and height that are standardized by design.
5. Powerlines are mainly small-diameter horizontal linear/cylindrical objects that are connected
to poles and usually are sagging at a certain height above the ground.
6. Traffic Signs are important street furniture that provides instructions to road users. The focus
of this dissertation is on traffic signs, which usually consist of two parts: the vertical
cylindrical part that supports the second part, which is a connected plate that shows the traffic
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sign or instructions to road users. Traffic signs are usually erected on the ground and have
standardized dimensions and positions in urban spaces.
7. Overhanging Traffic Signals usually are large structures consisting of a vertical cylindrical
part that is connected to another non-vertical cylindrical part which holds the traffic signal.
The non-vertical part usually extends across the carriageway of the road, overhanging above
ground at a certain standardized height. All parts, dimensions, and positions of overhanging
traffic signals are standardized by design.
8. Cars are small clusters of planar points that have morphology very similar to buildings
except they are smaller in dimensions.
9. Individual Trees are natural objects usually consisting of two parts: the canopy or tree crown,
which is the green part of the tree, and the trunk, which is a vertical, almost cylindrical object
that is connected to the ground.
10. Canopies are tree crowns that are not connected to the trunk. Canopies are found in the data
separated from their trunks either because of occlusions or low point density.
11. Bushes are very similar to canopies except that they are lower in height above the ground and
have a very minor vertical extension.
There are different ways to recognize each of the above listed objects, yet all of them depend on
how to describe the shapes of the objects. In urban space, there is an interrelationship between
the shape and the function of urban elements. This interrelationship is used in this dissertation to
identify urban objects as functions of their shapes attributes.
3.2.2 List of Attributes
o Sprawl is how the object extends in the Cartesian space. A building in terrestrial LiDAR data
would extend mainly in two dimensions: height and width, while it would extend in width
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and length in airborne LiDAR data. A tree in terrestrial LiDAR data would extend mainly in
one direction, which is the height, while it would extend mainly in two dimensions in
airborne LiDAR data (see Figure 3-2).

(a)

(b)

(c)

(d)

Figure 3-2 Sprawl of objects in terrestrial and airborne LiDAR data: (a) a building in
terrestrial data, (b) a building in airborne data, (c) a tree in terrestrial data, and (d) a
tree in airborne data
o Dimensionality is the kind of spatial pattern to which the points belong. Spatial patterns can
be planar, linear, or cylindrical. Sometimes, it can be very difficult to decide upon the type of
structure, especially on edges and corners. Therefore, another category arises which is
sometimes called “rough.” When points are attributed according to their dimensionality
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information, it becomes easier to identify the object to which the points belong. For example,
buildings usually are comprised of many planar features and therefore are a very good
indicator for building objects. This concept will be explained in more detail in Chapter Five,
which describes the building recognition algorithm.
o Number of points is how many points within a cluster of points were grouped according to
certain criteria. This can be a good indicator as well because some objects are large naturally
and are therefore more exposed to laser beams, which cause more reflections to the scanner
and hence more points.
o Slope, in this dissertation, slope of ground, is the regular common concept of the gradient,
which is the ratio of the difference in height to the distance between two points. It is one of
the important design parameters in urban space, especially in regard to the ground, such as
streets and paved walkways. Therefore, slope can be used effectively to recognize ground.
The slope of surfaces, on the other hand, can be estimated as the slope of the normal vector to
the surface in question.
o Directional spread refers to how the object developed in the Cartesian space (i.e., horizontal
or vertical). This attribute should not be confused with the sprawl concept that was described
above. For example, the directional spread of a building façade is vertical in space; however,
it is sprawled in two dimensions: height and width/length.
o Dimensions are the length, width, and height of objects. Manmade objects are designed in
pre-specified dimensions usually according to mandatory design standards, such as buildings,
traffic signage, and other street furniture. Natural objects sometimes have common
dimensions as well, which can be used as indicators of those objects.
o Orientation is the aspect of the normal vector at a certain point with respect to the true north.
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o Topology is the set of interrelationships among objects in space. For example a lighting pole
should be connected to the ground, which means there is a topology relating poles to ground.
o Color is a very effective cognitive attribute; however, it cannot be used in this dissertation
because it is not available in the data.
Table 3-1 and Table 3-2 show the morphological fields developed in this dissertation for the
problems of initial and final semantic classification of urban scenes. The vertical axis in each
matrix represents the semantic classes of interest and the horizontal axis represents the shape
indicators of each of the classes. It is not a surprise that many common attributes can be easily
noticed in the morphological fields presented in the two tables below since all the objects of
interest are physical entities. The human brain tends to use substantial measures to recognize and
analyze physical objects, and they therefore have similar attributes in this context. Fortunately,
this makes the investigation of possible solution combinations somewhat easier in the context of
object recognition algorithms development in this dissertation. However, one should pay
attention to some of the attributes that can cause ambiguity by providing multiple solutions. For
example, many objects extend in two horizontal dimensions in the Cartesian space which makes
it useless to use points sprawl to identify ground because it could be confused with other objects
unless there are other conditions. Hence, the green cells in the morphological field matrices in
Table 3-1 and Table 3-2 represent the best solution combinations to the objects recognition
problem in this dissertation. Although there are many common attributes among the objects of
interest in these combinations, the estimation method of each attributes is different, which will be
discussed in detail in the next chapters. In fact, this inspired the initial classification module
discussed in Chapter Four.
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Table 3-1 morphological field for the initial semantic classification problem
ShapeAttributes
Ground
Function(Objects)

# of points

Height

Sprawl

Dimensionality

Dimensions

Sprawl

Dimensionality

Dimensions

Directional
spread

Road
inventory

Sprawl

Dimensionality

Dimensions

Directional
spread

Topology

Cars

Sprawl

Dimensionality

Dimensions

Greenery

Sprawl

Dimensionality

Dimensions

Topology

Color

Buildings in
terrestrial data
Buildings in
airborne data

Slope

Directional
spread

Dimensionality

Table 3-2 morphological field for the final semantic classification problem

Shape Attributes
Façade
Functions (semantic information)

Windows

Sprawl
Dimensions

Dimensionality Dimensions
Topology

Directional
spread

Orientation

Color

Individual trees

Sprawl

Dimensionality Dimensions

Topology

Color

Bushes

Sprawl

Dimensionality Dimensions

Color

Topology

Canopies

Sprawl

Dimensionality Dimensions

Color

Topology

Traffic signs

Sprawl

Dimensionality Dimensions

Traffic signal

Sprawl

Dimensionality Dimensions

Powerlines

Sprawl

Dimensionality Dimensions

Poles

Sprawl

Dimensionality Dimensions
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Directional
spread
Directional
spread
Directional
spread
Directional
spread

Topology
Topology
Topology
Topology

Other semantic information of interest in this dissertation, such as dimensions, orientation with
respect to true north, etc., are not included in the morphological fields because GMA was not
used in their estimation process.
3.3 Summary
This chapter provided a detailed description of the GMA and its implementation for urban scene
semantic classification in this dissertation. GMA is commonly used in solving different
engineering design problems and to investigate different available options to achieve the same
design requirements. In this dissertation, GMA was used in solving a totally different problem,
which is urban scene semantic classification. The required semantic classes were defined as well
as their attributes, which were derived from in-depth investigation of the shape and function of
each class and its spatial topology. Finally, the morphological field developed in this dissertation
for solving the classification problem was discussed and the selected combinations of
classification means were identified.
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Chapter Four: Ground Detection and Initial Classification
4.1 Introduction
The main goal of this research is to classify urban scenes into basic streetscape elements
including buildings, road inventory (traffic signs, overhanging traffic signals, poles, and
powerlines), and greenery (individual trees, canopies, and bushes), which then can be used to
extract important information that can be useful for further processes such as mapping,
environmental analysis, and 3D modeling. The extracted information includes building façade
dimensions, orientation, and windows and openness ratio.
The general methodology pipeline of the comprehensive classification algorithm developed in
this dissertation and depicted in Figure 4-1 was designed to gradually narrow the classification
domain. To clarify this concept, when the urban scene is viewed from a bird’s eye perspective,
all objects appear as spatially-discrete groups of features that have distinct geometric and
semantic attributes and erected on ground. At this abstracted level, groups can have similar
attributes that make distinguishing different objects in the scene a challenging task. Therefore, to
identify each group accurately and distinguish similar objects, a different perspective and
different vantage point are needed which can provide a closer look and help in finding more
attributes that can be used as clues to classify those groups. This need is addressed in the
designed work plan of this dissertation wherein data processing begins with ground detection and
removal, hence narrowing the classification to non-ground class only. The non-ground group
then is clustered and characterized using PCA in Module 2, which narrows the classification into
clusters instead of individual points. These narrowed clusters are sent to Module 3 to be initially
classified into four main candidate categories: buildings, cars, road inventory, and greenery,
whereby the classification is further narrowed from hundreds of clusters into the four main
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categories that are finely classified in Module 4 using different algorithms to identify different
objects in urban scene.
This chapter describes in detail the first three modules depicted in Figure 4-1: Module 1 (green
color) which implements the ground/non-ground classification algorithm, Module 2 (pink color)
which implements the data characterization algorithm, and Module 3 (purple color) which
implements the initial classification algorithm. Module 4 will be discussed in Chapters Five and
Six of this dissertation in order to accommodate the large details included in the final
classification and analysis processes.
Data

Module 1: Ground/Non-ground
Classification
Non-Ground

Ground

Module 2: Data Characterization

Morphological
Rules Unit

Spatial
Clustering

PCA

Module 3: Initial Classification
Building
Candidate

Car
Candidate

Greenery
Candidate

Road
Inventory
Candidate

Module 4: Final Classification

Buildings

Façade

Windows

Dimensions

GIS
Update

Cars

Traffic Signs

Traffic
Signals

Poles

Powelines

Individual
Trees

Canopies

Bushes

Figure 4-1 Comprehensive overview of the work pipeline showing the modules that are
described in this chapter in green, pink, and purple
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4.2 Ground/Non-ground Classification
Traditionally, classification algorithms that utilize LiDAR data begin by detecting and excluding
ground from the rest of the classification process. One reason can be the nature of ground, which
acts as a connecting element for all the on-ground objects, such as buildings and other street
furniture. Therefore, detecting and removing ground can make it easier to segment the rest of the
data into discrete groups. Another reason, which could best fit terrestrial LiDAR data, is that
ground usually represents the largest portion of the data; therefore, detecting and removing it not
only can ease the segmentation process but, also can decrease the computation cost considerably.
In this dissertation, the classification process begins with ground detection and removal as
explained in the next section.
According to the morphological field depicted in Table 3-1, ground is detectable by investigating
three point attributes: height, slope, and directional spread, which were defined in Chapter Three
of this dissertation. The next sections describe how the ground detection assumptions were made
according to the morphological field, how they were quantified, and how the detection algorithm
functions.
4.2.1 Ground Morphology Hypothesises
From a local perspective, ground in urban scenes extends in a horizontal direction and nonground objects extend in the vertical direction (Figure 4-2). Therefore, in a relatively small
neighbourhood, points on the ground can have very similar Z-coordinates in the Cartesian space,
which is called “directional spread” in this dissertation. As this hypothesis can be applicable for
many other objects, such as building roofs, other hypotheses need to be made to eliminate
ambiguity. Ground in urban space is usually graded on predesigned slopes in order to ensure
comfortable walking and effective surface water drainage. Therefore, slope range was selected in
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this dissertation as another hypothesis to detect ground. Since ground is usually the locally
lowest object in an urban scene, slope is measured from the lowest point. Based on the above
discussion, ground is hypothesized as a horizontally spread object with a predesigned slope
relative to the lowest point in the data.

Figure 4-2 Ground points (orange) extend horizontally and non-ground points (blue)
extend vertically
4.2.2 Ground Morphology Quantification
The above assumptions were made based on the morphological field and need to be quantified in
order to be used in the ground detection algorithm. Two indexes were used to quantify them:
directional spread (ds), and slope (si). The ds index is the standard deviation of the Z-coordinate
of all the points included in a spherical neighbourhood as in Equ. (1) below. The radius of the
spherical neighbourhood is a function of the usual curbside height (i.e., 0.2 m). Each point in the
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data is assigned a ds index which is estimated within a spherical neighbourhood that is centered
at that point as shown in Figure 4-3.
√∑𝑛𝑖=1(𝑍𝑖 − 𝑍̅)2 ….Equ.(1)
𝑑𝑠 =
𝑛−1
Where:
𝑑𝑠: directional spread index
𝑍𝑖 : Z-coordinate of point i
𝑍̅: mean of Z-coordinate for all points in the neighbourhood
𝑛: number of points in the neighbourhood

(a) ground

(b) non-ground

Figure 4-3 Estimation of the directional spread index (ds) in a spherical neighbourhood.
(a)theredpointhasads≤thr1.(b)theredpointhasads˃thr1
The si is estimated for each point in the data relative to the lowest point in the data as in Equ. (2)
and Figure 4-4. It should be noted that the si estimation process is based on the assumption that
the outliers were removed from the data prior to this estimation process.
𝑠𝑖 =

𝑍𝑖 − 𝑍𝑚𝑖𝑛
√∆𝑋 2 + ∆𝑌 2

….Equ.(2)
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Where:
𝑠𝑖: slope index
𝑍𝑖 − 𝑍𝑚𝑖𝑛 : difference in Z-coordinate between the point i and the lowest point in the data
∆𝑋 and ∆𝑌: are the difference in X and Y-coordinates between the point i and the lowest point
in the data

Figure 4-4 Slope index estimation relative to the lowest point in the data
4.2.3 Ground/Non-ground Classification Algorithm
The ground/non-ground classification process begins with the estimation of ds and si for each
point. Both indexes are independently estimated and therefore are implemented in parallel.
Because ds must be estimated within spatial neighbourhoods, Kd-tree structuring of the points is
useful to facilitate the nearest neighbour search. More details about the Kd-tree organization is
provided in Section 4.3.1. Conditional filtering was carried out thereafter to classify all the points
in the data as ground and non-ground points as in Equ. (3).
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𝑑𝑠 < 𝑡ℎ𝑟1
𝐺𝑖 = ∀𝑝𝑖 ∈ 𝑃 {
𝑠𝑖 < 𝑡ℎ𝑟2

….Equ.(3)

Where:
𝐺𝑖 : ground point
𝑝𝑖 : a point in the point cloud data (𝑃)
𝑑𝑠: directional spread index
𝑠𝑖: slope index
𝑡ℎ𝑟1 and 𝑡ℎ𝑟2 : thresholds
The filtering operation depends on two thresholds for ds and si which are thr1 and thr2 in
Equ.(3). The ds threshold is a function of the ground surface nature, i.e., a small threshold for a
relatively smooth surface, and larger for other rough surfaces. However, experimenting with
different datasets showed that a threshold range of (0.05 – 0.1 m) fit urban scenes data because
most of the ground usually is paved. The slope range threshold was selected based on prior
information about the slope design standards in the area of interest. However, as will be shown
later in this dissertation, after experimenting with different datasets in different places and types
of data, design slopes are usually similar in most urban scenes and range between (0 – 10%).
Figure 4-5 is a detailed flowchart of the algorithm.
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Figure 4-5 Ground/non-ground classification algorithm
4.3 Data Characterization
After classifying the data into ground and non-ground points as explained in the previous
section, the classification algorithm proceeds to recognize other objects of interest in the urban
scene. The rest of the processes will be carried out on the non-ground class only. The main
objective of data characterization is to prepare the data for the classification process. The data
characterization module, which is shown in pink in Figure 4-1, is comprised of three major steps:
Kd-tree organization, spatial clustering, and principal components analysis (PCA). Figure 4-6 is
a detailed flowchart of the data characterization algorithm.
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Figure 4-6 Data characterization algorithm
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4.3.1 Kd-tree Organization
Kd-tree organization is the first step in the data characterization algorithm, which is shown in the
red-framed box in Figure 4-6. Typical 3D point clouds generating systems (laser scanners and
semi-global dense matching (SGM)) deliver massive amount of points (millions to billions of 3D
points) per single scene. Such a large amount of data challenges the point cloud analysis process,
which typically involves extensive investigation of spatial neighbourhoods of given query points
within the data. Linear search and retrieval of the nearest neighboring points to a query point
within a 3D point cloud is usually computationally-intensive due to the massive search time and
memory consumption. In order to save search time and for the sake of computational efficiency,
3D point clouds need to be organized in a systematic structure.
The kd-tree structure (Bentley, 1975; Friedman, Bentley, & Finkel, 1977) is used in this
dissertation to organize the 3D point clouds. Kd-tree is a binary search tree used for organizing
points in a k-dimensional space. As such, a three-dimensional kd-tree structure is used for the
organization of the experimented 3D point clouds in this dissertation. The three-dimensional kdtree structure is established recursively by splitting the bounding box enclosing all the 3D points
across the X, Y, and Z directions. The 3D space of the point cloud is subdivided each iteration by
a hyperplane perpendicular to the chosen direction (X, Y, or Z) and passes through the median of
the points along the selected direction. The recursive partitioning proceeds in three directions
until all the points are structured in the kd-tree. Figure 4-7 depicts the establishment of a kd-tree
structure for a two-dimensional dataset.
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Figure 4-7 Kd-tree structure for a 2D case (i.e., k = 2). Courtesy Zahra Lari
4.3.2 Spatial Clustering
The main objective of this process is to segment the non-ground data from the ground/nonground classification process into discrete objects based on the spatial proximity of the points to
each other which is measured by Euclidean distance as in Equ.(4).
𝐶𝑖 = {∀𝑝𝑗 ∈ 𝑁𝐺: ‖𝑝𝑖 𝑞‖ < 𝑟}….Equ.(4)
Where:
𝐶𝑖 : cluster i
𝑝𝑗 : point j
𝑁𝐺: non-ground class
𝑞: query point
𝑟: search radius
‖𝑝𝑗 𝑞‖ = √∆𝑥 2 + ∆𝑦 2 + ∆𝑧 2 Euclidean distance between points p and q

Spatial clustering is ultimately a connectivity analysis based on region growing process as a
function of spatial proximity that is measured by Euclidean distance. Hence, nearest neighbour
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search is extensively conducted in this part of the data characterization algorithm, which justifies
the importance of the kd-tree data structuring step that precedes the process. There are several
motivations behind the spatial clustering process. First, most objects in urban space are spatially
separated from each other based on predesigned configuration. Hence, clustering can make
recognition processes easier because of the opportunity to analyze each object separately. In this
dissertation, spatial clustering is superior on many other region growing algorithms that utilize
more attributes than just Euclidean distance because adding more attributes in this stage can
affect the integrity of the objects of interest. For example, conducting region growing based on
distance and dimensionality can fragment a building into small parts of planar, linear, and rough
groups which obviously cannot achieve the object recognition goals. Second, early clustering of
the data before conducting the recognition process can help in eliminating outliers or smaller
groups of points that can affect the accuracy of recognizing objects of interest. Third, grouping
the data can help in reducing the computation cost by implementing parallel processing.
As shown in Figure 4-8, the process begins by choosing a random node from the kd-tree
structure and obtaining all of its neighbours, which are included within a spherical
neighbourhood of a user-defined radius (r) that should be selected based on the smallest detail of
interest in the data. The first neighbourhood defines the first cluster that will be grown by
randomly choosing one of its points and obtaining the neighbouring points within the same
radius (r) a that are not yet grouped. The growing process continues until no neighbouring points
are found. Then, another node of the kd-tree is selected to start a new cluster and the same steps
are repeated until no ungrouped nodes remain.
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Figure 4-8 Spatial clustering process that is part of the data charecterization algorithm
It should be pointed out that the neighbourhood radius (r) should not be selected as a function of
the point density like many other region growing algorithms. Changing the neighbourhood radius
according to the point density underlies a relaxed assumption that sparse points still belong to the
same feature. This assumption can affect the accuracy of the recognition process; therefore, it is
avoided in this dissertation. Although this choice can limit the algorithm to relatively high point
density data, it can ensure high object recognition accuracy because it is based on a de facto
spatial relationship rather than an assumed one, which is the case with other algorithms that
change the search radius based on point density.
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4.3.3 Principal Components Analysis
Once the different clusters are detected in the non-ground data, each cluster is analyzed using
PCA to determine its spatial structure (i.e., the pattern of its points spread in the 3D space. Since
its introduction by Pearson (1901), PCA has become one of the most widely used procedures for
pattern recognition and dimensionality reduction of any kind of variables. The principal
component of a set of correlated variables is another set of linearly uncorrelated variables, which
are estimated by orthogonal transformation of the original set of variables such that the number
of principal components is less than or equal to the number of original variables. The orthogonal
linear transformation is defined so that the first component has the largest variance and each of
the other components has the next largest variance and all the components are orthogonal to each
other. Accordingly, if the analyzed variables are points in 3D space, the principal components of
the data can represent the spatial pattern of the analyzed points, which justifies its wide use in
computer vision algorithms and point clouds analysis. The main objective of using PCA in this
dissertation is to classify the points in each cluster into three categories based on their spatial
pattern; planar, linear/cylindrical, and rough. The classification basis is discussed later in this
section and is used in later steps of the recognition algorithm to support the objects hypothesis
proposed in this dissertation.
Principal components can be estimated by the Eigenvalue decomposition of the covariance
matrix of the data as follows:

𝐶3,3 = 𝑛1 ∑𝑛𝑖=1[𝑉⃗⃗⃗𝑖 −𝑉⃗⃗⃗⃗𝑞][𝑉⃗⃗⃗𝑖 −𝑉⃗⃗⃗⃗𝑞]𝑇

𝜎𝑥2
= [𝜎𝑥𝑦
𝜎𝑥𝑧

Where:

51

𝜎𝑥𝑦
𝜎𝑦2
𝜎𝑦𝑧

𝜎𝑥𝑧
𝜎𝑦𝑧 ]….Equ.(5)
𝜎𝑧2

𝐶3,3: covariance matrix of the data
⃗⃗𝑉𝑖 : position vector of point i
⃗⃗⃗
𝑉𝑞 : position vector of the query point q
𝑛: number of points in the neighbourhood
𝜎: covariance value

The covariance matrix estimated in Equ.(5) is decomposed into its Eigenvalues and
corresponding Eigen vectors as in Equ.(6).

𝐶3,3 = 𝑊Λ𝑊 𝑇 = [𝑒⃗⃗⃗1

𝑒2
⃗⃗⃗

𝜆1
𝑒3 ] [ 0
⃗⃗⃗
0

0
𝜆2
0

0
0]
𝜆3

⃗⃗⃗⃗
𝑒1𝑇
⃗⃗⃗⃗
𝑒2𝑇 ….Equ.(6)
𝑒3𝑇 ]
[⃗⃗⃗⃗

Where:
𝜆𝑖 : Eigenvalue
⃗⃗𝑒𝑖 : Eigen vector

It should be noted that in order to estimate the covariance matrix, the mean value of the data
must be estimated first. However, in Equ. (5) above, the variances are estimated based on the
Euclidean distance from the query point (i.e., spatial dispersion). The reason for that is to ensure
that each point within the analyzed cluster is characterized by the spatial pattern of its
neighbourhood. The query point does not always represent the center of the neighbouring points
as in Figure 4-9; therefore, estimating the covariance matrix based on the mean point may not
represent the spatial variance of the neighbouring points with respect to the query point.
Accordingly, the estimated principal components may not represent the spatial pattern to which
the query point belongs, which in turn takes the analysis away from reality. In Figure 4-9,
although conducting the PCA based on the mean point (red) indicates that the pattern of the
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neighbouring points (dark blue) is planar, there is no guarantee that the query point (green)
belongs to that pattern. Therefore, in this case, there is not enough proof that the query point is
part of the concluded spatial pattern.

Figure 4-9 The query point might not belong to the concluded pattern that was based on
the mean point
The purpose of PCA in this dissertation is to classify the data into major spatial patterns that can
be used later in the object recognition process. The solution of Equ.(6) gives two matrices that
include Eigenvalues 𝜆𝑖 and Eigen vectors ⃗⃗𝑒𝑖 which could be used to determine the spatial pattern
of the analyzed points (Briese & Pfeifer, 2008; Kukko, Jaakkola, Lehtomaki, Kaartinen, & Chen,
2009). The obtained Eigenvalues can be ordered as in the convention 𝜆1 ≥ 𝜆2 ≥ 𝜆3 ; then, they
can be normalized by dividing each of them by the trace of the 3×3 matrix of Eigenvalues in
Equ.(6). The normalization will make the Eigenvalues comparable and ensure that their total is
equal to 1. The relative sizes of the Eigenvalues indicate the spatial pattern type of the analyzed
data, such as planar, linear/cylindrical, or rough while the Eigenvectors indicate the orientation
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of the indicated spatial pattern (Belton & Lichti, 2006; Jutzi & Gross, 2009). As shown in
Figure 4-10 a, one of the Eigenvalues (𝜆1 as in the order above) obtained from the PCA of a
linear neighbourhood is larger than the other two Eigenvalues which are small and close to each
other in value while for a planar neighbourhood (Figure 4-10 b), the first two Eigenvalues are
large and close to each other in value and the third one is smaller. All three Eigenvalues are very
similar in value for an irregular or volumetric neighbourhood (e.g., points lying on a tree
canopy). Hence, the spatial pattern could not be determined accurately as in Figure 4-10 c. The
Eigen vector that corresponds to the largest Eigenvalue can be used to indicate the main direction
of a linear/cylindrical pattern. in case of a planar pattern, the Eigen vector corresponds to the
smallest Eigenvalue is considered as the normal vector to the planar surface (Ibrahim, 2013; Jutzi
& Gross, 2009).

(a)

(b)

𝜆3 < 0.1 && 𝜆2 > (2 ∗ 𝜆2 )

𝜆3 < 0.1 && 𝜆1 − 𝜆2 < 0.3

(c)
otherwise (i.e., 𝜆1 ≈ 𝜆2 ≈ 𝜆3 )

Figure 4-10 Neighbourhoods spatial pattern classification based on PCA. (a) Linear pattern.
(b) Planar pattern. (c) Rough or undefined pattern. [red is e3 (normal vector) which
corresponds to 𝝀𝟑 , green is e2 which corresponds to 𝝀𝟐 , and blue is e1 which corresponds to 𝝀𝟏 ]
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Different thresholds can be used to classify clustered points in space into basic spatial patterns
(i.e., planar, linear/cylindrical, and rough) based on the objectives of this dissertation and the
required classification level of detail. Every point within a given cluster, therefore, is classified
according to the spatial pattern of its neighbourhood. The classification conditions used in this
dissertation are presented below each section of Figure 4-10 above. The classification algorithm
identified the planar and linear/cylindrical classes and everything else was classified as rough or
undefined pattern.
4.4 Initial Urban Scene Classification
After clustering and characterizing the non-ground data as detailed in the previous sections of
this chapter, the data now are ready for classification. This dissertation aimed to distinguish nine
classes in urban scenes and Tables 3-1 and 3-2 depict the morphological field that was developed
as a basis for the classification and recognition process. It is obvious from the morphological
field that, among the 7 attributes (sprawl, dimensions, dimensionality, slope, directional spread,
topology, and height) selected to be basis for the classification process, three attributes (sprawl,
dimensionality, and dimensions) are common among all the targeted objects except buildings in
airborne data. Therefore, it can be more efficient to classify the data into main groups according
to these common attributes before they are finely classified into more recognizable objects
according to the other distinct attributes. According to this rational, the third module of the
classification method pipeline, which is shown in purple in Figure 4-1, was developed.
Terrestrial LiDAR data and SGM data were inputted to this module to initially classify them
because they share the three common attributes mentioned above while the airborne data
bypasses this module, which will be discussed later in this dissertation.
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The clustered and characterized objects from Module 2 are inputted in parallel to Module 3. Each
cluster is classified sequentially in three steps: 1) according to point sprawl, 2) according to
dimensionality, and 3) according to dimensions. The module generates candidates for four main
preliminary classes: buildings, cars, road inventory, and greenery as shown in Figure 4-11. Each
of these candidates is further analyzed separately in Module 4, which will be discussed in
Chapters Five and Six, to recognize the targeted objects accurately.
Module 3: Initial Classification
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Figure 4-11: Detials of the initial classification module
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Tree
Candidate

In order to be used in the initial classification algorithm, the three common morphological
attributes must be quantified. Three quantification methods are used as in Table 4-1.
Table 4-1: Morphological attributes quantification for Module 3
Morphological Attribute

Quantification Method
Sprawl curves: histograms of X, Y, and Z values within

Points sprawl within cluster
each cluster
Dimensionality

PCA-based classification that was conducted in module 2
The three dimensions of the bounding box of the cluster

Dimensions
in question to represent the size of the cluster in question

4.4.1 Classification According to Points’ Sprawl
The first step of the initial classification is to classify the points within each cluster according to
their overall sprawl. As was defined in Chapter Two, according to the nature of the cluster in
questions, points sprawl in space within that cluster in two main directions: horizontal or vertical.
For example, points within a cluster that represents a building would sprawl mainly either in both
the horizontal and vertical directions or in the vertical direction while points within a cluster that
represents a street lighting pole would sprawl mainly along the vertical direction. In this
dissertation sprawl is indicated by sprawl curves, which are ultimately histograms of the points
coordinates within each cluster computed along the major Cartesian axes wherein the histogram
bins are on the horizontal axis of the sprawl curve and the votes are on the vertical axis. Three
sprawl curves are computed for each cluster along the X, Y, and Z axes. Then, the bins with
votes higher than a given threshold are counted for each of the three curves and compared to
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each other to classify clusters into vertical and horizontal. Seven cases are possible for the
comparison of a sprawl curve’s bins as in Table 4-2.
Table 4-2 Comparison of sprawl curve bins along the Cartesian axes
Case

Decision

Bins along X ≫ along Y & Z

Horizontal

Bins along Y ≫ along X & Z

Horizontal

Bins along Z ≫ along X & Y

Vertical

Bins along X & Y ≫ along Z

Horizontal

Bins along X & Z ≫ along Y & Z

Vertical

Bins along Y & Z ≫ along X & Z

Vertical

Bins along X & Y & Z are similar

Volumetric

It should be noted that bins comparison is possible only if a bin’s length is constant when sprawl
curves are computed along all of the three Cartesian axes. In this dissertation the length of a bin
was chosen as (0.25m) based on the smallest detail of interest in the data. Limiting the counted
bins in each curve to the threshold votes ensures that the decisions on cluster sprawl are not
affected by sparse points that sometimes are in the periphery of clusters. The selected threshold
in this dissertation is (10 points), which also is based on the expected number of points lying
within the smallest detail of interest in the data. Using the histogram-based sprawl curves to
quantify the points sprawl attribute is superior to using the dimensions of the bounding box,
especially at this stage of the process because any outlier could enlarge the bounding box and
affect the validity of the decision-making process. The main points sprawl within a cluster can be
determined as well based on the slope of the surface normal at each point, however, this may be
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only applicable in the case of planar neighbourhoods because the normal vector can be
ambiguous or inaccurate in the case of linear/cylindrical or rough neighbourhoods. Figure 4-12

8000
7000
6000
5000
4000
3000
2000
1000
0

Points Sprawl Along The Cartesian Axes for a Building
Along X-axis
Along Y-axis
Along Z-axis

1
13
25
37
49
61
73
85
97
109
121
133
145
157
169
181
193
205
217
229
241
253
265

Votes

shows examples of sprawl curves for three different clusters.

Bins of Coordinates

(b)

Votes

(a)
400
350
300
250
200
150
100
50
0

Points Sprawl Along Cartesian Axes for a Tree

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Bins of Coordinates

(c)

(d)
120

Points Sprawl Along Cartesian Axes for a Pole

100
Votes

80
60
40
20
1
11
21
31
41
51
61
71
81
91
101
111
121
131
141
151
161
171
181
191
201

0
Bins of Coordinates

(e)

(f)

Figure 4-12 Sprawl curves for three different clusters. (a), (c), (e) are point clouds and (b), (d), (f)
are the corresponding sprawl curves
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The green, red, and blue curves in Figure 4-12 above represent the X, Y, and Z Cartesian axes,
respectively. Table 4-3 shows the number of bins that passed threshold votes along each of the
Cartesian axes in Figure 4-12. The sprawl curve in (b) which corresponds to the building in (a)
shows that the points are sprawling mainly along X and Y (189 and 266 bins, respectively) with
considerable sprawl also along Z (96 bins), which can indicate that the cluster is a volumetric
structure according to the last case shown in Table 4-2. While the sprawl curve in (d) that
corresponds to the tree in (c) shows that the sprawl is mainly along Z (18 bins) with good sprawl
along X and Y (7 and 9 bins, respectively),which can indicate a vertical structure in this case
because trees usually extend in three dimensions but their structures are mainly vertical. In the
case of the sprawl curve in (f), the indication is clearly a vertical structure because the curve
shows a very strong vertical sprawl (210 bins along Z), and very minor horizontal sprawl (only 6
bins along each of X and Y). It can be also noticed that the horizontal sprawl in (f) does not
exceed 0.25m which can be thought of as a usual lighting pole diameter.
Table 4-3 Number of bins that passed threshold votes for each sprawl curve in Figure 4-12
Sprawl Curve

No. of Bins in X

No. of Bins in Y

No. of Bins in Z

b

189

266

96

d

7

9

18

f

6

6

210

4.4.2 Classification According to Dimensionality
After they are classified into mainly horizontal and mainly vertical structures, the clusters now
are further classified according to the dimensionality of their points into mainly planar, mainly
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linear/cylindrical, and mainly rough, which is based on the percentage of the majority points as
in Equ.(7).
𝑝𝑝
∗ 100 > 𝑡ℎ𝑟
𝑇𝑃
𝑙𝑝
∀𝐶𝑖 𝐿𝑖𝑛𝑒𝑎𝑟 ∶
∗ 100 > 𝑡ℎ𝑟
𝑇𝑃
𝑟𝑝
𝑅𝑜𝑢𝑔ℎ
∶
∗ 100 > 𝑡ℎ𝑟
{
𝑇𝑃
𝑃𝑙𝑎𝑛𝑎𝑟 ∶

….Equ.(7)

Where:
𝐶𝑖 : cluster of points
𝑝𝑝: number of points labeled as planar
𝑙𝑝: number of points labeled as linear
𝑟𝑝: number of points labeled as rough
𝑇𝑃: total number of points in the cluster
𝑡ℎ𝑟: threshold
Dimensionality classification is based on the PCA conducted in the data characterization module,
which was described in the previous sections of this chapter. This classification aims to provide
more clues that can help in recognizing the types of objects in a cluster. This step can be thought
of as a generalization process because each cluster is assigned the predominant label among the
points comprised within it. The dominancy is determined by the threshold in Equ. (7), which is
set to (85%) in this dissertation. Large clusters in urban scenes can include points with different
PCA labeling based on their local neighbourhoods within the cluster as in Figure 4-13, wherein
the edge and corner points are labeled as rough (green). Many other points in the same cluster,
however, are labeled as linear/cylindrical (red) because they lie on a linear object such as a
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window middle bar, and since the majority of points are labeled as planar (blue), the whole
cluster therefore is labeled as planar in this case.

Figure 4-13 Points can have different PCA labeling within one cluster
It should be noted the dimensionality labels of the points within the cluster are not changed
during the generalization process. A new label is added to each point, representing the
generalized label, i.e., the dominant dimensionality label which will be used in the next step of
the initial classification. Therefore, generalization is superior to the traditional segmentation
processes because it conserves the integrity of clusters, which consequently ensures more
accuracy to the recognition process. On the other hand, traditional segmentation processes are
based on aggregating individual points according to their attributes (e.g., PCA-based labeling)
which can fragment objects that could be more accurately recognized if they were kept as one
entity.
62

4.4.3 Classification According to Dimensions
The last step of the sequential classification that is processed in Module 3 is the classification
according to the dimensions (size) of the clusters. This step is important to solve ambiguities that
can arise because of possible large similarities among objects. For example in Figure 4-14, three
clusters were classified as horizontal structures and mainly planar; however, one of them
resembles a building and the other a car (circled in pink). In order to solve such ambiguity, the
overall dimensions should be used because buildings usually have dimensions that can be easily
distinguished from the dimensions of cars.

Figure 4-14 Clusters are classified according to dimensions to solve possible ambiguities
In this step of the algorithm, the clusters that were classified as mainly planar and
linear/cylindrical are classified based on the dimensions of their bounding boxes. The clusters
that were classified as mainly rough are not passed to the dimensions-based classifier because if
a cluster is mainly rough, there is less possibility for it to be one of the targeted manmade objects
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as they usually are designed such that they are assembled of geometric primitives with
predesigned spatial pattern (e.g., linear/cylindrical or planar). The dimensions of bounding
boxes are deemed sufficient for the required low-level accuracy for this preliminary initial
classification as the one applied at this stage wherein the algorithm looks for a general idea of the
dimensions to make a decision whether the cluster in question can be a candidate for one of the
categories targeted at this point of the classification process. Table 4-4 shows the dimensions
thresholds that are used in this dissertation to classify clusters.
Table 4-4 Bounding box diemnsions thresholds for the targeted objects in the initial
classification process
Object

Length(m)

Width(m)

Height(m)

Building candidate

≥ 3.5

≥ 3.5

≥4

Cars candidate

≥ 1.75 && ≤ 3

≥ 1.25 && ≤ 2

≥ 1.5 && ≤ 2

Road inventory candidate

≥ 0.15 && ≤ 9

≥ 0.15 && ≤ 9

≥ 1 && ≤ 9

Selection of the classification thresholds is based on prior information of the site and the design
standards. Road inventory objects often have standardized dimensions which are universal in
much of the urban spaces around the world. Several examples of design drawings of traffic light
structures and street lighting poles are provided in Figure 4-15 and Figure 4-16. It can be seen
clearly from the design drawings in the figures and the thresholds that bounding box dimensions
can be misleading if not handled at the correct step of the algorithm. For example, the
dimensions of a traffic light structure can be confused with a building if it was examined before
the dimensionality-based classification because buildings are separated as mainly planar.
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Figure 4-15 Design drawing of overhead trafficlight structure. Courtesy Alberta
Transportation (http://www.transportation.alberta.ca/)

Figure 4-16 Several examples of street lighting poles. Courtesy of Transport Alberta
(http://www.transportation.alberta.ca/)
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4.5 Summery
Three of the four modules that comprise the urban scene classification algorithm developed in
this dissertation were discussed in this chapter. The first module includes the ground/non-ground
non-parametric classification algorithm, which is based on morphological analysis of the ground.
A new measure, directional spread, was introduced in this algorithm, which represents the
direction where points are spread in space. Points on the ground are usually spread in a
horizontal direction within their local neighbourhoods. Ground is detected by examining
directional spread and slope with respect to the lowest point in the site.
The data characterization module also was discussed in this chapter. More labels were introduced
and added to the non-ground data that resulted from the previous ground/non-ground
classification. Labels include cluster id, which results from the spatial clustering process of the
data based on Euclidian distance and dimensionality labels, which result from conducting PCA.
Characterization is important for the later initial and final classification processes.
Finally, the characterized data were sequentially classified into four preliminary class candidates:
buildings, cars, road inventory, and greenery. The classification process was conducted in three
steps beginning with classification according to sprawl of the points, wherein a new measure was
introduced to classify the characterized clusters of data according to their extension in space into
horizontal and vertical clusters. Each of the two categories resulting from this classification was
further classified according to their dimensionality into three categories: planar, linear, and
rough. Each of these categories, excluding the rough category, was further classified into the four
mentioned categories above based on dimensions.
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Chapter Five: Building Recognition and Analysis
5.1 Introduction
Buildings represent most of the built-up area in cities, hence their characterization and analysis is
of vital importance for many applications, such as urban design, environmental design, virtual
city modeling, etc. This chapter presents the algorithms developed in this dissertation for
building recognition and analysis in LiDAR as well as SGM 3D point clouds. As mentioned
earlier, the morphological attributes of buildings are slightly different in the case of airborne
data, which was the motivation for developing a slightly different algorithm for building
recognition in airborne data. The reason for this difference in building morphology is the nature
of airborne data to show building rooftops only unless the sensor is tilted at an oblique angle
during data collection.
Since all the subsequent building analysis is conducted on terrestrial laser data and SGM data,
and to ensure logical order of the chapter sections, building recognition in airborne data is
presented first.
5.2 Building Recognition in Airborne LiDAR Data
According to the morphological field presented in Table 3-1, buildings in airborne data can be
recognized using three morphological attributes which are dimensionality, dimensions, and
directional spread. Points sprawl is not useful in this case because most objects sprawl
horizontally more than vertically. While the dimensionality attribute is quantified in the same
way described in the data characterization module, the dimensions and directional spread
attributes are quantified differently. The horizontal dimensions of the cluster are still the
horizontal dimensions of the bounding box, however, the height is quantified as the difference in
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the Z-coordinate between the centroid of the cluster and the nearest ground point. Directional
spread is quantified as the slope of the normal vector at each point within the cluster in question.
Building rooftops in airborne data are hypothesised as large clusters of mainly planar surfaces
that are elevated above the ground by an amount that can be determined from prior information
about buildings heights in the area. Rooftops also have standardized slopes to ensure efficient
storm water drainage and structural resistance to loads. There are different types and designs of
roofs, however, several designs are more popular in urban areas as shown in Figure 5-1. Since
rooftop slope is one of the buildings hypotheses, as stated above, the building recognition
algorithm presented, in this chapter is designed to accommodate a wide range of rooftop slops
that are commonly available in most urban areas. It should be noted that airborne data are not
passed to Module 3 for initial classification because the sprawl attribute of the points is not
applicable in the case of airborne data.

Figure 5-1 Popular designs of building roofs showing that rooftops have different slopes
The characterized clusters derived in Module 2 are inputted directly to the building recognition
algorithm in airborne data as depicted in Figure 5-2. Each of the input clusters is sent separately
through three filters. The first filter passes only clusters where the majority of their points are
labeled as planar because buildings are hypothesised as majorly planar clusters. The majority
threshold is selected to be (85%) as in Equ.(1).
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𝐹𝑖𝑙𝑡𝑒𝑟1: ∀𝐶𝑖 ∈ 𝐶𝐶:

𝑁𝑜. 𝑜𝑓 𝑝𝑖 ∈ 𝑝𝑙𝑎𝑛𝑎𝑟
∗ 100 > 85 ….Equ.(1)
𝑇𝑃

Where:
𝐶𝑖 : cluster i
𝐶𝐶: characterized clusters
𝑝𝑖 : point i within cluster 𝐶𝑖
𝑇𝑃: total number of points in 𝐶𝑖
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Figure 5-2 Building recognition algorithm in airborne data
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The second filter passes only clusters where their horizontal dimensions are less than a prespecified threshold based on a popular building size, which in this dissertation was selected to be
(≥ 3.5m) for both length and width as in Equ.(2).
𝐹𝑖𝑙𝑡𝑒𝑟2: ∀𝐶𝑖 ∈ 𝐶𝐶: 𝑊𝐶𝑖 && 𝐿𝐶𝑖 ≥ 3.5𝑚 ….Equ.(2)
Where:
𝐶𝑖 : cluster i
𝐶𝐶: characterized clusters
𝑊𝐶𝑖 : width of cluster i
𝐿𝐶𝑖 : length of cluster i
The third filter passes only clusters that are elevated by a certain threshold above ground which
was selected in this dissertation to be (≥ 4m). The building information provided by airborne data
is usually limited to rooftops only. Therefore, height is estimated in this dissertation as the
difference in the Z-coordinate between the centroid of the cluster in question and the nearest
ground point after projecting both onto the XY-plane as in Equ.(3). A cluster that passes all
three filters is selected to be a building candidate.
𝐹𝑖𝑙𝑡𝑒𝑟3: ∀𝐶𝑖 ∈ 𝐶𝐶: 𝐻𝐶𝑖 ≥ 4𝑚 ….Equ.(3)
Where:
𝐶𝑖 : cluster i
𝐶𝐶: characterized clusters
𝐻𝐶𝑖 = 𝑍𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝐶 − 𝑍𝑛𝑒𝑎𝑟𝑒𝑠𝑡 𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑜𝑖𝑛𝑡 : height of cluster i
𝑖

Building candidates are finely examined to remove points that might belong to other objects that
were close enough to be clustered with buildings during the spatial clustering process in Module
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2, such as trees crowns. Points within each building candidate are classified according to their
associated dimensionality label into three categories: planar, linear/cylindrical, and rough, as
shown in Figure 5-3. All the points that are labeled as planar are passed to the slope filter, which
is explained later in this section. Other points that are labeled as linear/cylindrical or rough are
confirmed to be non-building because there is less possibility that these points belong to a
rooftop object that is assumed to be planar. Some points that might belong to a rooftop, such as
points on edges, (usually behave as linear/cylindrical or rough) can be lost because of this
assumption; however, this should not be a problem in this dissertation because such points
usually do not represent a large part of the cluster in question. For example, the average
percentage of such points is 8% of the total number of points within a cluster.

Figure 5-3 Classification of points within building candidate clusters according to their
dimensionality label to filter out possible non-building points
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The final step of the building recognition process is to look for additional points that do not
belong to a rooftop object but still exist in the building candidate cluster. Such points can belong
to objects such as tree crowns that were clustered with the rooftop points because they passed the
proximity threshold, which then were accidentally included within a planar neighbourhood
during the PCA process, as shown in Figure 5-4. To filter out these points, the slope of the
normal vector at each point within the building candidate cluster is examined. The slope of the
normal vector is evaluated as the angle between the normal vector and the Z-axis as shown in
Figure 5-5. The normal vectors at each point that belong to the rooftop should have similar
slopes as in Figure 5-6. Therefore, the histogram of the slope value for each normal vector
(Figure 5-7) is analyzed to determine the most prevailing slope value and use it as a basis to filter
out points where their normal vectors deviate by more than a predefined threshold from that
value. The slope value threshold is the slope value bin that has the maximum number of votes in
the histogram.

Figure 5-4 Non-building points still exist within the building candidate cluster
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Figure 5-5 Final recognized building represented by the cluster whose normal slope
histogram is presented in Figure 5-7

(a)

(b)

Figure 5-6 Points belong to the same rooftop should have similar normal vector slope. (a)
Overview. (b) Detail view
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Figure 5-7 Histogram of the slope of the normal values for a building candidate cluster.
The rooftop in this example is horizontal therefore the peak of the histogram was at slope
rangingbetween1.024ᵒand2.019ᵒ
5.3 Building Recognition in Terrestrial LiDAR and SGM Data
The buildings in terrestrial LiDAR data or in SGM 3D point clouds that were generated using
oblique images are hypothesised as clusters of points that are mainly labeled as planar. The
points in such clusters sprawl mainly in two directions, horizontal and vertical, within certain
dimensions. As such and based on the morphological field in Table 3-1, buildings can be
recognized using three attributes: dimensions, dimensionality, and sprawl. Because these
attributes are common among many other objects within the area of interest of this dissertation,
Module 3 classifies objects that share these attributes into four classes. Building candidates is
one of these classes, which is input to the building recognition algorithm in Module 4 for further
analysis to enable an accurate decision-making process.
As shown in Figure 5-8, building candidate clusters are passed to the building recognition
algorithm in parallel. The first step of the algorithm is to classify the input cluster into three
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groups based on their dimensionality labels: planar, linear/cylindrical and rough. The planar
group is considered a building immediately because it is conformal with all the building
hypotheses. The other two groups need to be further analyzed because they might be other
objects that were added to the cluster during the spatial clustering process and could not be
filtered out during the initial classification process. Such a case is commonly found in urban
space where trees are sometimes very close or attached to buildings, causing parts of the trees to
be clustered with the neighbouring buildings. An example is provided in Figure 5-9, wherein
bushes and shrubs in a flowerbed attached to the building are included in the building candidate
cluster. It should be noted also that many points that are labeled as linear/cylindrical or rough are
actually parts of the building, but they were labeled as such because of the nature of their local
neighbourhood during the PCA process, e.g., they lie on an edge. Therefore, connectivity
analysis is conducted on points within these groups separately. Connectivity analysis is a
distance-based spatial clustering process that aims to identify spatially connected points as a
prerequisite step to further investigate them to decide whether they are part of recognized
building. The decision is made based on the size of the clusters within each group as per Equ.(4).
If a cluster is smaller than a pre-defined size threshold, it is considered as part of the recognized
building. The threshold was selected in this dissertation to be (1.25m) on all three dimensions
based on the size of the smallest possible edge in a building (e.g., a window). For example, a
large cluster within the rough group may indicate another object attached to the building, such as
a tree; therefore, further analysis is required to identify the cluster.

75

Building
candidate

Dimensionality
Label

Rough
Rough

Linear
Linear

Connectivity
analysis

Connectivity
analysis

Planar
Planar

Size?

Large
clusters

Small
clusters

Nonbuilding

Building

Figure 5-8 Building recognition algorithm in terrestrial LiDAR and SGM data

∀𝑝𝑖 ∈ 𝐺𝑝
𝐵𝑝 =

∀𝑝𝑖 ∈ 𝐺𝑙 ∶ 𝑠𝑖𝑧𝑒𝐺𝑙 ≤ 1.25𝑚
{ ∀𝑝𝑖 ∈ 𝐺𝑟 ∶ 𝑠𝑖𝑧𝑒_𝐺𝑟 ≤ 1.25𝑚

Where:
𝐵𝑝: building points
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….Equ.(4)

𝑝𝑖 : any point I within the cluster
𝐺𝑝 : group of planar-labeled points
𝐺𝑙 : group of linear-labeled points
𝐺𝑟 : group of rough-labeled points

Figure 5-9 Building recognition process wherein a flowerbed is classified as non-building
5.4 Building Analysis in Terrestrial LiDAR and SGM Data
After buildings were recognized successfully, they are analyzed to extract useful information that
can be used in many applications. The focus of this dissertation is on extracting information that
can be used for environmental design purposes. The required information includes:
1. Direction of each façade with respect to true north
2. Dimensions of each façade: length, width, and height
3. Number of windows and openness ratio
4. Mass-block 3D digital building model (DBM) of the recognized buildings
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Because buildings normally have several façades, detecting each façade is the first step in the
process followed by window detection. In the third step, the top edge of the façade is detected
and used in the process of DBM generation. The final step is estimating the parameters
(dimensions, direction, and openness ratio).
5.4.1 Building Façade Detection
Points can be deemed to belong to one façade if the normal vectors at each of them have the
same slope and aspect values. This hypothesis is superior to the traditional hypothesis that a
building façade is an upright object, i.e., the slope of the normal is horizontal at each point and
therefore cannot detect roofs as they are obviously not upright objects. Hence, algorithms that are
based on such a hypothesis cannot be considered comprehensive, especially if the roofs appear in
the data, such as data captured by long-range scanners or UAV-based SGM data.
As indicated in Table 3-2, building façade morphology can be described using three
morphological elements: dimensionality, orientation, and dimensions. Dimensionality was
estimated in Module 2 using PCA of local neighbourhoods as described in Chapter Four. The
orientation is the slope and aspect values of the normal vector at each point. The dimensions are
the three dimensions of the bounding box, similar to the process in the building recognition
algorithm described earlier in this chapter.
As shown in Figure 5-10, the algorithm begins by choosing a random point from the input
building group and obtaining the neighbouring points within a predefined search radius (r) that is
selected based on the smallest targeted detail of interest. The points within the neighbourhood
are classified based on their dimensionality labels into planar and non-planar groups. The nonplanar group is considered part of that façade group without further analysis because they are
already spatially connected and because the normal vectors at each point are not accurate enough
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to be used for slope and aspect estimation. The points in the planar group are further examined
by testing whether their normal vectors have the same slope and aspect and are grouped in one
façade according to Equ.(5). The differences between the slopes and aspects of neighbouring
points are compared to a threshold, which is predefined to 1.5ᵒ because this difference proved to
be insignificant.

𝑆𝑖 − 𝑆𝑖+1 < 𝑡ℎ𝑟

𝐹𝑝 = (∀𝑝𝑖 ∈ 𝐵 ∶ {
) ….Equ.(5)
𝐴𝑖 − 𝐴𝑖+1 < 𝑡ℎ𝑟
Where:
𝐹𝑝: façade points
𝑝𝑖 : a point i
𝐵: building points group
𝑆𝑖 : slope of the normal at point i = cos −1 𝑛𝑧
𝐴𝑖 : aspect of the normal at point i = cos−1 𝑛𝑦
𝑛𝑦 and 𝑛𝑦 : components of the normal vector at point i
𝑡ℎ𝑟: threshold which is selected to be 1.5°
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Figure 5-10 Facade detection algorithm
The final decision about considering a group of points in a building façade is made after
comparing the dimensions of the group’s bounding box dimensions to predefined thresholds,
which are the same thresholds used in the building recognition process.
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Due to the nature of PCA estimation, normal vectors can randomly point to opposite directions
although they lie on points that belong to the same façade as in Figure 5-11. This especially
affects the normal aspect more than the slope. Therefore, before comparing the aspects of the
normal vectors, they need to be forced to point to one common direction that is outward the
neighbourhood. This can be achieved by considering the sensor position as a reference point to
check whether the normal vectors point toward the sensor position. Then, the normal vectors that
point to the opposite direction are forced to point to the reference point by negating them. The
test can be done by evaluating the angle between a vector from the point in question to the
sensor’s position and the normal vector at the point. The angle should be a positive value and
less than 90ᵒ if the normal is also pointing toward the sensor position as shown in Figure 5-12.

Figure 5-11 Normal vectors point to opposite directions within one neighbourhood. Vector
colors are to distinguish opposite directions
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(a)

(b)

Figure 5-12 Unifying normal vector directions for the same neighbourhood in Figure 5-11.
(a) Evaluating the angle between the normal vector at a point and the vector from the point
to the sensor's position. (b) Normal vector after unifying directions.
A sensor’s position can be retrieved in different ways according to the data used. It can be simply
recorded in the case of stationary terrestrial laser scanning data. When a single scanner is used,
the scanner position is the origin point of the data; and in the case of multiple scans, the scanner
position of the reference scan is the origin point, i.e., (0, 0, 0), and the positions of other
registered scans are the translation vectors resulting from the registration process. It is not as
straightforward, though, in the case of other data types, such as mobile mapping data or SGMbased point clouds. In such cases, a time tag is needed to compare the point with the
corresponding stored sensor position.
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5.4.2 Window Detection
After detecting the different façades of each building, the windows can be detected within each
façade. Windows are hypothesised as holes in the data because laser beams penetrate the glass
leaving no returns to be recorded in the scanner’s encoder unless the laser beam hits an object
inside the building behind the glass, such as curtains, ceiling, floor, or furniture. As such,
windows can be detected by identifying the boundaries of the holes within the façade and then
comparing the dimensions and locations of the resulting polygons from the boundary detection
with the usual window dimensions and locations. The α-Shape algorithm (Edelsbrunner,
Kirkpatrick, & Seidel, 1983) is used in this dissertation to identify the boundaries within building
façades. The advantage of this algorithm is that it identifies inner as well as outer boundaries
accurately and requires only one threshold (α), which represents the radius of the circle rolled
over the points in question to identify the boundaries. Selecting α-value depends on the level of
detail required. A smaller α-value provides more detailed boundary results, and a larger α-value
provides the Convex Hull of the point set (Wei, 2008). In this dissertation, the α-value was set at
(0.25m) based on the smallest detail of interest in the site.
Façades must be transformed from 3D space to 2D space in order to detect the boundaries of
holes and then to identify windows and extract other information of interest such as dimensions.
Façades can be thought of as large planar objects that contain details; therefore, a 2D plane can
be imagined as a background to the façade. In this dissertation, this plane is found by conducting
PCA while considering the façade as one neighbourhood. The components of the resulting
normal vector are the parameters of the façade background plane as shown in Figure 5-13. As
such, PCA is the first step of the windows detection algorithm, which is depicted in Figure 5-14.
Once the background plane is estimated, all the points that comprise the façade are projected
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onto that plane and then are transformed to a local UVW-coordinate system within the façade
plane. The U and V axes of the local coordinate system are defined as vectors from the centroid
of the façade to the farthest points on X and Y, respectively. The W vector then can be defined as
the result of cross product of the U and V vectors. The transformed points are now in 2D space
and are ready for input to the boundary detection algorithm. The resulting boundary polygons are
then analyzed based on windows morphology to classify them into windows and non-window
polygons that can be found because of the artefacts in the data.

Figure 5-13 Facade background plane
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Figure 5-14 Windows Detection Algorithm
According to the morphological field presented in Table 3-2, windows can be recognized using
two morphological attributes: dimensions, and typology. Windows usually have typical
dimensions, except for some modern landmark buildings. Typology is quantified as their height
above ground, which is estimated as the height of the polygon centroid above the lowest point in
the façade. This condition is used to avoid confusing doors with windows. Hence, a polygon is
classified as a window if it satisfies Equ.(6) below. Figure 5-15 shows the detected polygons and
classified windows in an example façade.
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𝑊 = (∀𝑃𝑖 ∈ 𝐹 ∶ {

𝑡ℎ𝑟1 ≤ 𝑤, ℎ ≤ 𝑡ℎ𝑟1

) ….Equ.(6)

𝐻𝑐 ≥ 𝑡ℎ𝑟2

Where:
𝑊: window points
𝑃𝑖 : polygon i
𝐹: façade group
𝑤: width of the polygon (the difference between the maximum and minimum U coordinates)
ℎ: height of the polygon (the difference between the maximum and minimum V coordinates)
𝐻𝑐 : height of the polygon centroid above ground
𝑡ℎ𝑟1 : threshold 1 = 0.75m
𝑡ℎ𝑟2 : threshold 2 = 3m

(a)

(b)

Figure 5-15 Detected polygons and recognized windows in a facade. (a) Detected polygons.
(b) Recognized windows
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5.4.3 Façade Top-edge Detection
One of the objectives of this dissertation was to update existing GIS layers by adding the
extracted building parameters and generate a 3D DBM. Therefore, the polygon within the GIS
layer that represents the building in question must be identified. Therefore, a polygon is
established from the façade top-edges of all the building sides, and then a search is conducted to
find the nearest polygon within the GIS layers. The search is conducted between the center of the
established polygon and the centers of the polygons within the GIS layer provided that both
datasets are registered to a common coordinate system. As such, a prerequisite step is to detect
the façade top-edge.
A building façade usually receives the most attention from designers because it is that part of the
building which is more often used to send the architect’s design message. Therefore, it is always
challenging to develop an algorithm that automatically models all or even most of the varieties of
building façades. However, many buildings in urban areas usually have either a flat or crookedshaped pattern of the façade top-edges. Therefore, the developed algorithm for façade top-edge
detection in this dissertation is designed to accommodate such building façades. The façade topedge belongs to the façade bounding polygon, which is the largest among the identified polygons
using the α-shape algorithm. Shapes that belong to one façade top-edge are related to each other
according to predesigned proportions that are appealing to the human eye, which is the wellknown Golden Ratio (φ = 1.61) (Figure 5-16). The façade top-edge points therefore should
satisfy Equ.(7) below in that the ratio of the height difference between two successive points to
the façade height should be less than or equal to the Golden Ratio.
𝐸 = {∀𝑝𝑖 ∈ 𝐹𝑃 ∶

∆𝑉
….Equ.(7)
≤ 𝜑}
𝐻𝐹
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Where:
𝐸: Edge points
𝑝𝑖 : point i
𝐹𝑃: façade bounding polygon
∆𝑉 = 𝑉𝑝𝑖+1 − 𝑉𝑝𝑖 : difference in V-coordinate between successive points in descending-sorted list
𝐻𝐹 = 𝑉𝑚𝑎𝑥 − 𝑉𝑚𝑖𝑛 : height of the façade

Figure 5-16 Description of Golden ratio
As shown in Figure 5-18, the process begins by determining the maximum and minimum Vcoordinate of the façade bounding the polygon group of points, followed by estimation of the
façade height. Then, all the points in the group are sorted in descending order starting from the
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point that has the maximum V-coordinate. The ratio between ∆V of successive points and façade
height HF then is estimated and compared to the golden ratio. If the ratio is equal to or less than
the golden ratio, the point belongs to the façade top-edge as in Figure 5-17.

Figure 5-17 Example of detected facade top-edge
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Figure 5-18 Facade top-edge detection algorithm
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5.4.4 Extraction of Environmental Design Parameters
After façade detection, windows recognition, and façade top-edge detection, extraction of the
parameters is performed. As was mentioned earlier in this chapter, the parameters of interest in
this dissertation are those useful for environmental design: 1) façade direction with respect to
true north, 2) façade dimensions, 3) number of windows, 4) openness ratio, and 5) 3D DBM.
5.4.4.1 Façade Direction w.r.t True North
To estimate the façade direction with respect to true north, the point cloud must be georeferenced. Then, the direction is estimated as the aspect of the normal vector to the façade that
was estimated during the projection of the façade on the background plane. The aspect of the
normal vector is estimated as the dot product between the normal vector and the Y-axis of the
Cartesian coordinates.
5.4.4.2 Façade Dimensions
The façade dimensions are the width and height of the façade, which are estimated within the
UVW-coordinate system defined during the windows recognition process. The height of the
façade, which is also considered as the height of the building, is estimated in the aforementioned
Equ. (7). The width of the façade is estimated in the same way except the difference is between
the maximum U-coordinate and the minimum U-coordinate. Estimating the façade dimensions
within the UVW coordinate system ensures more accuracy than the bounding box dimensions in
3D.
5.4.4.3 Openness Ratio
The openness ratio is the ratio between the surface area of the façade and the total area of all
windows as in Equ.(8) below.
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𝑂𝑝_𝑟𝑎𝑡𝑖𝑜 =

∑𝑛𝑖=1 𝐴𝑊𝑖
𝐴𝐹

∗ 100

….Equ.(8)

Where:
𝑂𝑝_𝑟𝑎𝑡𝑖𝑜: openness ratio
𝐴𝑊𝑖 : area of window i
𝐴𝐹 : area of the façade bounding polygon
5.4.4.4 3D Digital Building Model (DBM)
Since building height is one of the extracted parameters in this dissertation, a 3D DBM can be
generated by extruding an existing GIS layer. Buildings heights and the other extracted
parameters are added as attributes fields to the corresponding existing GIS polygon shape files
automatically in the following steps:
-

Using façade top-edges, buildings polygons are established and the centroid of each
polygon is estimated.

-

Polygons centroids of existing GIS layer are estimated.

-

Nearest neighbour search is conducted between the two sets of centroids to match each
GIS polygon to the established polygon using the façade top-edges.

-

Once the matching is achieved, the GIS polygon id is assigned to the polygon that was
established using façade top-edge. Hence, the table of the extracted parameters associated
with that polygon can now be linked to the GIS polygon attributes table using the id field.

-

Once the height attribute is added to the GIS polygon, it can be extruded to a 3D building
using ArcScene ® software.
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5.5 Summery
New methods for building recognition and analysis using different types of 3D point clouds are
presented in this chapter. All methods are based on the morphological analysis of buildings in
urban scenes using the morphological field developed in this dissertation and described in
Chapter Three. However, building recognition in airborne data required a slightly different
implementation of the morphological analysis due to the nature of the airborne data. Buildings in
all other datasets were recognized using the same method which indicates that the proposed
methods are sensor invariant. The chapter also described the introduced methods to extract
building parameters and using them in other applications such as GIS layers updating.
Parameters included building façades detection, dimensions, orientation, window detection, and
openness ratio.
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Chapter Six: Road Inventory and Greenery Recognition
6.1 Introduction
This dissertation aimed to recognize and analyze four groups of objects that are commonly
present in urban space: ground, buildings, road inventory, and greenery. A comprehensive
classification algorithm was developed in this dissertation to recognize each of these groups. The
process begins with ground/non-ground classification, followed by non-ground data
characterization, initial classification, and final classification. Chapter Four of this dissertation
covered the first three steps, Chapter Five covered the final recognition of buildings, and this
chapter covers the final classification of greenery and road inventory.
The greenery group includes individual complete trees, separated canopies whose trunks do not
present in the data for some reason, e.g., occlusion by other objects, and bushes. The road
inventory group includes poles, traffic signs, overhanging traffic signal, and powerlines, which
are usually consist of connected vertical and lateral pipes.
6.2 Road Inventory Final Classification
The final classification algorithm for road inventory is included in Module 4 and receives its
input from Module 3 as road inventory candidates. Road inventory candidates are clusters of
points that are mainly linear/cylindrical and have satisfied the initial classification conditions that
were set for identifying road inventory candidates in Module 3. The conditions include
dimensionality, sprawl, and dimensions of the bounding box of the cluster in question.
Therefore, the objective of the final classification algorithm is to identify what type of road
inventory an input cluster is. The road inventory candidates chosen by the initial classification
algorithm in Module 3 are input to Module 4 wherein they are finely classified into poles, traffic
signs, overhanging traffic signals, and power lines.
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6.2.1 Road Inventory Hypotheses
Classification of the road inventory is based on several hypotheses proposed in this dissertation
and presented in Table 6-1. In order to facilitate the classification process, the hypotheses are
expressed in terms of the morphological attributes for each class of the road inventory. As
discussed in Chapter Three, road inventory objects can be recognized by four attributes: sprawl,
dimensionality, dimensions, and topology.
Table 6-1 Road inventory hypotheses
Class

Hypotheses
Mainly linear/cylindrical features that are vertically sprawled in

Poles

space and connected to ground. They have standardized
dimensions usually decided by city authorities.
Mainly planar and linear/cylindrical features that are vertically

Traffic signs

sprawled in space, connected to ground, and have certain
standardized dimensions
Mainly linear/cylindrical features that comprise at least two parts,

Traffic signal structures

one of them is vertical. Other parts are non-vertical that usually
hold the traffic signals and/or lighting bulbs
Mainly linear/cylindrical features that sprawl horizontally in space

Power lines

and connected to poles. Power lines radii are much smaller than
other cylindrical features within road inventory.
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Figure 6-1 presents three examples of poles that could be used in urban areas for lighting,
holding traffic signs, and connecting powerline networks. Poles are typically erected on the
ground, which was the topology used in this dissertation to distinguish them from the other
columns; for example, linear/cylindrical features that have similar attributes to poles but are parts
of buildings, e.g., columns or pillars.

(a)

(b)

(c)

Figure 6-1 Examples of three poles to further clarify poles hypotheses. Each pole in (a), (b),
and (c) is vertical linear/cylindrical feature and connected to ground
Traffic signs are plates of standardized geometric shapes, e.g., circle, triangle, etc. that display
instructions and information to road users. The plates are mounted on poles that are specifically
made to hold them, hence, the whole assembly in this case was considered as a traffic sign in this
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dissertation as shown in Figure 6-2 (a). Sometimes traffic signs are mounted on lighting poles,
which is a case that was beyond the scope of this dissertation.
The overhanging traffic signal structure example presented in Figure 6-2 (b) has one vertical part
and two non-vertical parts. The two non-vertical parts are used in this example to hold the
streetlight and the traffic signals. There are many other versions of this structure that are found in
urban areas, such as different quantities of non-vertical parts, different angular relationships with
the vertical part, or different functions served. However, the most common and general cases
were used as the basis for the suggested morphological attributes and hypotheses in this
dissertation.
As hypothesized in Table 6-1, Figure 6-2 (c) shows powerlines as linear/cylindrical features that
are connected to poles. Powerlines also are found in different designs, such as different quantities
of lines connected to the pole. However, the most general and common attributes and hypotheses
are suggested in this dissertation.

(a)

(b)

(c)

Figure 6-2 Examples of road inventory objects that are being investigated in this
dissertation: (a) typical traffic sign, (b) typical traffic signal structure, and (c) typical
power lines
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6.2.2 Road Inventory Classification Algorithm
Road inventory classification was conducted using the developed final classification algorithm
included in Module 4. The algorithm is based on a forward reasoning process that is based on the
suggested hypotheses presented in Table 6-1. As shown in Figure 6-3, which depicts the
flowchart of the algorithm, the process begins by identifying the sprawl of the input candidate
and dividing the algorithm into the two subroutines described below.
6.2.2.1 Subroutine for Horizontal Candidates
Based on the suggested hypotheses, horizontally sprawled candidates could be overhanging
traffic signal structures or powerlines. Since both classes were hypothesized as linear/cylindrical
features, the rest of the classification process was implemented on the linear/cylindrical points
only. Therefore, the subroutine began by classifying the candidate cluster according to
dimensionality into linear/cylindrical, planar, and rough. The planar and rough points were
separated temporarily and are returned to the cluster after the classification.
Both overhanging traffic signal structures and powerlines are recognized when at least two
linear/cylindrical features are detected in the cluster, provided that one of them is vertical, which
represent the pole that holds the horizontal parts that could either be a lateral cylinder or a
powerline. Therefore, the linear/cylindrical-labeled points then were classified into vertical and
non-vertical based on the slope of the normal vector at each point. The slope of the normal is
defined as the angle between the normal vector at each point and the Z-axis and was evaluated
using the dot product between the normal vector and a unit vector along the Z-axis. The vertical
group is recognized as a pole if it passed a predefined height threshold and the pole flag is
triggered accordingly. Otherwise, the whole cluster is declared unrecognized because traffic
signals as well as powerlines have to be held by a pole according to the suggested hypotheses.
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The horizontal group was tested by the dimensions condition to decide whether it was a lateral
cylinder or powerline and a flag was triggered accordingly.
The final step of the process is based on if-then logic as shown Figure 6-4 (a) and Table 6-2,
which presents the details of the if-then reasoning process, which is based on flag triggering.
Table 6-2 If-then logic of the forward reasoning process for
classifying horizontal road inventory candidate
Horizontal road inventory candidate
If flag:
Then
Powerline Lateral cylinder

Pole

1

0

1

Pole & powerline

0

1

1

Traffic signal

Else

Unclassified

6.2.2.2 Subroutine for Vertical Candidates
This subroutine begins with classifying the vertical candidate according to their dimensionality
into planar, linear/cylindrical, and rough. The rough group was excluded from any processing
temporarily but were returned to the decided class eventually. Connectivity analysis was
conducted on the planar group, followed by the dimensions condition to check whether it was a
traffic sign. Connectivity analysis was required to assure that the planar-labeled points were
actually from one segment or just fragmented points that were accidentally part of the planar
neighbourhoods. Based on the result of these two steps, the traffic sign plate flag was triggered.
The linear/cylindrical group was checked as to whether it was connected to the ground. This
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check is an important step in the algorithm because both poles and traffic signs are hypothesized
to be erected on ground. The connectivity to the ground was checked by estimating the ∆Z
between the lowest point within the vertical candidate and the 2D-nearest ground point. If the
vertical group was connected to the ground, a flag was triggered and the group was passed to the
dimensions condition to distinguish poles and traffic signs. Otherwise, if the vertical group was
not connected to the ground, the whole cluster was determined as unrecognized because traffic
signs and poles have to be connected to the ground according to the suggested hypotheses. Based
on the results of this process, a pole or traffic sign flag was triggered. The final decision on the
class of the input vertical candidate was made based on if-then logic as presented in Figure 6-4
(b) and detailed in Table 6-3
Table 6-3 If-then logic of the forward reasoning process for
classifying vertical road inventory candidate
Vertical road inventory candidate
If flag:
Connected Pole

Traffic sign

Then

Traffic sign plate

to ground
0

Regardless

Unrecognized

1

1

0

0

pole

1

0

1

1

Traffic sign

Else

Unrecognized
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Road Inventory
Candidate

Sprawl
Horizontal
or
Volumetric

Vertical

Dimensionality

Dimensionality

Rough
Rough

Planar
Planar

Linear
Linear

Rough
Rough

Slope of normal
vector

Planar
Planar

Linear
Linear

No

Connectivity
analysis

Connected to
ground?
Yes

Not
Vertical

Vertical

Dimensions

Height ≥ thr

Dimensions

Dimensions

No

Yes

Power line

Lateral
Cylinder

Pole

Traffic sign

Pole

Power line flag
Lateral cylinder flag
Pole flag

Connectivity to ground flag
Traffic sign flag
Pole flag
Traffic sign plate flag

1

2

Figure 6-3 Road inventory classification algorithm - part 1
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Traffic sign
plate

2

No

1

No

Connectivity to ground
flag: 1

Yes

Pole: 1
Traffic sign: 0
Traffic sign plate: 0

Pole: 1

Yes

Pole

No

Yes

P. line: 1
L. cylinder: 0
Pole: 1

Yes

Pole: 0
Traffic sign: 1
Traffic sign plate: 1

Pole and
power line

Yes

Traffic sign

No

No

P. line: 0
L. cylinder: 1
Pole: 1

Yes

Pole: 1
Traffic sign: 0
Traffic sign plate: 1

Traffic signal
structure

Yes

Pole

No

No

Unrecognized

Unrecognized

(a)

(b)

Figure 6-4 Road inventory classification algorithm - part 2
6.3 Greenery Final Classification
The main objective of the greenery final classification algorithm is to identify individual trees,
canopies, and bushes in LiDAR data. The algorithm receives input from two sources: 1) Module
3 provides greenery candidates resulting from the initial classification process, and 2)
investigation of the non-building points resulting from the building recognition algorithm. As
discussed in Chapter Four, clusters were initially classified as greenery candidates if the majority
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of the points were rough-labeled. The first source of input was described in detail in Chapter
Four, and the second source is described in the following section.
6.3.1 Investigation of Non-building Points
As described in Chapter Five, the building recognition algorithm outputted two classes: buildings
and non-buildings. The non-building class is a group of points that mainly belong to rough and
linear/cylindrical neighbourhoods that were excluded from the building groups because they do
not possess the considered building attributes as described in Chapter Five. These points are
investigated to determine if they are trees that were so close to buildings that they were grouped
with those buildings during the spatial clustering process in Module 3. As presented in
Figure 6-5, the non-building points are spatially clustered based on Euclidian distance, and then
the sprawl of each group is estimated. The groups are classified thereafter according to their
sprawl in the horizontal and vertical directions. Then, each category is classified based on
dimensionality into rough and linear. Notice that there is no planar class because non-building
points originally have no planar-labeled points. If the majority of points are rough, the cluster is
declared a greenery candidate. Otherwise, the cluster is declared as unrecognized because the
available information is insufficient to determine the object type. There is considerable
possibility that such features might be parts of the building in question, which were separated
due to occlusions or are originally separated parts. On the other hand, there is very little
possibility that such features are lighting poles or similar objects because they are usually erected
at a considerable distance from buildings. Greenery, in contrast, is attached to buildings very
often in many ways, such as flowerbeds or as branches of large trees that touch neighbouring
buildings.
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Non-building

Sprawl

Horizontal

Vertical

Major
dimensionality

Major
dimensionality

Linear

Rough

Linear

Rough

Greenery
Candidate

Unrecognized

Figure 6-5 Non-building class further investigation algorithm
6.3.2 Greenery Hypotheses
Final classification of greenery is based on several hypotheses suggested in this dissertation and
presented in Table 6-4. The suggested hypotheses are expressed in terms of the morphological
attributes discussed in Chapter Three. The morphological attributes that were selected out of the
morphological field in Chapter Three include sprawl, dimensionality, dimensions, and topology.

103

Table 6-4 Greenery hypotheses
Class
Individual tree

Hypothesis
Cluster of points that could sprawl horizontally or vertically depending on
the size of the tree and consisted of two parts: canopy and trunk. Canopy is
mainly characterized as rough dimensionality and has certain size. Trunk is
mainly characterized as linear/cylindrical object that is connected to ground
and has certain size

Canopy

Cluster of points represents a separated tree crown. It mainly sprawls
horizontally and characterized as rough object that is elevated above ground
and not connected to trunk

Bushes

Cluster of points that sprawl horizontally and characterized as rough
dimensionality. Bushes are closer to ground than canopies and individual
trees

6.3.3 Greenery Final Classification Algorithm
As mentioned above, the greenery final classification algorithm receives its input as greenery
candidate clusters resulting from the initial classification algorithm in Module 3, and the nonbuilding class further investigation algorithm described above. It aims to identify what kind of
greenery the input candidate is. Greenery classification is based on the suggested hypotheses in
Table 6-4. The algorithm is based on a forward reasoning process, which begins by classifying
the input cluster into vertical and horizontal based on sprawl. As presented in Figure 6-6, each
category is processed in slightly different way using separated subroutines as described in the
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following sections. Each of the two subroutines triggers flags which are used in the second part
of the algorithm depicted in Figure 6-7 to identify the kind of greenery the input cluster is.
Greenery
Candidate

Sprawl

Horizontal

Vertical

Dimensionality

Dimensionality

Linear

Rough

Connectivity
Analysis

Dimensions

No

Linear

Rough

Connectivity
Analysis

Dimensions

No

Yes
No

No

Yes

∆Z to
Ground

Dimensions

Connected to
Ground?

No

Dimensions

No

Connected to
Ground?

Yes
Trunk

Canopy

Trunk

Bushs

Canopy

Canopy flag
Trunk flag
Bushs flag

Canopy flag
Trunk flag

1

2

Figure 6-6 Greenery final classification algorithm-part 1
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1

Canopy: 1
Bushs: 0
Trunk: 1

Yes

Individual
Tree

No
Canopy: 1
Bushs: 0
Trunk: 0

2

Yes
Canopy

No
Canopy: 0
Bushs: 1
Trunk: 0

Canopy: 1
Trunk: 1

Yes

Yes

Individual
Tree

Bushs

No

No

Unrecognized

Unrecognized

(a)

(b)

Figure 6-7 Greenery final classification algorithm-part 2
Based on the hypotheses presented in Table 6-4, horizontal greenery candidates can be individual
trees, canopy, or bushes. While vertical greenery candidates could only be individual trees
because trees grow mainly in the vertical dimension. As such, both horizontal and vertical
clusters are classified according to dimensionality into linear/cylindrical and rough. This
classification aims to identify trunks, which are mainly a linear/cylindrical feature, and a canopy,
which is mainly a rough feature. If the points within the linear/cylindrical group are connected
and form one cluster that satisfies the predefined trunk dimensions thresholds and is connected to
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the ground, the group is decided to be trunk. Connectivity to the ground is checked by estimating
∆Z between the lowest point in the group and the nearest ground point. If a trunk is found, a flag
is triggered which is used later to decide what kind of greenery the input cluster is. The
processing of linear groups is similar in both horizontal and vertical clusters. However, rough
groups are slightly different in that they could be a canopy in the case of a horizontal cluster, but
it cannot be recognized in the case of vertical clusters.
In the case of horizontal clusters, the rough group is checked if it satisfies the predefined
dimensions thresholds of a canopy and the predefined height above ground threshold.
Accordingly, it is decided if the group is canopy or bushes and a corresponding flag is triggered.
The height above ground is estimated as the difference in the Z-coordinate between the centroid
of the rough group and the nearest ground point.
The only difference in the case of vertical clusters is that there is no need to check the height
above ground to decide if the group is a canopy because as long as the group passed the
predefined dimensions thresholds, it will be considered a canopy based on the individual trees
hypothesis. Otherwise, it is considered as unrecognized and a flag is triggered accordingly.
In part 2 of the algorithm, the flags are tested based on if-then logic as presented in Figure 6-7. In
the case of vertical greenery candidates, the classification is either an individual tree or is
unrecognized based on the two canopy and trunk flags. Both flags must be triggered in order to
decide that the cluster is an individual tree. Table 6-5 depicts the possible cases of flags and the
corresponding decisions made to classify horizontal greenery clusters into individual tree,
canopy, bushes, or unrecognized.
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Table 6-5 If-then logic of forward reasoning for classifying
horizontal greenery candidates
If flag:
Then
Trunk

Canopy

Bushes

1

1

0

Individual tree

0

1

0

Canopy

0

0

1

Bushes

Else

Unclassified

6.4 Summery
New methods for road inventory and greenery recognition in urban scenes were presented in this
chapter. The first part of the chapter described the new algorithm developed in this dissertation
for road inventory classification into four main objects: traffic signs, overhanging traffic signals,
poles, and powerlines. The algorithm is based on the morphological analysis of these objects on
the basis of the morphological field developed in Chapter Three. The second part of the chapter
presented the new greenery classification algorithm developed in this dissertation which also
depends on the morphological analysis of greenery in urban scenes. Both methods are based on
forward reasoning process using if-then logic which enabled examining different cases at the
same time, hence it fitted the classification problem very well. This specific characteristic, i.e.,
examining different cases at the same time, is the main advantage of the proposed classification
methods in this chapter which makes them being comprehensive.
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Chapter Seven: Experimental Results
7.1 Introduction
The main objective of this dissertation was to classify urban scenes into the main basic objects
which are commonly found in urban areas. The objects of interest in this dissertation were
grouped in four major categories: 1) ground, 2) buildings, 3) road inventory, and 4) greenery.
The road inventory group included poles, traffic signs, overhanging traffic signals (e.g., lower
case-“r”-shape overhead hanging traffic light), and powerlines. The greenery group included
individual trees, separated canopies, and bushes.
The remainder of this chapter is organized based on the above object categories to present the
experimental results that were obtained from testing the algorithm using four types of datasets,
which included airborne laser scanning data (ALS), terrestrial stationary laser scanning data
(TLS), mobile laser scanning data (MLS), and UAV-based SGM point cloud. The data types are
described in the first section of this chapter.

7.2 Description of the Experimented Datasets
As mentioned above, the following four types of datasets were utilized in this dissertation:

7.2.1 Airborne Laser Scanning (ALS) Data
This data type was part of a larger dataset collected for the University of Calgary (U of C)
campus and surrounding areas. The dataset was cropped to cover the area of the Hotel Alma and
the Rozsa Center buildings on the university campus as shown in Figure 7-1. Table 7-1 provides
basic information about the dataset.
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(a)

(b)

Figure 7-1 ALS dataset over U of C campus: (a) point cloud (height-based colors), (b) map
of the area.

Table 7-1 ALS data specifications
System

Optech 3100

Flying height

1,000m and 1,400m

Average point density

10 points/m2

Number of points

447,953

Planimetric accuracy

0.5m and 0.7 for 1,000 & 1,400 m flying heights respectively

Vertical accuracy

0.15m

7.2.2 Terrestrial Laser Scanning (TLS) Data
Two datasets were included in this category: 1) one façade of the Hotel Alma area at the U of C
campus and 2) Hampton Hall on the Purdue University West Lafayette, IN USA campus.
Figure 7-2 shows the datasets and Table 7-2 depicts their specifications.
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(a)

(b)

Figure 7-2 TLS datasets: (a) Hotel Alma on the U of C campus, (b) Hampton Hall on the
Purdue University campus.

Table 7-2 TLS data sets spesifications
Hotel Alma dataset

Hampton Hall dataset

System

Leica HDS 6100

Leica HDS 3000

Average point density

100 point/m2 (down-sampled

1,600 point/ m2

data)
Number of points

458,717

7,664,955

Date acquired

2014

2015
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7.2.3 Mobile Laser Scanning (MLS) Data
This dataset was provided free of charge for research purposes by Daniel Munoz through his
personal website http://www.cs.cmu.edu/~dmunoz/projects/m3n.html, which was collected on
the Carnegie Mellon University (CMU) campus in Oakland, Pittsburgh, PA, USA. Figure 7-3
show the dataset and Table 7-3 depicts the technical specifications.

Figure 7-3 MLS dataset on the CMU campus, Pittsburgh, PA USA

Table 7-3 MLS dataset specifications
System

Navlab11 equipped with side looking SICK
LMS laser scanner

Estimated average point density

50 point/m2

Number of points

1,614,570

Date acquired

2009
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7.2.4 UAV-based SGM Point Cloud
This dataset was provided as an example dataset on the Pix4d website. It was collected over an
urban area in Lausanne, Switzerland. Figure 7-4 shows the dataset and its location, and Table 7-4
depicts the technical specification of the dataset.

Figure 7-4 UAV-based SGM point cloud

Table 7-4 UAV-based SGM point cloud technical specification
System

UAV platform (DJI Phantom 2 Vision+)
equipped with Phantom Vision FC200 camera

Average GSD

3.64 cm

Number of images

61

Number of points

3,000,000

7.3 Experimental Results of Ground/Non-ground Classification Process
Ground/non-ground classification is the first process of the comprehensive classification
algorithm developed in this dissertation. It aims to remove ground points from the data as a
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preparation step for the next more detailed classification process, which was conducted on the
non-ground class only. As described in Chapter Four of this dissertation, ground/non-ground
classification is based on the morphological attributes of the ground outlined in the
morphological field developed in this dissertation and described in Chapter Three. Three
thresholds were used in this process as shown in Table 7-5.
Table 7-5 Description of thresholds used in ground/non-ground classification
Threshold name
Slope index (si)

Function
Check the slope

Value
0 – 0.1

Justification

More details

Common design

of each point

slope of pavement in

w.r.t. the lowest

urban areas

point in the data.
Directional spread Describe points’
index (ds)

0 – 0.1m

Ground is assumed

distribution in

to be horizontal and

space (i.e.,

relatively smooth

vertical or

surface in urban

horizontal)

areas.

Neighbourhood

Establish a

radius (r)

spherical

0.20m

Chapter 4 of this
dissertation

Usual curbside
height

neighbourhood to
estimate (ds)

7.3.1 Ground/Non-ground Classification of ALS Data
As described in Chapter Four of this dissertation, ground/non-ground classification was based on
the analysis of the two indexes introduced in this dissertation, i.e., the slope index (si) and
directional spread index (ds). Figure 7-5 shows the experimental ALS data colored according to
the values of these two indexes. Relatively low variations in the ds-index values could be seen in
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the figure. However, the si-index values show significant variation, which could be due to the
nature of the ALS data, wherein Nadir-looking scanner is usually used. Hence, most of the
collected data would be for horizontal surfaces that are facing the scanner. Horizontal surfaces
obviously would have lower ds-indexes than vertical which makes the si-indexes more
significant for the process of classification of ALS into ground and non-ground classes.
Figure 7-6 presents a comparison of the ds-index values in the ground and non-ground classes
separately, which shows that a good amount (~30%) of the non-ground points had ds-indexes
that were close to the upper limit of the classification threshold (0.1m). However, only (~10%) of
the non-ground points had si-index that were close to the upper limit of the threshold (0.1).
Although this supports the conclusion that the si-index is more significant than the ds-index
when processing ALS data, it should be noted that the si-index needs to be dealt with caution,
especially when processing ALS data that cover large areas because it is inversely proportional
to the distance from the lowest point, which could cause more false-positive points to be added
to the ground class.

(a)

(b)

Figure 7-5 ALS point cloud colored according to (a) ds-index (majority shown in blue
shade-low ds-index) and (b) si-index (significant variation in the data).
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(a)

(c)

(b)

(d)

Figure 7-6 Directional spread index (ds) for ground and non-ground classes of ALS data
set: (a) ground class colored based on ds-index, (b) histogram of ds-index values for ground
class, (c) non-ground class colored based on ds-index, and (d) histogram of ds-index values
for non-ground class.
Figure 7-7 presents the final results of the ground/non-ground classification of the ALS dataset,
which visually show that the data were classified successfully. The classification revealed that
53% of the data was ground class (gray) and the remaining 47% was non-ground (orange).
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Figure 7-7 Final results of ground/non-ground classification of the ALS dataset

7.3.2 Ground/Non-ground Classification of TLS, MLS, and SGM Data
The experimental results from the TLS, MLS, and SGM datasets used in this dissertation showed
great consistency in terms of their ds-index and si-index behavior, as shown in Figure 7-8. The
results also showed that the ground/non-ground classification algorithm was more robust when
processing such data because data collected using a sensor with an oblique or eye-level angle-ofview setting usually captures more details of the surveyed site. An oblique angle of view enabled
showing different variations of structures, such as walls of buildings, trunks of trees, and other
vertical structures such as poles, traffic signs, and other street furniture. Such variations in
structures helped in identifying different structures on the site and increased the accuracy of the
object recognition process. This result can be seen clearly in the parts of Figure 7-8 which show
that the ds-index was consistently similar for the horizontal flat surfaces (blue shade) in all the
datasets and varied significantly for vertical surfaces, such as walls and trees in all the datasets.
The si-index, on the other hand, gradually increased proportionally to the increase in the height,
and the low points therefore consistently appeared within the blue color in all the datasets.
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ds-index for Hotel Alma TLS dataset

si-index for Hotel Alma TLS dataset

ds-index for Hampton Hall TLS dataset

si-index for Hampton Hall TLS dataset

ds-index for SGM dataset

si-index for SGM dataset

ds-index for MLS dataset
si-index for MLS dataset
Figure 7-8 The ds-index and si-index for TLS, SGM, and MLS datasets showing
consistency among the different datasets due to oblique or eye-level scanning angle setting
of the sensors used in the data collection.
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Visual inspection of Figure 7-9, which presents the final results for all the datasets, shows that
good results were achieved by the ground/non-ground classification algorithm. The final results
were consistent with the ds-index and si-index analysis presented above.

Hotel Alma TLS data

Hampton Hall TLS data

SGM data

MLS data

Figure 7-9 Final results of ground/non-ground classification of TLS, MLS, and SGM data
sets
The MLS data are presented in more detail in the following figures because the site is very large
so its results needed more space to be presented clearly. Figure 7-10 shows some false-positive
non-ground points circled in red. Detailed views of the areas in (d) and (e) indicate that these
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false positives could be due to some on-ground rough objects, such as dirt or debris because their
height was very close to ground, and they appear to be surrounded by other ground points which
would not have happened if they were real non-ground objects.

(a)

(b)

(c)

(d)

(e)

Figure 7-10 Analysis of the ground/non-ground classification results of the MLS data (part
1) showing: (a) overview, (b) enlarged view of the selected area in red, (c) identifying some
artefacts, (d) close-up view of Detail A, and (e) close-up view of Detail B.
A very similar problem is shown in Figure 7-11 to which similar reasoning could be applied as
well. It seems that the same reasoning explained above for the flaw in the previous part of the
site, i.e., the road pavement conditions could have caused that this part of the road is rougher
than the neighbouring parts. Figure 7-12 and Figure 7-13 show no problems in the classification
results of the presented sections of the data.
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(a)

(b)

(c)

(d)

(e)

Figure 7-11 Analysis of the ground/non-ground classification results of the MLS data
(part2) showing: (a) overview, (b) enlarged view of the selected area in red, (c) identifying
some artefacts, (d) close-up view of Detail A, and (e) close-up view of Detail B.

(a)

(b)

Figure 7-12 Analysis of the ground/non-ground classification results of the MLS data (part
3) showing: (a) overview and (b) enlarged view of the selected area in red.
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(a)

(b)

Figure 7-13 Analysis of the ground/non-ground classification results of the MLS data (part
4) showing: (a) overview and (b) enlarged view of the selected area in red.
Last part of the of the MLS data classification results is shown in Figure 7-14 below.

(a)

(b)

(c)

(d)

(e)

Figure 7-14 Analysis of the ground/non-ground classification results of the MLS data (part
5) showing: (a) overview, (b) enlarged view of the selected area in red, (c) the part that
needs more analysis (Detail A), (d) a cross -section through Detail A, and (e) a close-up view
of the cross-section through Detail A.
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Figure 7-14 shows that there was an edge of non-ground points that required more analysis to
determine whether it was a correct non-ground class. Part (e) of the figure presents a cross
section through Detail A, which shows that the classification was correct because the object
looks like a vertical structure that could be part of a curb that did not appear completely during
the data collection process for some reason. Detecting such details reflects the robustness of the
algorithm in classifying 3D point clouds into ground and non-ground groups. It also reflects the
validity of the neighbourhood-size threshold selection to estimate the ds-index, which was
chosen in this dissertation as (0.2m) based on the usual curb height.
Classification results of the five datasets examined in this dissertation showed the robustness of
the developed method for ground/non-ground classification. They also showed the validity of the
research hypothesis that ground and non-ground objects could be recognized and contrasted
according to their morphological attributes.
7.4 Building Recognition and Analysis
As discussed in Chapter Five, in order to recognize buildings, the data were passed to Module 2
of the algorithm to be characterized by labeling based on spatial clusters and dimensionality.
Then, they were passed to Module 3 to be initially classified based on sprawl, dominant
dimensionality, and dimensions. Final building recognition was done when the building
candidates were passed to Module 4, wherein they were finely examined based on their
dimensionality and size. This process was not applied completely on the ALS data which, after
leaving Module 2, were passed to a special building recognition algorithm developed for ALS
data only because ALS data does not have all the common morphological attributes of the other
data types in this dissertation. All the thresholds used in the building recognition process are
presented in the tables below.
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Table 7-6 presents a summary of the thresholds used in the data characterization process in
Module 2 of the algorithm along with justification for choosing them and when they are used.
Table 7-6 Summary of thresholds used for data characterization
Threshold name

Function

Neighbourhood

Establish a search

radius (r1)

neighbourhood for

Value

Justification

0.25m

Based on smallest detail of interest

0.25m

Based on smallest detail of interest

spatial clustering
Neighbourhood

Establish a search

radius (r2)

neighbourhood for
PCA

Dimensionality:

Identify planar

λ3 < 0.1 &&

Planar features spread in two directions

planar

neighbourhoods

λ1 – λ2 < 0.3

therefore one component should be
smaller than other two which should be
close to each other in value

Dimensionality:

Identify linear

λ3 < 0.1 &&

Linear features spread in one direction

linear

neighbourhoods

λ1 > (2 * λ2)

therefore one component should too
large compared to the other two which
should small in value

Dimensionality:

Otherwise

rough
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Table 7-7 presents a summary of thresholds used in the building recognition process of ALS data
along with the justifications for choosing them.
Table 7-7 Summary of thresholds used to recognize buildings in ALS data
Threshold name
Percentage to

Function
to classify points

Value
85%

measure majority according to

Justification
(Trial and error) to be moderately
conservative

dominant
dimensionality label
Horizontal

to filter clusters based Width ≥ 3.5m

dimensions

on size

Height

to filter clusters based ≥ 4m

Based on common minimum building

on their height above

height

Length ≥ 3.5m

Based on common minimum building
size

ground
Slope of the

To filter out non-building points that

Automatically determined based on

normal

were attached to the building’s cluster

histogram peak of slope of the normal

because their proximity to the building

values within cluster

Table 7-8 presents a summary of the thresholds used in the initial classification of TLS, MLS,
and SGM data along with justifications of choosing them.
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Table 7-8 Summary of thresholds used in initial classification of TLS, MLS, and SGM data
Threshold name

Function

Histogram bin

to compute sprawl

length

curve (histogram) to

Value
0.25m

Justification
Depend on smallest detail of
interest.

check points’ sprawl
along X,Y, and Z axes
No. of votes in

to count only

each bin of the

significant bins

10 points

No. of points expected to lay on
the smallest detail of interest

sprawl histogram
Percentage to

to classify points

85%

measure majority according to dominant

(Trial and error) to be
moderately conservative

dimensionality label
Buildings

to initially identify

Width ≥ 3.5m

Based on common minimum

dimensions

building candidates

Length ≥ 3.5m

building dimensions

Height ≥ 4m

thresholds
Cars dimensions

to initially identify car

2m ≥ Width ≥ 1.25m

Based on common car

thresholds

candidates

3m ≥ Length ≥ 1.75m

dimensions

2m ≥ Height ≥ 1.5m
Road inventory

to initially identify

9m ≥ Width ≥ 0.15m

Based on common road

dimensions

road inventory

9m ≥ Length ≥ 0.15m

inventory objects dimensions

thresholds

candidates

9m ≥ Height ≥ 1m
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Table 7-9 presents a summary of the thresholds used in the building analysis along with the
justifications for choosing them.
Table 7-9 Summary of thresholds used in building analysis
Threshold name

Function

Neighbourhood radius

Establish a

(r3)

neighbourhood to

Value
0.25m

Justification
Based on smallest detail
of interest

identify normal
vectors that point to
the same direction
∆ aspect

to decide if two

1.5ᵒ

Trial and error

1.5ᵒ

Trial and error

0.25m

Based on smallest detail

normal vectors have
the same direction or
not
∆ slope

to decide if two
normal vectors have
the same slope or not

α

to identify boundaries
using α-shape

of interest

algorithm
Window size

to recognize windows

2.5m ≥ Width ≥ 0.75m

Based on common

threshold

among other polygons

2.5m ≥ Length ≥ 0.75m

windows dimensions

Window’s centroid

to distinguish

Height > 3m

Based on common

height above ground

windows and doors

windows height above
ground

Design proportions

to detect the top-edge

1.61

of building façade
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The Golden Ratio

It should be noted, though, that the ALS data were not passed to the initial classification module
because it does not have the sprawl attribute, which is one of three common attributes used to
initially classify the input data to Module 3. As such, the ALS data were passed to a building
recognition algorithm that was specifically developed for this purpose as discussed in Chapter
Five. The remaining data types were processed using the same algorithm for all of them.
Therefore, the building recognition process in ALS data is discussed separately in the following
section.
7.4.1 Building Recognition in ALS Data
As described in Chapter Five, after removing ground, the ALS data were passed to Module 2 of
the comprehensive classification algorithm for data characterization by clustering it into discrete
groups and then estimating its dimensionality using PCA. The data then were passed to the
building recognition algorithm developed specifically for ALS data, wherein the data were
passed through three filters to exclude all the points that did not have the chosen building
morphological attributes as discussed in Chapter Three. The final output of the algorithm was the
recognized buildings.
Figure 7-15 (a) presents the characterized data, which include spatial clustering and
dimensionality estimation using PCA. The different colors in (a) represent different clusters,
however, several clusters have no color shading due to the large number of clusters, which made
the coloring scheme classes near to each other. The colors in (b) represent the different
dimensionality classes of points based on their neighbourhoods. Three categories are contrasted
in the figure: planar (blue), linear (red), and rough (green).
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(a)

(b)
Figure 7-15 Results of the ALS data characterization: (a) spatially clustered data (colored
according to groups) and (b) data classified according to dimensionality.
The results above are consistent with the final recognition results presented in Figure 7-16 (a).
All the recognized buildings were characterized well and were labeled as planar, which validated
the research hypothesis that the buildings were mainly comprised of planar patches. Figure 7-16
(b) presents the unclassified points, which include all the non-building points in addition to the
non-planar points within the clusters that passed through the three filters in the algorithm.
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(a)

(b)

(c)
Figure 7-16 Final building recognition results of ALS data: (a) final recognized buildings,
(b) unclassified points., and (c) points excluded from building candidates due to their
normal slope.
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Figure 7-16 (c) depicts the points (yellow) that were removed from the building candidate
clusters due to inconsistency of their normal vector slope with the prevailing normal vector slope
of the cluster. Although these points could be parts of the buildings, excluding them increased
the accuracy of the recognition process because they could have persisted as flaws in the final
recognized buildings and then affected the following processing steps conducted later on the
buildings by other applications, such as 3D modeling.
7.4.1.1 Quantitative and Qualitative Evaluation of the Results
The building recognition process in this dissertation was quantitatively evaluated using the
following widely used equations:
𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑛𝑒𝑠𝑠 =

𝑇𝑃
….Equ.(1)
𝑇𝑃 + 𝐹𝑁

𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 =

𝑇𝑃
….Equ.(2)
𝑇𝑃 + 𝐹𝑃

𝑄=

𝑇𝑃
….Equ.(3)
𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃

Where:
completeness: the measure of the completeness of the recognized objects, which is the
percentage of correctly recognized objects relative to the total number of existing
objects.
correctness: the measure of the accuracy of the algorithm, which is the percentage of correctly
recognized objects relative to total number of recognized objects.
𝑇𝑃: True positive
𝐹𝑃: False positive
𝐹𝑁: False negative

131

𝑄: Overall quality

Table 7-10 presents the quantitative evaluation of the building recognition results in ALS data. It
shows that the algorithm was successful in recognizing all the buildings in the data with
completeness and correctness percentages of 100% as well as for the overall quality. Also
comparing the total number of points in the building class to the total points in the non-ground
class revealed that the developed algorithm successfully classified 70% of the non-ground points.
Table 7-10 Quantitative evaluation of the building recognition results of the ALS data
Ground truth
Buildings

10

True positive
10

False-positive
0

False-negative
0

It should be pointed out that the above quantitative evaluation was applied at the recognized
object level rather than the point level. Evaluation at the point level can be more challenging
because of the difficulty of reviewing vast numbers of points individually. As such, the
qualitative evaluation of the building recognition results in the ALS data revealed that there were
false positive points in the results as shown in Figure 7-17 (a). These points could be planar
points that accidently had normal vectors with a slope that was consistent with the dominant
slope of the normal vectors in the building candidate cluster. The unclassified points group
included false negative points as well as shown in Figure 7-17 (b), which could be the non-planar
points there were excluded from the building candidate clusters during the recognition process.
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(a)

(b)

Figure 7-17 Qualitative evaluation of building recognition in ALS data: (a) false positive
points as indicated by ellipses and (b) false negative points as indicated by arrows.
7.4.2 Building Recognition in TLS, MLS, and SGM Data
This section presents the results of the building recognition and analysis in the TLS, MLS, and
SGM datasets. As was discussed in Chapter Four, the buildings and other objects of interest in
this dissertation had three common morphological attributes (i.e., sprawl, dimensionality, and
dimensions) that were used as the basis to develop the initial classification algorithm of Module
3 of the comprehensive classification algorithm developed in this dissertation. Once ground was
removed from the scene in Module 1, the remaining data were passed to Module 2 for data
characterization and then to Module 3 for initial classification. Figures 7-18, 7-19, 7-20, and 7-21
present the characterized data for each of the datasets. The colors in Figures 7-18 (a), 7-19 (a),
7-20 (a), and 7-21 (a) represent different clusters; however, due to the large number of clusters in
each dataset, the colors could sometimes looked similar to each other. Figures 7-18 (b), 7-19 (b),
7-20 (b), and 7-21 (b) present the dimensionality-based classified data which is represented in
the figures by three colors as shown in the legends within the figures.
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(a)

(b)

Figure 7-18 Characterized data of the Hotel Alma TLS dataset: (a) clustered data wherein
different colors represent different clusters and (b) dimensionality-based classified data.

(a)

(b)

Figure 7-19 Characterized data of the Hampton Hall TLS dataset: (a) clustered data
wherein different colors represent different clusters and (b) dimensionality-based classified
data
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(a)

(b)

Figure 7-20 Characterized MLS dataset: (a) clustered data wherein each color represents a
different cluster and (b) dimensionality-based classified data.

(a)

(b)

Figure 7-21 Characterized SGM data: (a) clustered data wherein different colors represent
different clusters and (b) dimensionality-based classified data.
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The output data from Module 2 was characterized by two labels: cluster id and dimensionality
class id (i.e., planar, linear, or rough). These labels are essential for the next processing steps in
Modules 3 and 4. It can be noted clearly in the figures above that each cluster could have more
than one class of dimensionality; therefore, characterization was not enough on its own to
recognize different objects in the data. Hence, more clues were needed about the different objects
in the data in order to achieve more accurate classification while keeping the integrity of the
objects, i.e., avoiding fragmentation of objects by misclassification. As such, the characterized
clusters are input to Module 3 for initial classification, wherein the process begins with
classifying clusters into mainly vertical and horizontal clusters using the algorithm described in
Chapter Four. Figure 7-22 presents the classified clusters into vertical, horizontal, and volumetric
in each of the experimented datasets. Yellow represents the volumetric clusters and violet
represents the mainly vertical clusters. It can be clearly seen that the objects which extended on
all three Cartesian axes were classified as volumetric, and clusters that extend mainly on the X
and Y or either one of the X and Y axes were classified as horizontal. On the other hand, objects
that extended mainly on the Z axis or mainly on two axes with Z as one of them were classified
as vertical. All the clusters within the SGM dataset were classified as volumetric because all the
clusters sprawled on all three Cartesian axes. It also can be noted in all of the presented results in
the figure that buildings sometimes were classified as volumetric and at other times as vertical,
while other objects such as trees and poles were almost always classified as vertical. Figure 7-23
presents an example, which is a close-up view of the Hotel Alma TLS data classification results.
It can be clearly seen that the trees were classified as vertical clusters in Figure 7-23 (b) and that
the traffic signs in Figure 7-23 (c) were classified as vertical as well.
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Hotel Alma TLS data

Hampton Hall TLS data

MLS data

SGM data

Figure 7-22 Classified clusters into horizontal (brown), vertical (violet), and volumetric
(yellow) in each of the datasets
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(a)

(b)

(c)

Figure 7-23 Detailed view of Hotel Alma TLS data classification into horizontal and
vertical clusters: (a) overview,(b) Detail A: close-up view to the center of the data showing
trees classified as vertical clusters, and (c) Detail B: close-up view to the center of Detail A
showing traffic signs classified as vertical clusters
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Based on the building hypothesis described in Chapter Five, a cluster was classified as a building
candidate if it was mainly a planar cluster that sprawled vertically or volumetrically and passed
the dimensions thresholds as depicted in Table 7-8. Figure 7-24 presents the building candidate
in all of the datasets. The white color in Figure 7-24 (c) represents the MLS trajectory.

(a)

(b)

(c)

(d)

Figure 7-24 Building candidates in: (a) Hotel Alma TLS dataset, (b) Hampton Hall TLS
dataset, (c) MLS dataset, and (d) SGM dataset.
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The building candidates were passed to Module 4 to finely investigate them and accurately
recognize the buildings as described in Chapter Five. Figure 7-25 presents the finally-recognized
buildings in blue and the points that were classified as non-building in Module 4 in pink.

(a)

(b)

(c)

(d)

Figure 7-25 Output of Module 4 showing final recognized buildings in blue and nonbuilding points in pink: (a) Hotel Alma TLS dataset, (b) Hampton Hall TLS dataset, (c)
MLS dataset, and (d) SGM dataset.
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7.4.2.1 Qualitative Evaluation of Building Recognition
Visual inspection of the final building recognition results depicted in Figure 7-25 revealed that
the developed algorithm was successful in recognizing most of the buildings in the datasets. It
was also successful in excluding most of the points that were grouped within building clusters
because they passed the distance threshold during the spatial clustering process. However, for the
Hampton Hall dataset presented in Figure 7-25 (b) the results had one false-positive
classification as shown in more detail in Figure 7-26, which could have occurred because that
cluster had passed the building dimensions thresholds.

Figure 7-26 Detailed view of Hampton Hall dataset building recognition results showing a
false-positive building recognized (circled in yellow).
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Inspecting the unclassified points revealed that there were several building portions that had not
been classified as buildings, especially in the two TLS datasets and the MLS dataset, which was
likely due to these buildings being fragmented during the spatial clustering process because
severe occlusions prevented them from being in one cluster large enough to be classified as a
building. Another reason could be that because they were fragmented in multiple small clusters,
they did not have enough planar-labeled points to fulfill the building hypothesis. Examples are
presented in Figure 7-27 (a), (b), and (c).

(a)

(b)

(c)
Figure 7-27 Examples of misclassified clusters in (a) Hotel Alma TLS dataset, (b) Hampton
Hall TLS dataset, and (c) MLS dataset.
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The unclassified points of the SGM dataset did not show misclassification; however, parts of one
of the buildings that were clustered as separate small clusters did not fulfill the building
hypothesis nor were the clusters kept as part of the original building because they were
fragmented during the spatial clustering process as shown in Figure 7-28.

Figure 7-28 Red-circled clusters are parts of one building that could not be classified
because of their size nor were they kept as part of the original building because they were
fragmented.
7.4.2.2 Quantitative Evaluation of Building Recognition
Equations (1), (2), and (3) presented earlier in this chapter were used to evaluate the performance
of the building recognition algorithm, which was tested using the TLS, MLS, and SGM datasets.
Table 7-11 shows the evaluation of the recognition results wherein the ground truth and all other
fields of the table were obtained by manually counting all the clusters that were either recognized
as one complete building by human operator or recognized as parts of buildings. Based on the
table, the building recognition algorithm scored very well in correctness, which ranged between
(0.86) and (1) for all the different datasets that were used to test the algorithm. This reflects the
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high accuracy of the algorithm and its consistency when tested by different datasets that were
obtained from different sensors. This also reflects the consistency of the classification thresholds
and their invariance with different datasets and different sensors. However, the completeness
score fluctuated among the different datasets from as low as (0.33) to as high as (1). This is due
to the imperfection of the data itself because the completeness scores as high as (1) in the MLS
and SGM datasets wherein the buildings were less occluded as much as in the two TLS datasets.
Table 7-11 Quantitative evaluation of the performance of building recognition algorithm
tested by TLS, MLS, and SGM data
Dataset

Ground

TP

FP

FN

Completeness Correctness

Q

Truth
Hotel Alma TLS

6

3

0

3

0.50

1

0.50

Hampton Hall

13

6

1

7

0.46

0.86

0.43

MLS

10

8

0

2

0.8

1

0.8

SGM

7

7

0

0

1

1

1

TLS

The overall qualitative and quantitative evaluation of the building recognition algorithm
confirmed the stability and consistency of the algorithm and the invariance of the classification
thresholds with different datasets and different sensors.
7.4.3 Experimental Results of Façade Detection
Detecting different façades in each building is important for environmental modeling, e.g., wind
flow and heat transfer modeling as well as for window detection, which is another object of
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interest in this dissertation. The different façades of each building were detected using a regiongrowing-based segmentation algorithm as described in Chapter Five. Figures 7-29, 7-30, 7-31,
and 7-32 show the final detected façades in the datasets.

(a)

(b)

Figure 7-29 Detected facade in Hotel Alma TLS data: (a) overview of the site, (b) a close-up
view showing the details of the area within the yellow rectangle.

(a)
(b)
Figure 7-30 Detected facade in the Hampton Hall TLS data: (a) overview of the site, (b) a
close-up view showing the details of the area surrounded by the yellow rectangle.
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(a)

(b)

Figure 7-31 Detected facades in the MLS data: (a) overview of the site, (b) a close-up view
showing the details of the area within the yellow rectangle.

(a)

(b)

Figure 7-32 Detected facades in the SGM data: (a) overview of the site and (b) a close-up
view showing the details of the area surrounded by the yellow rectangle.
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All the points in red in the detailed figures above represent false-negative façade points which
were not detected as façades by the algorithm because they could not pass the size threshold
during the segmentation process. It should be noted that these points passed the distance
threshold used in the very beginning of the algorithm in Module 2 (data characterization) and
they were successfully classified as building points. However, the region-growing process in the
façade detection algorithm is based also on normal vector attributes. As such, although these
points were spatially connected, the normal vectors at each point must have different attributes
so they could not be grouped together, which explains why these points were fragmented during
the façade detection process.
7.4.3.1 Quantitative Evaluation of the Façade Detection Results
Quantitative evaluation is based on Equations (1), (2), and (3) described earlier in this chapter.
Table 7-12 shows the evaluation process wherein the values in the ground truth, TP, FP, and FN
columns of the table were obtained by manually counting the façades of each building.
Table 7-12 Quantitative evaluation of building facade detection results
Dataset

Ground

TP

FP

FN

Completeness Correctness

Q

truth
Hotel Alma TLS

9

8

0

1

0.89

1

0.89

Hampton Hall

40

36

0

4

0.90

1

0.90

MLS

23

22

0

1

0.96

1

0.96

SGM

24

22

0

2

0.92

1

0.92

TLS
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The quantitative evaluation of the façade detection algorithm presented in the table above shows
that the algorithm scored very high in accuracy as well as in completeness of the detection
process. It also can be seen clearly that the algorithm exhibited high consistency when tested
using different datasets from different sensors. The algorithm did very well when tested with the
SGM dataset for which it scored (0.96) in overall quality because the tested SGM dataset had
less data imperfections than the other datasets.
7.4.4 Experimental Results of Window Recognition
Windows are hypothesised in this dissertation as holes in the data because a laser beam can
penetrate the windows glass and thus does not record a reflection back to the scanner encoder.
Exceptions happen when reflections come back to the scanner from furniture, ceiling, and/or
floor. Therefore, the performance of the window recognition algorithm was tested with the TLS
and MLS datasets only because the SGM point clouds were generated from imagery pixels
which are normally available on window glass. Therefore, the windows are not holes in SGM
data.
Figures 7-33, 7-34, and 7-35 present the final detected windows in the datasets with descriptions
for several cases where the window recognition was imperfect mainly due to data imperfections
because of occlusions, decreasing point density, and/or reflections from behind the window
glass. Visual inspection of the figures below reveals that the window recognition algorithm
worked very well when the holes were detected perfectly, which means it is highly dependent on
the holes boundary detection process. Therefore, it requires high-quality data with very good
point density distribution and less-occlusion as well as fewer reflections from behind the glass.
While the density and occlusions issues were handled, especially in stationary TLS data, the
reflections from behind the glass could not be controlled easily especially if the reflections were
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very close to the windows, such as reflections from curtains. Therefore, such issues could limit
the window recognition algorithm developed in this dissertation. A quantitative evaluation of the
algorithm’s performance is provided in the next section.

(a) Overview

(b) Detail A

(c) Detail B

(d) Detail C

Figure 7-33 Recognized windows in the Hotel Alma TLS data: (a) overview, (b) shows that
some windows on the upper edge of the figure are merged because the middle bars are
nonexistent in the data, (c) shows no windows were recognized because no holes were
detected in the middle part of the figure, and (d) shows an example of windows that were
affected by data imperfections because of occlusions.
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(a) Overview

(b) Detail A

(c) Detail B

(d) Detail C

Figure 7-34 Recognized windows in Hampton Hall TLS data: (a) overview, (b) a close-up
showing no windows could be recognized in the lower part of the figure because no
boundary polygons were detected, (c) shows that window recognition could be affected by
reflections from behind the glass which affected the perfection of hole detection, and (d)
shows successfully recognized windows thanks to perfectly detected holes.
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(a) Overview

(b) Detail A

(d) Detail C

(e) Detail D

(c) Detail B

(f) Detail E

Figure 7-35 Recognized windows in the MLS data: (a) overview, (b) shows perfectly
recognized windows due to perfectly detected holes, (c) shows that window size could be
affected by data imperfections due to decreasing point density, (d) shows that no windows
could be detected because no polygons were detected due to reflections from behind the
window glass and the occlusions in the data, and (e) a close-up view showing how the
window size was affected by the imperfections in the data and one of the windows could not
be recognized because no polygon was detected due to reflections from behind the glass.
7.4.4.1 Quantitative Evaluation of Window Recognition Algorithm
Table 7-13 presents the quantitative evaluation of the performance of the window recognition
algorithm as evaluated using Equations (1), (2), and (3) described earlier in this chapter. The
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values for the ground truth, TP, FP, and FN columns of the table were counted manually from
the collected data based on human operator recognition.
Table 7-13 Quantitative evaluation of window recognition algorithm
Dataset

Ground

TP

FP

FN

Completeness

Correctness

Q

truth
Hotel Alma TLS Data

168

152

2

16

0.90

0.99

0.89

Hampton Hall TLS Data

368

265

30

103

0.72

0.90

0.89

MLS Data

159

91

0

25

0.78

1

0.78

The overall evaluation showed that the algorithm worked consistently well when tested with
different datasets coming from different sensors. The average overall quality of (0.85) confirmed
the very good performance of the algorithm. The correctness average of (0.96) was also
excellent, which confirmed the validity of the hypothesis and the stability of the dimension
thresholds. However, the completeness scores were less than the correctness scores because of
imperfections in the data. The high dependency of the algorithm on the hole detection process
affected the completeness and showed the limitation of the algorithm in recognizing windows
when 1) point density is irregular in the data, 2) occlusions are present in the data, and 3) a high
amount of reflections from behind the window glass.
7.4.5 Information Extraction and 3D Digital Building Modeling
One of the important applications of the classification algorithm in this dissertation is to use it as
a tool to provide information that is required for urban environmental design. As described in
Chapter Five, the extracted information for each building façade includes direction with respect
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to true north (azimuth), dimensions, number of windows, and openness ratio. 3D digital models
for buildings of interest in each dataset were generated also by updating the existing GIS layers
of the buildings. In order to estimate the dimensions of each façade and the openness ratio, the
façade frames, which are the bounding polygons, need to be detected. The top-edge of each
façade also needs to be detected because it is required for updating GIS layers as described in
Chapter Five. Figures 7-36 and 7-37 present the detected façade frames and the top view of the
top-edges of each façade in each dataset.

(a)

(b)

(c)

(d)

Figure 7-36 Detected facade frame in: (a) Hotel Alma TLS data, (b) Hampton Hall TLS
data, (c) MLS data, and (d) SGM data
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(a)

(b)

(c)

(d)

Figure 7-37 Top view of facade top-edges for each facade in: (a) Hotel Alma TLS data, (b)
Hampton Hall TLS data, (c) MLS data, and SGM data

Information extraction was done only for the buildings that were mostly complete in the datasets,
i.e., buildings that were mostly covered during the data collection. It should be noted that the
number of windows and the openness ratio were estimated based on the recognized windows.
Since there was a discrepancy between the number of extracted windows and the ground truth as
shown above in the evaluation discussion, the openness ratio accuracy was affected accordingly.
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It also should be noted that since building façades are two-dimensional objects, there is no width
(depth) to be estimated. The extracted information and the 3D modeling of each dataset are
presented below:
7.4.5.1 Hotel Alma TLS Data
The Hotel Alma was the most complete building in this dataset; therefore, information extraction
was done for this building only as depicted in Table 7-14.
Table 7-14 Extracted information of Hotel Alma Building
Dimensions (m)
Façade

Azimuth

Length

Width

Height

No. of

Openness

Windows

Ratio

1

107.3ᵒ

40.42

-

22.52

94

31%

2

99.1

30.06

-

22.39

50

22%

3

41.7

20.93

-

6.51

6

13%

Figure 7-38 3D DBM of Hotel Alma Building
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7.4.5.2 Hampton Hall TLS Data
Table 7-15 presents the information extracted for Hampton Hall, which was the most complete
building in this dataset.
Table 7-15 Extracted information for Hampton Hall Building
Dimensions (m)
Façade

Azimuth

Length

Width

Height

No. of

Openness

Windows

Ratio

1

18.0

-

24.59

26

9%

2

16.3

-

20.82

4

2%

3

17.82

-

15.10

7

4%

4

26.34

-

14.69

8

3%

5

17.96

-

16.18

6

3%

6

11.55

-

16.10

10

8%

7

35.03

-

15.11

29

8%

8

1.15

-

14.86

0

0

9

17.75

-

14.90

8

5%

10

1.18

-

14.82

0

0

11

34.96

-

15.00

22

6%

12

53.96

-

15.04

38

7%

13

18.16

-

15.04

14

8%

14

15.18

-

15.61

4

3%

15

16.77

-

7.17

0

0

16

5.86

-

7.17

0

0

17

15.28

-

7.34

0

0

18

10.24

-

8.39

0

0

19

17.03

-

13.43

12

8%

20

9.73

-

19.40

6

5%

21

11.51

-

9.01

0

0
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7.4.5.3 UAV-based SGM Dataset
As was mentioned earlier in this chapter, no windows were recognized in this dataset and all the
buildings were mostly complete; therefore, information was extracted for all of them as depicted
in Table 7-16.
Table 7-16 Extracted information for all buildings in the SGM dataset
Dimensions (m)
Building
1

2

3

4

5
6

7

Façade

Azimuth

Length

Width

Height

1

90

15.34

-

17.84

2

0

31.09

-

18.09

1

270

34.02

-

18.20

2

90

30.95

-

17.16

3

0

30.03

-

18.42

1

180

11.15

-

16.80

2

270

55.64

-

17.5

1

180

30.41

-

17.66

2

270

30.93

-

18.74

3

0

30.95

-

18.20

4

90

30.94

-

18.74

1

180

32.42

-

19.87

1

180

38.06

-

18.99

2

90

15.58

-

16.63

1

90

69.91

-

20.47

2

180

19.89

-

18.03
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Figure 7-39 3D DBM of the buildings within the SGM dataset
7.4.6 Wind Flow Analysis around Buildings Using the Extracted Information and the 3D
DBM- Exemplary Application
Wind flow analysis is one of the important analyses usually conducted to evaluate the
environmental quality of urban spaces and to find solutions to mitigate any problems in the
ventilation or air circulation in the studied urban space. Air flow simulation is the most common
method to analyze wind flow around buildings using meteorological data of the area and 3D
model of the building or buildings of interest. The analysis also requires the dimensions of
buildings as well as the azimuth of each façade to calibrate the model. This section provides a
description of an exemplary application of the extracted information in this dissertation along
with the generated 3D models of the buildings in the SGM dataset to simulate wind flow around
those buildings. The simulation was implemented by the Center for Design Research Lab at
Kansas University using Star CCM+® software (http://www.cd-adapco.com/products/starccm%C2%AE). The analysis was conducted on different elevations (0.5 m, 5.0 m, and 10.0 m)
measured from the base of the buildings. Figures 7-40 and 7-41 show the results of the analysis
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wherein the colors represent the wind velocity: red represents the highest velocity and blue
represent the lowest.

(a)

(b)

Figure 7-40 Wind flow simulation on 0.5 m height: (a) isometric view and (b) top view.
Prevailing winds blow from south-west to north-east, therefore the air velocity in the above
figures is higher around the buildings in the bottom of the figure because they face the wind
current directly. The velocity is lower in the shadow of the wind around the buildings in the top
of the figure wherein the wind is obstructed by all the buildings in the front before it hits those
buildings. It also should be noted that the air velocity is higher between the buildings in general
because of the high aspect ratio2, which causes the wind thrust effect.

2

Aspect ratio is the ratio of building height to the width of the space (e.g., street) between buildings.
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(a)

(b)

(c)

(d)

Figure 7-41 Wind flow simulation on 5.0m and 10.0m height: (a) and (c) are isometric
views and (b) and (d) are top views.
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7.5 Experimental Results of Car Recognition
The car hypotheses were very similar to the building hypothesis except that cars are smaller in
size. Therefore, a similar algorithm was used to recognize cars in the datasets. Only small
passenger cars were targeted by the car recognition algorithm in this dissertation. Figures 7-42,
7-43, 7-44, 7-45, and 7-46 present the characterized and classified cars in each of the datasets.

(a)

(b)

(c)

(d)

Figure 7-42 Car recognition in Hotel Alma TLS dataset: (a) overview of the site, (b)
clusters are characterized as mainly planar, (c) clusters sprawl horizontally, and (d)
recognized cars are in orange and unrecognized cars are in white.
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(a)

(b)

(c)

(d)

Figure 7-43 Car recognition in Hampton Hall TLS dataset: (a) overview of the site, (b) the
only car in the dataset was characterized as a mainly planar cluster, (c) the cluster sprawl
horizontally, and (d) recognized car is in orange.
Because of its large size, the MLS dataset is shown part by part in the following figures.
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(a)

(b)

(b)

(c)

Figure 7-44 Cars as they appear in the characterized MLS data. (a) presents overview of
the site and boundaries of different parts which are indicated by the different colors boxes
and shown in more detail in parts (b), (c), and (d) wherein cars appear to be characterized
as mainly planar clusters
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(a)

(b)

(c)

(d)

Figure 7-45 Cars appear as horizontal clusters in the MLS data. (a) overview of the site.
(b), (c), and (d) present detailed view as indicated by the colored boxes in (a)
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(a)

(b)

(c)

(d)

Figure 7-46 Car recognition in SGM dataset. (a) overview of the site. (b) cars are
characterized as mainly planar clusters. (c) cars sprawl horizontally. (d) recognized cars in
orange and unrecognized cars in white
7.5.1 Qualitative Evaluation of Car Recognition
As stated above, the performance of the car recognition algorithm was tested using the TLS,
MLS, and SGM datasets. The results presented in the figures above show that the algorithm
successfully recognized most of the cars in the datasets. However, several unrecognized cars can
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be seen in the Hotel Alma TLS dataset in Figure 7-42 (d) and in the SGM datasets in Figure 7-46
(d) as well as in the MLS data, which is detailed below. The clusters that the algorithm was
unable to identify as cars were either mainly characterized as linear/cylindrical clusters or they
did not pass the dimension thresholds as shown in Figure 7-47.

(a)

(b)

(c)
Figure 7-47 Investigation of the unrecognized cars; (a) clusters are either mainly nonplanar as in the top and the right of the figure or small in size as in the left of the figure. (b)
close-up view of the circled part of Figure 7-45 (a) showing the clusters are mainly
linear/cylindrical. (c) clusters larger in the size because more than one car grouped in one
cluster as in the left-top part of the figure or the car size is larger than threshold as in the
top of the figure
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7.5.2 Quantitative Evaluation of the Car Recognition Algorithm
Table 7-17 presents the quantitative evaluation of the performance of the car recognition
algorithm, which was tested using the TLS, MLS, and SGM datasets as described above.
Table 7-17 Quantitative Evaluation of the car recognition algorithm
Ground
Dataset

truth

TP

FP

FN

Completeness

Correctness

Q

Hotel Alma TLS Data

13

9

0

4

0.69

1

0.69

Hampton Hall TLS Data

1

1

0

0

1

1

1

MLS Data

29

27

0

2

0.93

1

0.93

SGM Data

18

13

0

5

0.72

1

0.72

A very high correctness value of (1) reflected the stability of the algorithm when tested by
different datasets. It also reflected the validity of the thresholds and their consistency with
different datasets that were from different sensor types. A completeness average of (0.78) also
reflected the good performance of the algorithm; however, it was still less than the correctness
score due to imperfections in the Hotel Alma TLS dataset and the SGM dataset. The situation of
the parked cars also played a role in the recognition quality, i.e., car recognition was more
challenging in the parking lots in the Hotel Alma TLS data, wherein the cars occluded each
other. Street-side parking, as in the MLS data, on the other hand, was less challenging because
the cars are usually parked in a row parallel to the street, which lessens the chances of
occlusions. Another factor was the type of the sensor, i.e., in case of TLS, point density could get
lower when the distance get father from the scanner position. Although this is still true in case of
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MLS, street-side-parked cars could be less affected because they usually close to the mobile
platform where the scanner mounted. Other factors could be added in case of UAV-based SGM
data such as flying height, camera resolution, and the lighting conditions which affect the SGM
point cloud generation algorithm.
7.6 Experimental Results of Road Inventory Recognition
As mentioned in Chapter Six, the road inventory classification included poles, traffic signs,
overhanging traffic signals, and powerlines. They were hypothesized as mainly linear/cylindrical
clusters that sprawl mainly on the vertical direction, with the exception of overhanging traffic
signals, and powerlines, which mainly sprawl horizontally. It should be noted that no road
inventory objects were found in the SGM data; therefore, the presented results below are for the
TLS and MLS datasets only. Figures 7-48, 7-49, 7-50, and 7-51 present the initially classified
road inventory objects and show their main sprawl. The figures also present the finally
recognized road inventory objects classified according to their types as defined in this
dissertation.

(a)

(b)

(c)

Figure 7-48 Road inventory (traffic signs) near Hotel Alma: (a) overview of the site; details
within the red box include (b) traffic signs hypothesized to sprawl vertically in the
Cartesian space (violet) and (c) successfully recognized traffic signs (orange).
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(a)

(b)

(c)
Figure 7-49 Road inventory recognition in Hampton Hall TLS data: (a) all clusters sprawl
vertically (violet), (b) overview of the successfully recognized road inventory objects, (c)
close-up view of the area within the red box to show the recognized objects (orange) more
clearly

Because of the large size of the site, the results of the MLS dataset are presented in more detail
below.
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(a)

(b)

(c)

(d)

Figure 7-50 Classification of the clusters according to their sprawl into horizontal (yellow)
and vertical (violet): (a) overview of the site and (b), (c), and (d) are close-up views for the
areas surrounded by boxes in (a).
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(a)

(b)

(c)

(d)

Figure 7-51 Recognized road inventory objects in the MLS dataset: (a) overview of the site
and (b), (c), and (d) are close-up views for the areas within the colored boxes in (a).
Figure 7-52 presents the final results of the recognized powerlines (yellow) which were found in
the MLS data only. As described in Chapter six, powerlines recognition depends on the poles
recognition because they were hypothesized in this dissertation as horizontally sprawled
linear/cylindrical features that are connected to a pole at least from one side.
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(a)

(b)

Figure 7-52 Recognized powerlines found in the MLS data only: (a) classification according
to sprawl where yellow is horizontal and violet is vertical and (b) final classified powerlines
(yellow)

7.6.1 Qualitative Evaluation of the Road Inventory Recognition
Visual inspection of the road inventory recognition results indicates very good performance of
the algorithm when tested with the TLS and MLS datasets. The algorithm was able to distinguish
four types of road inventory objects (poles, traffic signs, overhanging traffic signals, and
powerlines). However, several false-negative classifications were found in the Hampton Hall
TLS dataset, wherein three lighting poles could not be recognized by the algorithm due to their
special design. The poles are attached to a fence instead of the ground, which was contrary to the
poles hypothesis that was adopted in this dissertation that the poles were attached to the ground.
Also, they were not mainly characterized as linear/cylindrical clusters as shown in Figure 7-53,
which is contrary to the poles hypothesis as well.
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(a)

(b)

Figure 7-53 Misclassified poles in Hampton Hall TLS data: (a) their location within the
dataset and (b) close-up view showing the characterization of the poles and their placement
with respect to the building.
Inspecting the unrecognized class within the results of testing the algorithm with MLS data
showed that there were several poles that could not be recognized by the algorithm because they
were occluded by congested trees as shown in Figure 7-54. Occlusions affect the spatial
clustering process, which is the first step of the data characterization algorithm in Module 2.
When objects are congested in space, they become very close to each other so that most of points
pass the distance threshold and the clusters overgrow into larger regions, hence different objects
could not be recognized. This also affected the accuracy of the powerlines recognition because
their recognition depends on the poles identification. It can be seen in Figure 7-54 that many
powerlines were unclassified either because they were clustered with other objects or because
they were not connected to a pole.
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Figure 7-54 Unrecognized class (pink color) within the experimental results of MLS data
showing misclassified poles because they are very close to trees.
7.6.2 Quantitative Evaluation of the Road Inventory Recognition
Quantitative evaluation of the performance of the road inventory recognition algorithm is
presented in Table 7-18. The objects were counted manually based on human operator
recognition using the original dataset. Only traffic signs and poles were present in the Hotel
Alma and Hampton Hall TLS datasets, respectively; therefore there was no evaluation for the
other classes shown in the table below.
TLS data usually cover smaller areas than MLS data; therefore, it is normal that not all of the
classes were present in the Hotel Alma and Hampton Hall TLS datasets. The algorithm
performed very well in both datasets; however, there was less completeness in the Hampton Hall
data than in the Hotel Alma data because of the uncommon design of the lighting poles present
in the Hampton Hall dataset as described in the previous section of this chapter. The results of
the MLS dataset experiment show a good overall performance of the algorithm. The false-
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negative classification of the poles was mainly due to the closeness of the poles with trees,
causing overgrowing regions. As stated in the previous section, this also affected the
completeness of the powerlines recognition which scored (0.15). However, correctness score was
very high (1) which indicates the validity of the hypotheses and robustness of the algorithm in
one hand, and its dependency on the data quality on the other hand.
Table 7-18 Quantitative evaluation of road inventory recognition
Ground
Dataset

Hotel Alma TLS

Class

truth

TP

FP

FN

Completeness

Correctness

Q

1

1

1

0.75

0.90

0.69

Poles

0

0

0

0

Traffic

3

3

0

0

0

0

0

0

Poles

12

9

1

3

Traffic

0

0

0

0

0

0

0

0

Poles

29

25

0

4

0.86

1

0.86

Traffic

20

19

0

1

0.95

1

0.95

7

7

0

0

1

1

1

4

0

23

0.15

1

0.15

signs
Traffic
signals

Hampton Hall
TLS

signs
Traffic
signals

MLS Data

signs
Traffic
signals
powerlines 27
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7.7 Experimental Results of Tree Recognition
The performance of the trees recognition algorithm was tested using the two TLS and the MLS
datasets only since the SGM data did not include trees. The datasets were classified into
individual trees, canopies, and bushes using the algorithm described in Chapter Six. Table 7-19
presents summary of the thresholds used in the algorithm.
Table 7-19 Summary of the thresholds used to recognize individual trees, canopies, and bushes
Threshold name
Neighbourhood
radius (r)

Dimensions (1)

Dimensions (2)

∆Z to ground

Connectivity to
ground

Function
To establish a
neighbourhood for
distance-based
connectivity analysis
To classify the rough
class within a tree
candidate cluster into
canopy and bushes or
unrecognized
To classify the
linear/cylindrical class
within a tree candidate
cluster as trunk or
unrecognized
To check the height of
a cluster from ground
to classify it into
canopy or bushes
To check if a
linear/cylindrical
group within a cluster
connected to ground
or not to decide if it is
a trunk or not

Value
0.25 m

Justification
Based on possible shortest
tree branch

5m ≥ Width ≥ 1.5m
5m ≥ Length ≥ 1.5m
5m ≥ Height ≥ 1.5m

Based on possible tree
canopy dimensions

0.5m ≥ Width ≥ 0.5m
0.5m ≥ Length ≥ 0.5m
Height ≥ 1.0m

Based on possible tree trunk
dimensions

≥ 1.0m

Based on possible height of a
bush

≤ 0.25m

A reasonable estimate of a
possible gap in the data that
might be caused by an
occlusion at the base of a tree

Figure 7-55 presents the intermediate results of the tree classification process for the Hotel Alma
and Hampton Hall TLS datasets showing the dimensionality-based classification and the sprawl176

based classification. Tree canopies are shown in green because they are classified as rough
points, while trunks and branches are in red because they are classified as linear/cylindrical
features. In terms of sprawl, the trees appear in violet because they are classified as vertical
objects while canopies and bushes appear in yellow because they are classified as horizontal.

(a)

(b)

(c)

(d)

Figure 7-55 Intermediate results of the tree classification process of the Hotel Alma and
Hampton Hall TLS datasets: (a) and (c) show the dimensionality-based classification and
(b) and (d) show the sprawl-based classification.
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Figure 7-56 depicts the intermediate results of the tree classification in the MLS dataset
according to dimensionality and sprawl.

(a)

(b)

(c)
Figure 7-56 Intermediate results of tree classification in the MLS data: (a) overview of the
site, (b) dimensionality-based classification and (c) sprawl-based classification.
7.7.1 Qualitative Evaluation of Tree Classification
Visual inspection of the final results of tree classification in all the tested datasets, which are
presented in Figure 7-57, revealed that the algorithm performed very well. The intermediate
results were consistent with the final results, which confirmed the validity of the tree hypothesis
proposed in the dissertation. They also reflect the consistency and validity of the suggested
thresholds as sound bases for the classification process. The Hotel Alma and Hampton Hall TLS
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datasets did not show canopies while the MLS dataset did not show bushes. Much of the
canopies in the MLS data were not recognizable by the algorithm due to the large masses of
neighbouring trees that made the canopies appear to be connected to each other in large groups
that could not pass the dimensions thresholds.

(a)

(b)

(c)
Figure 7-57 Final tree classification results in (a) Hotel Alma TLS data, (b) Hampton Hall
TLS data, and (c) MLS data
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7.7.2 Quantitative Evaluation of Tree Classification
Quantitative evaluation of the algorithm’s performance in recognizing the three classes of trees
defined in this dissertation, i.e., individual trees, canopies, and bushes, was conducted using
Equations (1), (2), and (3) described earlier in this chapter. The classifications of individual trees
were evaluated in the same way as the other classes recognized in this dissertation i.e., by
counting individual trees as presented in Table 7-20. The completeness and correctness
percentages were very good for the algorithm in recognizing individual trees. Its high
performance across different datasets indicated the consistency of the algorithm and its
invariance to different types of data and different types of sites.
Table 7-20 Quantitative evaluation of individual trees recognition
Ground
Dataset

truth

TP

FP

FN

Completeness

Correctness

Q

Hotel Alma TLS Data

43

42

1

1

0.98

0.98

0.95

Hampton Hall TLS Data

43

41

0

2

0.95

1

0.95

MLS Data

57

53

2

4

0.93

0.96

0.90

Canopies and bushes cannot be counted easily because they develop in the data as masses rather
than individual objects. Therefore, the percentages of points out of the ground truth were used to
evaluate the equations instead of individual objects as presented in Table 7-21 below.
Completeness and correctness indicate that the algorithm’s performance in the canopies and
bushes classification was less than that of individual trees. The results of the MLS data showed
the lowest performance because of the nature of the trees on the site, which develop in a very
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congested way that formed masses of canopies that the algorithm could not separate into the
different clusters. The canopies therefore were grouped in large clusters that could not pass the
canopies dimension threshold set in the algorithm.
Table 7-21 Quantitative evaluation of canopies and bushes recognition
Ground
Dataset
Hotel Alma TLS

Hampton Hall
TLS

MLS Data

Class

truth

TP

FP

FN

Completeness

Correctness

Q

Canopies

0

0

0

0

-

-

-

Bushes

28453

82%

0

18%

0.82

1

0.82

Canopies

428765

0

0

100

0

0

0

%
Bushes

141357

90%

0

10%

0.90

1

0.90

Canopies

81730

33%

0

67%

0.33

1

0.33

Bushes

0

0

0

0

-

-

-

7.8 Summery
This chapter presented the results of the developed algorithm evaluation using four datasets from
different sensors and different study areas. This dissertation aimed to classify urban scenes into
four main categories: ground, buildings, road inventory (poles, powerlines, traffic sings, and
overhanging traffic signals) and greenery (individual trees, canopies, and bushes). It also aimed
to analyze buildings to extract parameters for environmental design and analysis such as façades
dimensions and orientation, and openness ration. Updating GIS layers and generating 3D DBM
was also aimed in this dissertation.
Four datasets were used in the algorithms evaluation process: airborne dataset was used only to
evaluate ground/non-ground classification and building recognition, and other TLS, MLS, and
SGM datasets were used in the whole evaluation process. The chapter included eight sections:
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section 7.1 was the introduction followed by the description of the datasets in section 7.2, the last
section (7.8) was for the summery, and the remaining sections starting from 7.3 to 7.7 were
organized based on the four targeted groups of objects in this dissertation. Qualitative and
quantitative evaluation of the experimental results indicated that the developed algorithms in this
dissertation performed very well in recognizing the targeted classes. Ground and building
recognition algorithms performed better than the other algorithms designed for road inventory
and greenery recognition due to the high ambiguity naturally associated with the latter two
classes. Experimental results, in general, indicated the robustness of the developed algorithms
and the validity of the hypotheses as well as the stability of the implemented thresholds over
different datasets coming from different sensors and different urban areas.
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Chapter Eight: Conclusions and Recommendations for Future Work

8.1 Conclusions
The main objective of this dissertation was to develop a comprehensive classification algorithm
for 3D point clouds of urban scenes. The proposed algorithm is capable of conducting the
classification process regardless of the type of sensor used to collect the data and can recognize
multiple classes rather than focusing on only one class.
The four targeted classes in this dissertation were buildings, cars, road inventory, and greenery.
The road inventory and greenery groups were further classified into the following sub-classes:
traffic signs, overhanging traffic signals, poles, and powerlines within the road inventory, and
individual trees, separated canopies, and bushes within the greenery. Buildings were analyzed to
extract the following important information that is usually required for environmental
design/analysis: building façades, windows within each façade, building dimensions, orientation
of each façade with respect to true north, and openness ratio for each façade. The extracted
information then was used in CFD software to model the wind flow around a complex of
buildings included in one of the datasets. Automatic generation of new GIS layers and updating
existing layers also were implemented to enable all recognized classes to be added to GIS.
The proposed algorithm is based on the concept that different objects in urban space usually are
the core of a predesigned system of relationships between their functions and their shapes. If the
underlying system of urban scene layout (i.e., the morphological system) is understood
accurately, recognizing different objects within a given dataset collected for a given urban area
becomes easier. Hence, the research methods of this dissertation were developed on the basis of
GMA, which is a qualitative nonparametric technique used to solve a wide range of problems
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from rocket propulsion systems to single-cell biological systems. A morphological field that
includes all the morphological attributes of the targeted classes was developed in this dissertation
and served as a basis for hypotheses development of the classes and eventually the classification
algorithm.
The performance of the developed algorithm was evaluated using four datasets that were
collected using different sensors. The datasets included airborne LiDAR data, two stationary
LiDAR data, mobile mapping data, and UAV-based SGM data. The experiments conducted with
all these datasets provided consistent results, which indicated that the developed algorithm
achieved the research main objective of developing a method that is sensor type invariant.
Quantitative and qualitative evaluation of the classification results revealed that the developed
algorithm was capable of accurately classifying the tested datasets into the targeted classes.
The developed algorithm consists of four modules that serve four different functions within the
comprehensive classification task. There is also a knowledge database, which can be thought of
as an array of morphological rules that can be updated to include more rules, hence enabling the
algorithm to recognize more classes. Module l contains the new ground/non-ground
classification algorithm introduced in this dissertation. Detecting and removing ground is the
first step of the comprehensive classification and an important prerequisite to ensure the
accuracy and efficiency of the subsequent steps. The algorithm is based on morphological
analysis of the ground within the underlying urban system as mentioned in Chapter Four of this
dissertation. The algorithm is superior to the height-based algorithms, such as the Z-histogram
analysis methods, because it considers the slope of individual points and the local shape of the
ground, which was called directional spread in this dissertation. It is also computationally costeffective since it does not involve time consuming region growing or any recursion process.
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Module 2 contains the data clustering and characterization processes which represent the second
and third steps of the comprehensive algorithm. Each point in the non-ground class was assigned
two labels, one for their spatial cluster and one for their dimensionality, within their local
neighbourhoods. These two labels were used extensively in the next classification steps. The
fourth step of the comprehensive classification was conducted on the non-ground clustered and
characterized data using the two labels assigned in Module 2 and the morphological rules
contained in the knowledge database. This process was conducted in Module 3, wherein the
initial classification was conducted to classify the input data into four main groups as mentioned
in Chapter Four. The groups include buildings, cars, road inventory, and greenery. The
underlying concept of this module is that objects in urban space must have three basic common
attributes: sprawl, dimensions (size), and dimensionality. As such, the initial classification
algorithm is based on a forward reasoning process using if-then logic to classify the urban scene
of interest into the aforementioned classes.
Final classification, which is the fifth and last step of the process was conducted in Module 4,
wherein each of the aforementioned four groups of candidates were finely classified into objects
commonly found in urban scenes. There are different independent subroutines within this
module, and each one aims to recognize a specific object within the four groups of candidates.
Finally, the recognized objects were analyzed to extract important information for other
applications, such as environmental modeling and GIS updating.
Qualitative and quantitative evaluation of the experimental results indicated that the developed
algorithms in this dissertation performed very well in recognizing the targeted classes. Ground
and building recognition algorithms performed better than the other algorithms designed for road
inventory and greenery recognition due to the high ambiguity naturally associated with the latter
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two classes. Experimental results, in general, indicated the robustness of the developed
algorithms and the validity of the hypotheses as well as the stability of the implemented
thresholds over different datasets coming from different sensors and different urban areas.
8.2 Summary of the Dissertation Contributions
The main contributions of this dissertation are as follows:


This dissertation introduced a strong conceptual framework to use GMA in the
classification of 3D point clouds of urban scenes. The framework is based on an analysis
and understanding of urban scenes’ planning and design standards and the morphological
relationships among all the basic elements of these scenes. The framework does not
assume any parametric geometric properties that may not comply with architectural and
urban design as creative production.



The methods introduced in this dissertation are sensor and site invariant and were tested
with different datasets from different types of sensors and different places.



Instead of looking for a specific element, this dissertation introduced a comprehensive
classification algorithm to break down 3D point clouds of urban scenes into recognizable
objects and includes the following:
1. A new robust and computationally cost-effective non-parametric method for
ground/non-ground classification.
2. A new non-parametric, spatial domain-based method for building recognition.
3. A new non-parametric, spatial domain-based method for window detection regardless
of the window shapes.
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4. A new non-parametric, spatial domain-based method for road inventory
classification, which includes traffic signs, overhanging traffic signals, poles, and
powerlines.
5. A new non-parametric, spatial domain-based method for greenery classification,
which includes individual trees, separated canopies, and bushes.
6. A new method that goes beyond mere classification to object analysis and modeling
by automatically extracting information for use in other applications:
a) Automatic updating of existing building GIS layers and then generating a 3D
DBM.
b) Automatic generation of new GIS layers for the recognized road inventory and
individual trees.
c) Providing input to CFD software for wind flow analysis around buildings


The introduced comprehensive algorithm is flexible to accommodate more classes than
those in this dissertation by way of the attached knowledge database.



The dissertation converges geomatics engineering with other disciplines, such as urban
design, environmental engineering, and geography by providing the introduced
classification tools that can be used in such applications.

8.3 Recommendations for Future Work
Recommendations for future research that will improve and expands the results of this
dissertation are as follows:


Incorporating more dimensions in the datasets, such as color and intensity, can improve
the accuracy of the classification process, especially the classification of greenery.
Adding color information also can help in the further classification and analysis of
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ground to identify paved and unpaved surfaces, which then can be used to extract
additional information, such as curbs.


Color information also can be implemented to identify the finishing material of a building
façade, which is important information required for heat transfer modeling.



Imagery can be integrated with 3D point cloud data to improve the accuracy of the
window detection process, especially when fewer holes are present in the data due to
laser returns from behind the window glass.



Window detection also can be improved through a boundary regularization procedure
which can be applied to the detected holes within the building façade and consequently
can improve the accuracy of hole dimensions in windows recognition and in openness
ratio estimation as well.



Repetitive pattern analysis can be implemented to detect windows in presence of
occlusions that affect the integrity of the building façade in question.



The window detection method in this dissertation does not work with SGM point clouds
due to the absence of hypothesized holes in the data. Incorporating color information into
the planar segmentation procedure could help to delineate windows regions.



The developed algorithm currently estimates a given building façade’s dimensions as the
bounding rectangle of the façade. Implementing plane fitting for each building façade,
followed by plane intersection for all the façades of each building, can improve façade
dimension results. In this case, building corners can be estimated and used to extract
improved building dimensions. The procedure also can be useful in the 3D DBM
generation of the given building as well as generating a new GIS layer for all the
buildings in the given dataset.
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The extracted building-façade-top-edges can be intersected to generate an accurate
polygon of the given building, which then can be used to generate a 2D plan and a 3D
DBM of the given building.



A line-fitting procedure can be applied on powerlines to improve the quality of
recognition, as well as to improve the accuracy of the derived positions and other
dimensions.



Detected ground can be used to generate an accurate urban DTM of the site and then can
be fused with a 3D DBM to derive a 3D DSM, which could make the derived models
very precise due to the high point density of the point clouds.



A complete topographic map of the given site can be automatically compiled using the
updated GIS layers along with contour lines that can be derived using the detected
ground.



The performance of the developed algorithm in case of UAV-based SGM 3D point
clouds in urban areas can be improved by increasing the coverage of the collected
imagery by setting the sensor to an oblique angle in order to capture building façades
more accurately.



The algorithm’s use can be extended to many other applications that require object
recognition in urban space. Perhaps one of the most exciting applications may be robotics
automatic vision systems if laser scanners or digital cameras are mounted on the robotics
device. Another important application can be the monitoring of aging road inventory and
infrastructure.
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