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Abstract

This research addresses the problem of populating Building Information
Model databases with information on building construction materials
using a new classification method which uses multi-spectral laser
scanning intensity and geometry data. Research in multi-spectral laser
scanning will open up a new era in survey and mapping; the 3D surface
spectral response sensitive to the transmitted wavelengths could be
derived day or night in complex environments using a single sensor. At
the start of this research a commercial multi-spectral sensor did not
exist, but a few prototype level instruments had been developed; this
work wished to get ahead of the hardware development and assess
capability and develop applications from multi-spectral laser scanning.
These applications could include high density topographic surveying,
seamless shallow water bathymetry, environmental modelling, urban
surface mapping, or vegetative classification. This was achieved by
using from multiple terrestrial laser scanners, each with a different laser
wavelength. The fused data provided a spectral and geometric
signature of each material which was subsequently classified using a
supervised neural network. The multi-spectral data was created by
precise co-positioning of the scanner optical centres and sub-centimetre
registration using common sphere targets. A common point cloud, with
reflected laser intensity values for each laser wavelength, was created
from the data. The three intensity values for each point were then used
as input to the classifier; ratios of the actual intensities were used to

reduce the effect of range and incidence angle differences. Analysis of



five classes of data showed that they were not linearly separable; an
artificial neural network classifier was the chosen classifier has been
shown to separate this type of data. The classifier training dataset was
manually created from a small section of the original scan; five classes

of building materials were selected for training. The performance of the

classification was tested against a reference point cloud of the complete

scene. The classifier was able to distinguish the chosen test classes

with a mean rate of 84.9% and maximum for individual classes of

100%. The classes with the highest classification rate were brick, gravel

and pavement. The success rate was found to be affected by several
factors, among these the most significant, inter-scan registration,
limitation on available wavelengths and the number of classes of
material chosen. Additionally, a method which included a measure of
texture through variations in intensity was tested successfully. This
research presents a new method of classifying materials using multi-
spectral laser scanning, a novel method for registering dissimilar point
clouds from different scanners and an insight into the part played by

laser speckle interpretation of reflected intensity.
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Chapter 1. Introduction

Building Information Modelling (BIM) is the process of generating and
managing project information throughout the whole lifecycle of the
infrastructure through the use of a building information model. The UK
Government made a commitment in 2012 that required fully
collaborative BIM on all centrally funded construction projects by 2016
(Cabinet Office 2012). The proposal relies heavily on the use of digital
3D building models; this government strategy, which was adopted in
April 2016, will drive a need for more automated production of these
building models. This information management concept has already
been a in several major infrastructure and building projects, including
High Speed rail link two (Mace Ltd 2013), Royal Arsenal Woolwich
(over station development blocks, 345 residential units across three
towers, for detailed planning through to construction) (GVA 2014),
Manchester city library redevelopment (Royal Institute of Charted
Surveyors 2015) and London residential development (PRP Architects
LLP 2016). The advent of terrestrial laser scanning introduced a very
rapid survey method, especially suited to ‘as built’ requirements.
Creation of information models initially used modified computer aided
design software; recently software companies have begun to focus on
specific tools for data collection, measurement and data-processing

aimed at BIM. Current infrastructure and building design software, such



as Revit!, can extract complex features from a point cloud, the more
complex task of classification has been well established in imagery but
the use of laser scanner point cloud intensity data has been slow in
development. Some early use of laser scanner intensity data was by
Abmayr et al. (2005), in the field of cultural heritage and civil
engineering. Current industry and research feature extraction tools
have developed from tools used in photogrammetry and image
processing. BIM has provided the practical application area for the
motivation to this research although it has potential for wider areas of

interest including agriculture and land use classification.

1.1 Building Information Modelling

The original Government paper on Building Information Modelling (BIM)

(HM Government Cabinet Office 2011) stated:

‘A lack of compatible systems, standards and protocols, and the
differing requirements of clients and lead designers, have inhibited
widespread adoption of a technology which has the capacity to ensure
that all team members are working from the same data, and that: the
implications of alternative design proposals can be evaluated with

comparative ease; projects are modelled in three dimensions’.

This paper started the process for developing a pathway to implement

the BIM concept, the levels are defined in Table 1 and Figure 1.

1 Autodesk ©2016



Table 1 BIM levels definitions (RIBA Enterprises Ltd (©2016)

Level 0 BIM

In its simplest form, level 0 effectively means no collaboration. 2D CAD drafting only
is utilised, mainly for Production Information (RIBA Plan of Work 2013 stage 4).
Output and distribution is via paper or electronic prints, or a mixture of both.

Level 1 BIM

This typically comprises a mixture of 3D CAD for concept work, and 2D for drafting
of statutory approval documentation and Production Information. CAD standards
are managed to BS 1192:2007, and electronic sharing of data is carried out from a
common data environment (CDE), often managed by the contractor.

Level 2 BIM

This is distinguished by collaborative working — all parties use their own 3D CAD
models, but not necessarily working on a single, shared model. The collaboration
comes in the form of how the information is exchanged between different parties —
and is the crucial aspect of this level. Design information is shared through a
common file format, which enables any organisation to be able to combine that data
with their own in order to make a federated BIM model.

Level 3 BIM

Currently seen as the holy grail, this represents full collaboration between all
disciplines by means of using a single, shared project model which is held in a
centralized repository. All parties can access and modify that same model, and the
benefit is that it removes the final layer of risk for conflicting information. This is
known as ‘Open BIM..
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Figure 1 BIM levels, (BIM Industry Working Group (BIWG) 2011).



BIM is the process of generating and managing project information
throughout the whole lifecycle of the infrastructure - UK Government
BIM construction strategy stated that all public capital projects would be
carried out to Level 2 BIM by 2015, level 3 by 2016. Since the white
paper the implementation, problems and future of BIM has been studied
by serval groups including, (Azhar et al. 2012; Miettinen and Paavola
2014; Becerik-gerber et al. 2010). Future needs for automation of BIM
processes, especially for existing buildings where the construction

materials are unknown has been studied (Volk et al. 2014).

The government strategy for BIM will require 3D digital drawings which
will drive a need for automated production of digital 3D building models.
Terrestrial Laser Scanning (TLS) is in widespread use for land and
building survey, especially in the post construction and life maintenance
phases. TLS is particularly well suited to survey of complex non-
rectangular buildings or infra-structure. Creation of a BIM is currently by
use of modified Computer Aided Design (CAD) software containing data
attribute tables linked to the structure, measurement and data-
processing tools. There is a major R&D challenge to create software
that supports acquisition and processing of the laser point cloud data for
creating BIMs dimensional levels (Lemmens 2011). BIM not only
requires the measurements of a building or infra-structure but also
information about each component within the construction. BIM
databases potentially require very large datasets of a building
characteristics including the geometry and the construction materials,

very little of this data gathering is currently automated which is not cost
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effective. The motivation for automating the process of transferring point
cloud data to a 3D model is based on the very time consuming manual

alternative.

The main body of previous research into 3D modelling using Laser
scanner point cloud data has focused on feature extraction and has
depended on techniques that use segmentation of the point cloud into
planar surfaces and the application of constraints to classify each
segment (Chengyi and Zhongming 2006; Gumhold et al. 2001; Daniels
et al. 2007; Zhang et al. 2005). Segmentation methods have had
difficulty with features that are defined by only a small number of points
such as windows, as only the frame can be used as the glass is
transparent to laser light. Knowledge based methods which use
constraints in a decision tree structure have been attempted (Xu et al.
2012); unfortunately, these have required a large number of rules to
define a feature, especially complex non-linear features. The best
image-interpretation system is a combination of our eyes and our brain.
Learning (supervised) and self-learning (un-supervised) methods used
with artificial neural networks have been shown to be powerful pattern
recognition system. Artificial neural networks have been used for
classification in remote sensing but they have been restricted to 2D
data although some work has been done in 3D (Baligh Jahromi et al.
2011); the aim of this research is to extend this to 3D, more specifically
3D point clouds. The main effort of this research was to develop

techniques and workflows that extract and use the spectral information



from laser scanner point cloud data for classification of construction

materials.

1.2 Possible methods of data and information collection for BIM

A suitable method for producing data for a BIM database must produce
the measurement of spatial and material classification data. This would
be most efficient if it was achieved by a technique that provided spatial
measurement and spectral data of the structure concurrently; the
material type might then be deduced from the data. Classification

techniques have used sensors such as:

Aerial cameras (Bekkari et al. 2013).

Aerial cameras and satellite imagery (Varga et al. 2014).
Laser scanner (Yan et al. 2015), (Guo et al. 2015).
Imagery and LIDAR (Bujan et al. 2012).

SAR (Ban and Wu 2005).

Sonar (Lucieer 2008).

Stereo photogrammetry, whether by multiple cameras or by motion,

ouahwnE

have provided the spatial data by an indirect method. SONAR, although
not electromagnetic, provides pseudo spectral data related to the
absorption and reflection of sound which might be used for classification
of the reflecting objects. In order to collect multi-spectral data for BIM
classification, existing sensors were considered; some of the

capabilities required considered were:

1. Measurement
a. Speed
b. Precision
2. Max range
a. Interior, 50m.
b. Exterior, 5000m.
c. Aerial, 3000m.
d. 1m—-1000m.
3. Spectral characteristics



Multi/hyper spectral in order to automate classification.
Unaffected by lighting conditions.

Repeatability of results.

. Control of illumination of target.

4. Processing

a. Creation of 3D models.

b. Provide input to BIM database.

c. Create 3D model of homogeneous scenes (structures
often have very similar and homogeneous areas which
would confound automatic point tie point matching
algorithms in photogrammetry.

d. Speed of processing (laser scanning outputs the 3D
model, photogrammetry requires considerable post
processing)

5. Portability
a. Man portable or suitable for vehicle or aerial use.

aoow

1.3 Motivation for the Study

To develop an automatic method of populating BIM databases with both

spatial (3D) and related materials data.

1.4 Aim of the Study

The aim of this research is to extend the application of Laser scanners
to classify man-made and natural materials by using multi-spectral

intensity data, which could automate some BIM processes.

1.5 Research Objectives

The main objectives of this research were:

1. To investigate multispectral remote sensing and classification
methods.

2. To investigate laser scanning intensity values and potential use
of multi-spectral scanners for material classification.

3. To propose and develop an approach using multi-spectral laser

scanner data for material classification.



4. To undertake trials to validate the development and

implementation of the proposed method.

1.6 Hypothesis

Laser scanner multi-spectral and spatial data can represent the physical
composition of materials. Using suitable classification methods
materials can be classified by their spectral and spatial signature. The
use of spatial information provides a filtering attribute where materials

have similar spectral signatures.

1.7 Methodology

The research followed the following methodology:

1. Undertake a review of multispectral remote sensing,
classification methods and laser scanners (objective 1).

2. Practical trials to understand laser scanner intensity data
(objective 2).

3. Proposed method (objective 3).

4. Implement method through MatLab and other software tools
(objective 3).

5. Undertake trials to assess the capabilities and potential of multi-
spectral approach by using a test site (objective 4)

6. Validate transferability of method using a second test site

(objective 4).



1.8 Significance of the Research

The work investigates classification of both geometric and spectral
aspects of the point cloud data. The novel multi-spectral laser scanning
technique presented in this thesis solves and improves on a number of

existing applications by offering:

1. Collection of multi-spectral data using multiple laser scanners.

2. Multi-spectral laser scan data classification using a range of
classifiers including neural networks.

3. Range and incidence angle normalisation using ratios of
intensity.

4. Multi-spectral classification which includes pseudo texture as an
attribute with intensity ratios.

5. Investigation into the variation of scanner spectral data due to
laser speckle effects generated by surface texture.

6. Investigation of registration methods for dissimilar scanner data.

1.9 Layout of Thesis

The thesis begins with a section that lays out the motivation, aim and
objectives of the research. Next a review of multispectral remote
sensing and classification methods is presented, (objective 1). This is
followed by a background to laser scanners and review and practical
trials intended to improve understanding of laser scanning spatial and
spectral data, (objective 2). The proposed new method of classification
of construction materials is described in Chapter 4, (objective 3). The

results of investigating the proposed method on real world data and



analysis of the results is presented in Chapter 5 (objective 4). Finally,
Chapter 6 summarises and presents conclusions from the research and

suggestions for future research.
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Chapter 2. Multispectral Remote Sensing and

Classification Methods

2.1 Introduction

The classification of the Earth and its features has used instruments
ranging from cameras, radar and sonar to multi-spectral space-based
scanners. For successful classification, measureable attributes unique
to the material under classification are required; these could be
waveform shape (radar), colour (photography) or reflected intensity in
the case of laser scanning and optical reflectance. Initially the reflected
intensity from commercial laser scanners had no intended use, but it
has been shown that intensity could be calibrated (Wagner et al. 2008;
Kaasalainen et al. 2009; Kaasalainen et al. 2011; Ahokas et al. 2006)

making object classification possible.

This chapter will discuss multispectral remote sensing and classification
methods. First, the chapter presents and overview of multispectral
remote sensing and laser scanning, leading onto production of 3D
models and their requirements. The pros and cons of using remote
sensing that uses ambient and active light sources are also discussed.
The chapter moves on to review currently available classification
methods that may be applicable to multispectral data; including
discriminant analysis, support vector machines and artificial neural

networks.
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2.2 Multi-spectral Remote Sensing

The use of passive illumination introduces variation within a single
image and across sets of images to be used in the classification
process as the direction and radiometric qualities of the illumination
may be unknown. Radiometric correction is therefore required prior to
classification (Pozo et al. 2014). Many scanners include a passive
sensor (digital camera); a multi-spectral classification method using red,
green and blue (RGB) passive sensor data and the laser intensity was
implemented by Lichti (2005). The use of passive sensor data
introduced classification errors which were attributed to non-uniform
solar illumination. Multi- spectral imagery in conjunction with LIDAR
intensity data has been used to improve roof outline extraction
(Awrangjeb et al. 2013) and solar illuminated data was also gathered for

comparison laser illuminated data of the same areas.

2.3 Multi-spectral Laser Scanning

Pfennigbauer and Ullrich (2011) investigated the use of multi-
wavelength airborne laser scanning, selecting optimal wavelengths for
the scanned topography. They also proposed that using several
wavelengths within the same scan could retrieve additional information
for crop analysis or tree species detection. A dual wavelength test
instrument has been developed by Gaulton et al. (2013) for estimating
vegetation moisture content. Near and mid infra-red wavelengths (1063
nm and 1545 nm) were chosen to separate wood from foliage. Three
TLS, with three different laser wavelengths, were used by Hartzell et al.

(2014) to extract spectral signatures of different rock types. Their
12



method only corrected intensity value for range, using calibration panels
with known reflectance, rather than ratios of intensity used in this work
which compensate for range and incidence angle. Using ratios of
wavelengths has benefit in that it requires no prior calibration, the
incidence angle does not need to be known and the calculated values
work for all ranges and do not require interpolation. As their scanners’
optical centres were not co-located there would have been some error
in the final combined intensity values in the final multi-spectral point

cloud.

In addition to multi-spectral dual band TLS, hyper-spectral TLS have
been developed for classification tasks (Hakala et al. 2012); this
scanner was also able to record the full waveform of the return pulse.
Hyper-spectral scanners are able to take advantage of the broadband
output of super continuum lasers, providing a spectral range of 480-
2200 nm?2. Classification using multi/hyper-spectral scan data assumes
that a material’s surface reflectivity has a definable spectral signature;
ideally this would be unique but in the real world there will be some
degree of overlap. Selection of certain wavelengths, with prior
knowledge of the target materials, can optimise classification (Hakala et

al. 2012).

2 NKT Photonics, Superk
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2.4 Production of 3D Models

At the centre of BIM is the production of 3D models, the main method of
production of 3D models prior to the advent of automated
photogrammetry was stereo imagery. Stereo photogrammetry was used
to produce 3D models of urban areas, Digital Terrain Models (DEM)
and Digital Surface Models (DSM) and has been shown to be as
accurate as laser scanning (Mills and Barber 2004). Automated
photogrammetry has become a primary tool for topographic modelling
(Remondino and El-Hakim 2006). The main automated method now
adopted uses Structure from Motion (SfM), which uses the same
concept as stereo photogrammetry that 3D structure can be resolved
from overlapping images. SfM uses multiple images from a moving
camera as opposed to two cameras in the stereo method (Westoby et
al. 2012). Laser scanning though has some advantages over

photogrammetry in the production of 3D data:

1. Model can be generated from a single location.

2. Most scanners directly output a 3D point cloud.

3. It can provide a persistent, near real time, rapid measurement of
a changing environment using multiple scans.

4. It can provide a near real-time feedback of a structure’s 3D
position, similar to Radar or Sonar.

5. The point cloud data 3D can be output georeferenced if the
scanners position is known.

6. Itis independent of ambient light conditions.

7. There are no processing errors due to shadows.

14



8. It has no dependence on scene surface homogeneity, tie point
matching in automated photogrammetry can be impossible in
homogeneous areas of a scene.

9. ltis less affected than photogrammetry by land cover, especially
full waveform or multi-pulse systems, in the production of DTM.

10.With suitable choice of wavelength 3D bathymetric models can
be produced and with suitable wavelengths the surface and

bottom can be measured enabling measurement of volume.
Some areas of weakness in Laser scanning include:

1. The single wavelength can restrict the detection and
measurement of objects which have low or no reflectivity at that
wavelength.

2. Highly reflective objects can generate stray and drop out of
points.

3. Narrow features may be difficult to detect due to the generally
smaller point density than imagery. This can be mitigated by the
design of the scan pattern.

4. Range precision can be reduced by highly reflective surfaces.

Laser scanning was chosen as the method most suitable for collecting
spatial and spectral data for this work, after considering the foregoing
arguments. Most laser scanners can colour the scan points with image
data from an on-board or integrate camera, this could also be used to
provide the spectral data for the classification of the scan points.
However, using the laser reflected intensity could also provide spectral

data, especially if the laser scanner was multi-spectral.
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Stereo image processing, in photogrammetry, normally refers to the
process of extracting 3D information from 2D images. The process
involves measuring the disparity between adjacent images of a scene
that have an overlapping region; the disparity will be proportional to the
depth/height at each point. Wang & Hsiao (1999) suggested that
extracting 3D information from moving objects was a better choice than
Laser scanning and used this as a reason to implement disparity
matching of images for stereo vision. In their implementation of
disparity matching they used two neural networks; a Back-propagation
network (BP) was used to create a primitive disparity map and a self-
organising network was used to cluster pixels with similar
characteristics. The clustering process reduced the search space and
the number of un-matched or miss-matched pixels. The BP network
was trained on one of the stereo image pairs; it had 7x7x3 input
neurons, 50 hidden neurons and 1 output neuron. The input was
derived from 7x7 regions of pixels within the image, in recognition that
intensity values were dependent on illumination, three input values for
each pixel were calculated: intensity, variation and orientation. In
practice the variation and orientation were calculated by using a Sobel
operator (Sobel 1978), which gives good approximations (Gonzalez and
Woods 1992). The input to the BP network was the difference of the
three features (intensity, variation and orientation) between the stereo
pair of images; this created a 7x7x3 (147) input vector. Using these
differences, the BP network was image independent; trained on one

stereo pair of images it can be used to match any other pair.

16



After training the BP network classified the pixel within matching
clusters in the two images; the clusters were determined by the self-
organising neural network prior to this stage. Some constraints were
used to even further reduce the search space: epipolar line, geometric,
ordering and continuity. Matching pixels should be located on the same
epipolar line; however, this only works if the axes of the images are
aligned. For parallel stereo images objects at infinity will have zero
disparity; this can be used as a geometric constraint. The ordering of
the pixels should be the same in both images of the pair. The continuity
constraint is related to depth (disparity) constancy theory developed by

Marr & Poggio (1976).

The clustering process was carried out by a Vitality Conservation (VC)
neural network (Wang and Hsiao 1997), this was a self-designing, self-
organising network. It differed from other self-organising networks
(Kohonen 1989) in that it that generated new nodes during the training
process. The network was trained on one of the stereo pair before
being used to cluster both images. During the matching phase by the
BP network candidates are only matched between matching clusters in
the two images. To visualise the results a 3D mesh was created from
the disparity map of a test image and this was then constructed as a 3D

model.

The use of vertical (depth) disparity to improve the match between
images was employed by Yang et al. (2010) in their work on neural
network based stereo robot vision. Their assumption was that correct

matched pairs of points would have similar vertical disparity. This
17



technique must rely on initial estimate of registration between the
images to extract depth information; iteration was then used to refine
the registration and the vertical disparity. The iteration process using a
point cloud should not be required as the vertical information is

available directly from the 3D position of each point.

There may be some advantage in using the rotation and scale
invariance of the Scale Invariant Feature Transform (SIFT) (Lowe 2004)
algorithm in conjunction with neural network stereo image disparity

matching.

2.5 Classification Methods

Laser scanning has provided an instrument that can create rapid 3D
surveys. The first laser scanners came into commercial use after 1985.
Development has progressed quickly and now laser scanners are in
common use for tasks including survey, deformation monitoring
(Monserrat and Crosetto 2008), change detection (Alba et al. 2009),
digital terrain models (DEMs) (Guarnieri et al. 2009) and cultural

heritage (Grussenmeyer et al. 2008).

The main categories of laser scanners in production include terrestrial,
airborne and mobile; this research uses terrestrial laser scanners (TLS).
Most TLS output Cartesian coordinates and a measure of reflected
laser intensity; some also provide the full waveform of the reflected

pulse.

Automated classification of objects and materials using laser scan data
has been a goal since the first laser scanners were commercially

18



available. Research on classification has been diverse including areas
such as urban, land use and forestry. Urban classification methods
have included automated extraction of building features using
segmentation techniques (Pu and Vosselman 2006) and plane growing
and Gaussian sphere surface normal clustering (Loncharich et al.
1992); this was developed further to identify clusters of normals
representing shape primitives (Wang et al. 2013). Land use
classification has included vegetation mapping (Ducic et al. 2006) and
forestry classification measurement of vegetation moisture content
(Were: et al. 2013). Choice of specific laser wavelength, in relation to
specific materials, may improve classification accuracy. Materials reflect
or absorb at certain wavelengths, providing a spectral signature; some
may absorb so strongly that the scanner is unable to detect a surface.
Ice can appear invisible to scanners that operate from mid to far infra-
red wavelengths (Wehr and Lohr 1999). The effect on scanner range
accuracy caused by reflection from different colour materials was
investigated by Clark and Robson (2004), they were able to improve the
range accuracy by applying corrections for the type and colour of the
surface material. A common limitation of laser scanners is the poor
results from scans of specular reflective surfaces or dark reflectors due
to the low energy of the return signal; this seems to especially effect the
lower power phase based scanners. Their work demonstrated that
range differences of up to 11mm were possible between a neutral grey
and a black surface, especially at close range. During this research the

reflected intensity from a homogeneous white surface showed a non-
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linear relationship to range; further investigation of the scanner design
revealed an auto-gain control on the receiving optics to prevent sensor
saturation at close range. The effects on measurements caused by
different object materials, with a specific focus on common building
facade materials was further developed by (Voegtle and Wakaluk
2009). The scanner in their test was the Leica HDS6000 which has a
red laser; the results of intensity measurements from different building
materials was consistent with relationship between the colour of the
material and the laser wavelength. These perceived disadvantages of
changes in material colour could be an advantage in classification

methods.

Laser scanning provides controlled, active illumination, reducing the
need for correction required in passive sensor data. Multi-temporal
scene analysis using passive senor reflectivity data requires correction
for variations in illumination, primarily the solar zenith angle (Conghe
Song and Woodcock 2003). Nitzan et al. (1977) proposed the use of
registered reflectance and range data for scene analysis, using an
experimental laser scanner. Classification methods were also
developed for laser altimetry data, a fusion of object geometry and
surface reflectivity was exploited by Hug and Wehr (1997). Land use
classification has been carried out using laser scanner reflectance data,
often in conjunction with imagery (Tymkow and Borkowski 2002);
forested areas have provided significant challenges to this method
(Hofle and Pfeifer 2007). Single wavelength laser reflectance data has

been used for surface material type classification of wood, concrete and
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other building materials (Kirchner et al. 2007). A combination of height
and reflectance in LIDAR data was implemented by Li et al. (2008) and

Antonarakis et al. (2008) to improve classification accuracy.

The use of passive illumination introduces many complications in the
classification process as the source and direction of the illumination
may be unknown or difficult to calculate. Many scanners include a
passive sensor (digital camera); a multi-spectral classification method
using red, green and blue (RGB) passive sensor data and the laser
intensity was implemented by Lichti (2005). The use of passive sensor
data introduced classification errors which were attributed to non-
uniform solar illumination. Multi- spectral imagery in conjunction with
LiDAR intensity data has been used to improve roof outline extraction
(Awrangjeb et al. 2013). Solar illuminated data was also gathered for

comparison laser illuminated data of the same areas.

Many different classification methods have been used with multi-
spectral data, both statistical and others including artificial neural
networks (Zhou and Yang 2004; Kavzoglu and Mather 2003; Bischof et
al. 1992). There are similarities between classification of laser scanner
intensity data and remotely sensed image data and some use a fusion
of passive and actively sensed data (Lichti 2005). Often a novel
classifier is used which combines existing techniques such as the
Spectral Correlation Mapper (SCM) and a region growing algorithm
(Suomalainen et al. 2011); the SCM compares the similarity of two
spectra. Of the many classification methods, the Maximum Likelihood

Classifier (MLC) is possibly the most established approach. MLC
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assumes a normal Gaussian data distribution of multivariate data
(Mather 2004). Artificial neural networks (ANN) are a non-parametric
classification technique which does not depend on normally distributed
data, unlike MLC, ANNSs can classify data often found in land use and
urban remotely sensed data that are multi-mode or not linearly
separable in the original spectral space (Szuster et al. 2011). A detailed
comparison between MLC and ANN classification methods was carried

out by Paola and Schowengerdt (1995) and Erbek et al. (2004).

Application of laser reflected intensity has been used mainly for land
use and forest classification (Song et al. 2002; Puttonen et al. 2010; Li
et al. 2008; Shaker and Nagwa 2012) and fusing imagery and intensity

(Guan et al. 2013; Bujan et al. 2012; Liu et al. 2011).

2.5.1 Algorithmic Approaches to Feature Classification

Much research has been done in extracting building features from laser
point clouds using both airborne and terrestrial scanners. It has been
found that extracting features that are part of a building’s fagade is
difficult using airborne point cloud data because of the oblique aspect of
acquisition; as a result researchers have turned to terrestrial scanned
data to provide the required level of detail (Pu & Vosselman 2007).
Research into feature extraction techniques dates back to the
introduction of the first laser scanners, airborne laser scan data was in
the forefront as it followed easily in the footsteps of analysis of airborne
imagery; which dates back to balloon photographic reconnaissance

during the First World War.
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It is not surprising that the initial feature extraction techniques that were
investigated used methods that had been tried and tested in imagery.
Edge based approaches (Gross and Thoennessen 2006), (Wani and
Arabnia 2003) and (Sotoodeh 2006) were used to fit lines to boundary
points. A step on from edge based methods was local surface
properties which cluster points that are spatially similar. The surfaces
were either planar (Dold and Brenner 2006), (Biosca and Lerma 2008)
and (Schmitt and Vogtle 2009) or solids such as spheres, cylinders or
cones (Wahl and Klein 2006) and (Ogundana et al. 2007); Ogundana et
al. (2007) used a novel 3D extension of the Hough transform. Once
geometric shapes can be extracted higher level features can be derived
by segmentation of the data so that points belonging to the planes are
grouped together; Segmentation was defined by (Wani and Arabnia
2003) to be ‘a process of dividing an image into a number of meaningful
regions’. Each segment is compared with different building feature

constraints to determine to which feature the segment belongs.

2.5.2 Knowledge Based Feature Extraction

Humans identify building features by knowledge of the characteristics
and context of the features. Attempts to mimic this knowledge based
method of feature extraction have often depended on the use of
constraints and a set of logic functions to filter individual features (Pu
and Vosselman 2006). This method requires prior knowledge to be
programmed into the software; this is not a self-learning method.
Constraints such as: size, position, direction, topology and point

density; point density can be thought of as the area of the features in
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points. The method firstly segments the point cloud into planar surfaces
and lines, this is followed by a recognition phase which filters each
segment by the defined constraints. A convex hull was created for each
segment and the constraints derived from the convex hull geometry;
size from its area, position from its geometric centre and direction by its
normal. This method relied on using a region growing algorithm to
create the planar surfaces; the accuracy of the definition of the surface
was directly proportional to the size i.e. number of points.

Unfortunately, window frames are small in comparison to other planar
features such as walls and doors; this resulted in partially segmented
areas which contained windows. As the laser penetrates though glass
a window can only be detected by the lack of points (hole) or by its
frame. Higher resolution scans may provide a path to overcome the

difficulties found with window frames.

2.5.3 Dealing with missing point data

Holes in the point cloud have been used to assist in the extraction of
windows (Pu and Vosselman 2007), this was achieved by discarding
the holes created by doors or extrusions. Window frames, due to their
dimensions, may only be represented by a few points in a laser point
cloud of a building fagade. Also if the window is not covered the laser
penetrates through the glass recording no points on the glass surface;
some data points may exist at a greater range due to reflection from
objects within the room. The frame may only be set back from the wall
by a few centimetres causing difficulty in discrimination of the frame

depending on the scanner’s range resolution. Pu & Vosselman's (2007)
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method of window extraction by hole detection required the point cloud
to be converted to a Triangulated Irregular Network (TIN); both interior
and exterior boundary points are extracted from the end points of long
edges within the TIN (this is achieved by noting the number of
neighbouring triangles, three represents an interior boundary).
Although this method did produce results, it sometimes extracted
windows that did not exist in reality often caused by the lack of
discrimination between building extrusions and window frame recesses.
This method did not address the issues of accuracy; edges and thence
lines are difficult to measure accurately in point clouds because of the
orientation of the edge and the scan path. Another issue with this
method was that it could not discriminate between real holes in the
building and windows. The authors proposed to resolve some of these
issues by incorporating imagery of building in the analysis of the point

cloud data.

2.5.4 Point Cloud Segmentation

The geometry of man-made objects is often assumed incorrectly as
consisting of planar surfaces; certainly most of the classification
methods so far implemented commercially and in research have
adopted this premise. The world of modern architecture is rapidly
changing the planar world that existed previously. Extraction of planar
surfaces still has its place though in surveying the more conventional
and historic buildings, this assumption had also been used in the past to
discriminate between buildings and the underlying terrain. The

assumption was that terrain was smooth and buildings were planar in
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nature (Vosselman et al. 2004). The algorithms used were based on
those used for image segmentation; the method would start with a
finding neighbouring points that had the same surface characteristics
and proceeding until no further matches were found. This method was
used as a region growing algorithm by Ballard & Brown (1982) and later
Vosselman & Maas (2010). The 3D Hough transform and the RANSAC
processes have been used in images and point cloud plane
segmentation. In reconstructing building outlines large scale map data
is often used to complete the process. Mobile laser scanning data has
also been used to extract building features, especially facades
(Rutzinger et al. 2009), again they use segmentation as a method of

extraction of the planar features in the point cloud.

Window frames, blinds and curtains are usually only a few centimetres
behind the plane of the wall but they have been successfully
differentiated by segmentation of the individual planes (Pu and
Vosselman 2009). Fine segmentation can also be useful in
differentiating objects that are in the room behind a window that have
been recorded in the point cloud due to the glass being transparent to
some laser wavelengths. If the beam encounters a reflective glass
surface within the room the objects will appear rotated or inverted in the

final data.

2.5.5 Full Waveform Data

Segmentation techniques have been used for both airborne and

terrestrial laser scanned data; airborne systems use predominantly
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pulse (time of flight) laser scanners due to the large range requirement;
some of these systems can record the full waveform of the return and
this extra information can enhance the discrimination of a segmentation

process (Rutzinger et al. 2008).

2.5.6 Correlation as a Basis for Classification

One of the simplest methods of separating classes of features is
geometrical; in 2D this requires two measurable attributes within the
plotted on the two axis of a chart. If there is any correlation between

these attributes distinctive clusters will form, an example is shown in

Figure 2.
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Figure 2 Correlation of Reflectance Wavelength

This method can be extended to n-dimensions. A cluster can be
defined by measurements of the geometry which may include distance
between points or shape of the cluster. The distance between points a

and b is the Euclidean distance (dab), in (n) dimensions:
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n
dap = Z(pia - pib)z 1
i=1

The distance of a point from a cluster centre can be used to classify the
point; each point in the image can be labelled with its cluster label and
this is then often displayed as a false colour image. A method is
required to find the centre of each cluster (centroid); one method is the
K-means algorithm, (MacQueen 1967). The K-means algorithm is an
iterative method that starts with a random initial seed point and
calculates the shortest distance to the centre. This is one of the
simplest unsupervised classification methods which attempts to
minimise J:

c G

) =;Z(||xi—vjn)2 ,

Where: Ci is the number of points in it" cluster.
C is the number of clusters.

An example result of this method is shown in Figure 3, where sixty data

points are formed into five clusters.
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Figure 3 Result of K-means clustering with five clusters, the lines from
the data points in each cluster intersect at the centroids
(wikispaces.com).

The K-means method fails with non- linear data (Figure 4) and performs

poorly with noisy data.
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Figure 4 Example of non-linear data. This dataset could be separated in
a third dimension by a plane. (MatLab ©)

2.5.7 K-Nearest Neighbour Classification Method

A supervised classification method that uses a similar concept to K-
means is K-nearest neighbour (KNN), which is suitable for non-linear
datasets. The method finds the nearest neighbours of xo in the training
data and predicts the class label of xo based on a majority vote. This
creates continuous and overlapping neighbourhoods, each test vector
using a different neighbourhood. The distance measure for the nearest
neighbour is usually Euclidean, but other metrics have been used such
as manifolds, spherical manifolds were used by Lunga & Ersoy (2011)

to classify hyperspectral data.
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Figure 5 Spherical K-nearest neighbour classification of hyperspectral

imagery. Nearest neighbour based on distance along surface of feature

space projected onto a sphere rather than Euclidean distance, (Lunga
and Ersoy 2011).

This technique is similar to a spatial classification method which
projects the normal to a surface on a unit Gaussian sphere (Vosselman
et al. 2004). Here the nearest neighbour on the surface of the sphere is
used instead of the Euclidean distance in the original feature space. If
the training data set is large then a special sub-space version of the
KNN classifier can be used to sub-divide the data usually using a

random allocation to the sub-KNNSs.

2.5.8 Decision Tree

A decision tree classifier is a recursive method that divides the training
data into successively purer subsets. One example of this method was

develop by Hunt (1962) which follows the following steps:
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1. If all of the training data is in the same class, then it is a leaf
node and processing stops down this branch.

2. If the data belongs to more than one class, then an attribute is
used to sub-divide it forming two child nodes.

3. The process is carried out recursively until all nodes terminate in

leaves.

MatLab?® implementation of decision tree classifiers has three variants:
simple, medium and complex. Simple trees are limited to a maximum
number of splits of 4, medium to 20 and complex to 100. Using the
classifiers directly in MatLab code it is possible to prune the trees to
prevent over training. Common pruning methods are Reduced Error
Pruning (REP), Pessimistic Error Pruning (PEP), Critical Value Pruning

(CVP and Cost Complexity Pruning (CCP).

Decision tree classification methods have been suggested to be more
suitable to remotely sensed data because there is no requirement for
the Gaussian distribution. Remotely sensed data often exhibits
overlapping classes causing classifiers that require Gaussian
distribution to fail or produce poor results (Pooja et al. 2011), their work
used satellite RGB data and minimum entropy or minimum error to set
the decision thresholds. To prevent over training, they implemented a
pruning algorithm based on error. Their conclusions were that the
Decision Tree Classifier (DTC) performed better than a Maximum

Likelihood Classifier (MLC), the DTC was unstable when the training

3 MatLab® R2015a, Mathworks, Natick, MA
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data was changed and the larger the training set the greater the
accuracy achieved. A comparison between DTC and backpropagation
ANN classifiers was carried out by Pal & Mather (2002) which
concluded that the performance of each classifier was similar on the
INSAR data set tested. They noted that for the DTC pruning method and
size of the training data were the dominant influences on the
classification accuracy, while the accuracy of the ANN depended on

many factors.

2.5.9 Discriminant Analysis

Discriminant Analysis (DA) was originally developed by Fisher (1936)
for a two class problem and modern adaptions of this technique have
proven sometimes to be as accurate as other more complex
classification techniques. High dimensional data can be used with
discriminant analysis classification methods and can provide input data
for other techniques that can only work with low dimensional datasets.
The high dimensional data often found in hyperspectral images was
found to be well suited to Linear Discriminate Analysis (LDA) methods
(Bandos and Bruzzone 2009). A LDA finds a linear transformation
matrix which reduces the original dimensions of the data to a lower
dimension. The Fisher method then maximises the distance among the
means of the classes, at the same time minimising the intra-class

variance Figure 6.
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Figure 6 Fisher's discriminate for two classes; the differences between
the class means in directions pa1 and pz is large in comparison to the
variance about the means o1 and o2, (Bandos and Bruzzone 2009).

The MatLab implementation of DA classifiers includes linear, which
creates linear boundaries between classes and non-linear quadratic

models, which create elliptical, parabolic and hyperbolic boundaries.

2.5.10 Support Vector Machine

Support Vector Machine (SVM) classification methods attempts to
separate the classes in a training dataset by maximising the distance
that a hyperplane(s) can be positioned from each class Figure 7 (Chao

and Horng 2015).
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Figure 7 Linear SVM method two class example, hyperplane separates
the classes and maximises the distance (gap) to the data points in both
classes. The nearest data points to the hyperplane in each class are

known as the support vectors (Statnikov et al. 2011)

The linear case of SVM classification can be extended to non-linear by
several methods, one popular method, and the Kernel method maps the

input space to a feature space using a kernel function Figure 8
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Figure 8 Non-linear SVM classification example; maps the two
dimensional input space to three dimensions using a kernel function
(Statnikov et al. 2011).
The two most common kernels are the polynomial and Gaussian radial

bias functions. Multi-class SVMs were developed to make them more
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suitable to remote sensing classification tasks, they include stacked
feature and direct summation (Bekkari et al. 2013), their work applied
composite kernels to high resolution urban imagery classification. The
datasets they used composed of both spectral and spatial data, which
they concluded improved the classification rate from 87% (spectral only)
to 94% (spectral and spatial). The spatial features were extracted from
the imagery by computing the Grey Level Co-occurrence Matrix

(GLCM) to extract texture, Figure 9 (Haralick et al. 1973).

Figure 9 Haralick texture features generated from the four co-
occurrence matrices using the above directions of adjacency.

Haralick texture extraction method can be applied to multi-spectral
imagery by using the individual spectral layers or one particular layer of
interest. Horlick’'s method could be seen as an adaption of Roberts

cross-gradient filter for edge extraction (Roberts 1961).

2.5.11 Iterative Self-Organising Data Analysis Techniques

(ISODATA)

A more elaborate version of the K-means classifier was created by Ball
& Hall (1965), this endeavoured to overcome the problems associated
with the assumptions in the K-means method. The assumptions were
that the clusters were compact and well separated; this is generally not
the case with real world data. ISODATA method calculates the standard

deviation for each feature axis for each non-null cluster; any cluster that
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has one or more ‘large’ deviations is split perpendicular to the feature
axis and any clusters that are closer together than a user defined

distance are amalgamated to form a single cluster. This split and

merge technique firms the basis of the ISODATA algorithm. ISODATA

can use a very large amount of processing time and can iterate

eternally if some precautions in programming are not taken.

2.5.12 Random Sample Consensus lterative Algorithm (RANSAC)

RANSAC is a type of classifier that creates a model (pattern) of the

provided data; the special characteristic of RANSAC is that it is tolerant

to noise, referred to as ‘Outliers’. Figure 10 shows an example of the
algorithm fitting a line to ‘Inlier’ points and ignoring the ‘Outliers’. The
input to RANSAC is the raw data, parameterized model which can

match or be fitted to the data and confidence parameters.
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Figure 10 RANSAC Line Fitting Example
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This is an iterative process that gradually increases the number of
Inliers that fit the model (in the example an equation of a straight line)

and reduces the error between the Inliers and the model.

2.5.13 Scale Invariant Feature Transform (SIFT)

SIFT was developed by Lowe (2004) as a method of extracting features
from images that can be used to perform reliable matching between
different views of an object. It was named Scale Invariant Feature
Transform (SIFT), because it transformed image data into scale-
invariant coordinates relative to local features. The features are
invariant to scale and rotation. The process is not affected by a affine
distortion, change in 3D viewpoint, addition of noise or small changes in
illumination. The process matches individual features to a database of
features from known objects using a nearest-neighbour algorithm,
followed by a Hough transform to identify clusters belonging to a single
object and then verification using least-squares. The advantage of this
technique is its tolerance of clutter and occlusion. Figure 11 shows
SIFT process results from Lowe’s original paper (the training images
are the small images), rectangles enclose the recognised feature and
smaller rectangles the key points used for recognition; this shows very

clearly the rotational tolerance of the method.
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Figure 11 Object Recognition using the SIFT Algorithm (Lowe 2004)

A disadvantage of this method is that it must search a database of
object parameters to find a match; as the number of objects required to
be recognised increases the database size increases and in turn the
computational time increases. Although the training phase of a Neural
Network approach increases with the number of objects to be matched
the recognition phase remains the same. The scale invariance of the
SIFT method would be very useful if it could be adapted for use with a

neural network.

2.5.14 Classifying LIDAR Waveform Data

Advanced LIDAR systems are able to record the entire laser return
pulse. The shape, polarisation and phase of the full waveform can be
used to analyse the properties of the reflecting surface; this information
could be used to classify objects in the point cloud based on the

material properties. Toth et al. (2010) proposed a method of
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classification which used wavelet coefficients as input to a Kohonen

Self Organising Map (SOM).

Since the introduction of full-waveform LIDAR systems there have been
numerous methods of feature and material classification based on
decomposing the waveform into various components. The waveforms
have been decomposed by Gaussian (Wagner et al. 2006), generalised
Gaussian or Lognormal function (Chauve et al. 2007). Wagner et al.
(2006) used Gaussian decomposition, amplitude and standard deviation
(pulse width) to discriminate between vegetation and no-vegetation.
Mallet et al. (2008) used generalised Gaussian decomposition with a

shape parameter to classify urban areas.

Unsupervised robust planar segmentation of terrestrial laser scanner
point clouds based on fuzzy clustering methods (Biosca and Lerma

2008).

2.5.15 Genetic Algorithms and Feature Classification

G Turhan-Sayan et al. (1998) approach to the use of genetic algorithms
(GAs) was based on a signal shaping method. A GA manipulates a
fixed-size population of structures called ‘chromosomes’, through the
application of genetic operators, selection, crossover and mutation, the
chromosome with the highest fitness wins through to the next round of
selection. This method acts as a gradient descent algorithm which
attempts to find a global minimum. The use of input signal shaping in
electromagnetic target classification was suggested by Kennaugh

(1981), where he introduced the K-pulse concept. The K-pulse was
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defined as a time-limited signal which represented all aspects of the
target response and polarisation. A Laplace transform of the K-pulse
produce the entire function for a complex frequency with no poles. The
K-pulse method becomes a minimisation problem and this is why G
Turhan-Sayan et al. (1998) used a GA. Sometimes complicated
optimisation problems which cannot be solved by traditional
optimisation techniques can be successfully handled by GAs. This
technique requires wide band data for only a few target aspects and
polarisations. Genetic algorithms make the synthesis of K-pulses
possible especially when the K-pulse duration is unknown. This method

also achieved a classification rate of over 90%.

2.5.16 Biological Feature Recognition

The main body of previous research into features extraction has
depended on techniques that use segmentation of the point cloud into
planar surfaces and the application of constraints to classify each
segment (Nurunnabi et al. 2015). Segmentation methods have had
difficulty with features that are defined by only a small number of points
such as windows (Pu and Vosselman 2007), as only the frame can be
used as the glass is transparent to laser light. Knowledge based
methods which use constraints in a decision tree structure have been
attempted; unfortunately, these can require a large numbers of rules to
define a feature, especially complex non-linear features (Xu et al.
2012). The best image-interpretation system is a combination of our
eyes and our brain. Our brains are thought to be a large scale network

of simple processors (neurons), the network being learning (supervised)
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and self-learning (un-supervised) methods used with artificial neural
networks have been shown to be powerful pattern recognition systems.
Artificial neural networks have been used for classification in remote
sensing but they have been restricted to 2D data (Castelluccio et al.
2015; Ahmadizadeh et al. 2014); the aim of this research is to extend

this to 3D, more specifically 3D point clouds.

In order to understand biological feature recognition, the first stage is to
understand how stereo vision provides 3D information. Stereo images
have been used in photogrammetry to extract terrain elevation and then
use this to create maps with contour information or digital elevation
models. Edelman et al. (1997) proposed a model of biological vision
related to complex neurons in primary visual cortex. These neurons
were seen to respond to gradient at a particular orientation and spatial
frequency; additionally, it was observed that the location on the retina
could shift over a small area. They hypothesised that the function of
these complex neurons was to provide an ability to match and
recognise 3D objects from a several viewpoints. The SIFT feature
matching algorithm (Lowe 2004) was tolerant to feature size, orientation
and affine transformation; these were aspects found in biological vision.
Orientation has been thought of as a problem in biological vision, as
humans have difficulty recognising complex features, such as
characters, if they are rotated more than a few degrees. However, it is
possible to learn to read characters in any orientation, but of course we
usually learn to read in a single orientation. The extraction of stereo-

disparity, and hence range, information from images depends upon
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establishing a correspondence between them (Marr and Poggio 1976).
They analysed the nature of the correspondence computation and
derived an algorithm that extracted information from random-dot
stereograms (magic eye pictures) and commented on the implications
for psychophysics and neurophysiology of the visual system. The
algorithm could provide a method for automatic feature matching where
the technique provides recognition by matching features from an image
with a database of object images. Marr & T Poggio (1976) saw the
recognition process as three steps, select a region in an image, locate
the same region in the stereo pair and measure the disparity between
the two. The second step, correspondence, was seen as the crux of
the problem to be solved and has continued to be the focus of research
to this day. Julesz (1971) discovered that humans could recognise
patterns in random dot stereograms, which consist of random patterns
of dots when viewed in mono, but reveal patterns with depth when
viewed stereoscopically. This was a surprising find as correspondence
between arrays of random dots should produce many false targets
(Figure 12), but the biological vision system was able to delineate the

correct correspondence.
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Targets

Figure 12 False Targets in Random Dot Arrays
2.6 Artificial Neural Networks
Real world recognition and classification tasks have such great diversity
that rule-based methods are unable to cover all possible permutations
(Beard 1990). As a result, the main fields of research that have
benefitted from artificial neural networks, models of the human brain,
are image classification and speech recognition. The best image-
interpretation system is a combination of our eyes and our brain. Our
brains are thought to be a large scale network of simple processors
(neurons), estimates of the number of neurons is 10*!; each neuron
being connected to around 10% other neurons. Although Freud worked
on models of the human brain as early as the late nineteenth century,
the first modern concepts of a neural network model of the human brain
were created by (McCulloch and Pitts 1943) but they were unable to
make progress with a viable learning method. Later Hebb (1949) was
able to further their research by proposing a relationship between the
weights assigned to a neuron and the activation level of the neuron.

This network design was named the Perceptron. The networks
44



designed by Hebb were further developed by (Rosenblatt 1957); he
created a network that adjusted the weights in proportion to the error
between layers. Research continued to develop a more realistic
representation of the brain in the form of multi-layer networks, but a
suitable learning rule proved impossible in the late 1960’s. Minsky &
Papert (1969) stated in their book that two-layer networks had limited
use and multi-layer networks were not worth further investigation due to
the lack of a suitable learning rule; this prompted Aleksander (1966) to
focus his research on single layer networks. Aleksander developed a
hardware based network designed to learn and recall human faces
(Aleksander et al. 1984). While Aleksander was working on single layer
networks Werbos (1974) and Parker (1982) independently developed
multi-layer networks which used an iterative method which back-
propagated error to improve learning. Back-propagation networks used
supervised learning, examples of classification classes were presented
to the network in the training phase; un-supervised learning methods
were being developed by Kohonen (1984). Un-supervised networks
were especially useful for problems where the number or separation of
classes within the data were unknown. Back-propagation networks
were further developed by Rumelhart & McClelland (1986) and in the
next ten years research using these networks progressed and their use
became most evident in classification tasks, handwritten ZIP code
recognition (LeCun et al. 1989), classification of genetic sequences
(Lende et al. 1994), land use classification (Paola and Schowengerdt

1995), signal processing (Mahalingam and Kumar 1997) and
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chromosome classification (Cho 2000). Further research has
developed new methods using a variety of network designs including
classification of multi-spectral images (Paola and Schowengerdt R. A.
1995), urban land use classification (Ilyer and Mohan 2002), 3D mesh
reconstruction form unorganised points (Yuan and Zeng 2004) and self-
organizing surface map: learning surface topology from a laser point
cloud.(Mole and Araujo 2010). Two areas of research using neural
networks that may be relevant to laser point cloud data analysis are

classification and self-organising maps.

2.6.1 Design

A neural network is a series of layers of neurons and synapses. Each
neuron is interconnected to the next by a synapse, the synapse stores a
value know as a weight and the output value of the neuron is produced

by a transfer and activation function (Figure 13).
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Figure 13 Neural Network Architecture (MatLab ©)
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There are many network architectures, from fully connected where
every neuron is connected to every other neuron and variations which
reduce the interconnections. Neural networks have been created in
hardware (Aleksander 1966), (Aleksander et al. 1984), but most
research has been carried out using software simulations. The brain
uses three dimensions to interconnect neurons and this can be
simulated in software; this has been more challenging in hardware
networks. The synapses store a weight (W) and the neurons sum the

weights with the output values of each connected neuron (A):

n
Xj = ZAiWi 3
i=0

The sum is the input to an activation function (@) to provide output to
connected neurons in the next layer. This function is normally non-
linear in order to give the network the capability to separate classes
greater than two dimensions. The most widely used non-linear transfer

functions are shown in Figure 14.
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Figure 14 Common ANN transfer functions.
2.6.2 Training
The training process is iterative and consists of a forward calculation of
neuron activation followed by a backward adjustment of weights derived
from the error between the required outputs to a given input. One
training method is correlation using a learning rate factor (a) and

activation values (a & b) in layers (A & B) (Hebb 1949).

AWij =X aijbij 4
Hebb modified this method to use the sigmoid hyperbolic function (S(x))

which produced the ‘Sigmoid Hebbian Law’:

This method can be applied to multiple layers and feedback can be

between any layers.

Neural networks have the ability to accept a large variety of data which

do not need to conform to any multivariate normal distribution or multi-
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modality. The freedom of input data type is useful in classification tasks
as image, point cloud and non-spatial types can be used to improve
performance. Neural networks are able to generalise; this is especially

useful in applications where the input data is noisy or contains errors.

The design of individual networks requires the choice of the number of
layers, the learning mechanism and the activation function, along with
several other minor factors. The network size and the ability to
generalise appear to be inversely proportional (Paola and
Schowengerdt 1995); pruning some of the interconnections can help
reinvigorate generalisation in large networks. Training times vary with
the size of the dataset, but will also depend on class separation.
Fortunately, recall is usually a single pass process, so that once trained
a network can produce vary fast results. As these networks are
designed using some of the features in our own brains, they are also
able to make similar mistakes to us! Recall from a trained network is
achieved by presenting the unknown values to the input and then
calculating the output values from each layer using the same method as

training in a single pass.

2.6.3 Network Types

Many network architectures have been developed starting with the
single layer Perceptron, (Rosenblatt, 1957); single layer networks were
only able to separate classes linearly. To classify non-linearly
separable classes required the development of multi-layer networks

(Atkinson and Tatnall 1997); these network types included, feed-
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forward, self-organising map (SOM), radial bias function (RBF), learning
vector quantisation (LVQ), recurrent neural network (RNN), Hopfield
network, Boltzmann, associative and variations on these networks.
Networks types can be defined by their topology, learning method,
activation and transfer function. A few of the more popular designs are

described.

2.6.4 Feed-forward

The most common type of feed-forward network uses back-propagation
learning (Benvenuto and Piazza 1992); the output vector (a) differs from

the expected output vector (0) by an error (e):

k
1 2 6
€= EZ(OJ' - @)
j=1

The synaptic weights are adjusted steepest descent using a fixed step
size which is called the learning rate. The steepest descent method
may not find the global minima but local minima; various techniques
have been used to overcome this limitation which includes allowing a
jump restart the descent if oscillation is detected. The network gets its
name from the method of propagating the error backwards through the
network starting at the output layer. At the start of the learning process
the weight values are set to random values. The main activations
functions used with this network are step and sigmoid. Feed-forward
networks can have any number of hidden layers but most commonly
have less than three. The output vector is usually designed to have the

same number of neurons as classes; each class being denoted by a
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neuron with the value of one the remainder zero. The winning class, on
recall, can be derived from the output neuron with the highest value; a

threshold or statistical method may be used to determine the result.

2.6.5 Self-organising Map

A Self-organising Map (SOM) creates a two dimensional map of the
input data (Kohonen 1984). High dimensional data is reduced to two
dimensions displaying clusters of points representing input that may
belong to the same class. The network learning is un-supervised, there
is no prior knowledge of the class structure of the data; this can be very
useful for initial data analysis and data mining applications. The ability
to use high dimensional data input assists pattern recognition that
cannot normally be visualise. SOMs can be used to provide class
identification for a feed-forward network. Training uses a process of
vector quantisation, the input vector is divided into groups having similar
number of points closest to them. The groups are designated by their
centroid; this is similar to the K-means method. The learning process
iteratively moves the centroids by a fraction of the distance to the

nearest randomly picked point.

2.6.6 Radial Bias Function

Radial Bias Function networks (RBF) use a Gaussian radial bias
function; this overcomes the local minima problem of the steepest
descent method as this generates a quadratic error surface which has a
singular minimum. This radial bias function is non-linear. RBF

networks have three layers, input, hidden and output, the input is
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mapped to each radial bias function in the hidden layer and the output
is a sum of hidden layer outputs with linear output layer weights,
modified by a sigmoid function. The activation function h(x) where wn is
a linear combination of bias functions, 8 is the bias function which is
defined as the distance between the input vector x and the training

vector x".

hG) = D waf(llx = x1) 7

The Gaussian radial bias function 8(x) and o is a smoothing parameter.

2
0(x) = exp <— %) 8

The error in the output vector is normally calculated using least
squares, where n is the number of input patterns, k is the sum of the
values for each output node, yk(x") is the achieved output for node k

and t"« is the desired output.
1
€=§ZZ3’k(xn)—t1?2 9
n k

2.6.7 Neural Network Classifiers

Artificial Neural network (ANN) classifiers is a non-parametric method,
which means that it is independent of data distribution and can classify
datasets with varying precision and different levels of measurement (Pal
and Mather 2002). The classification of military objects such as aircraft,
ships and tanks using the characteristics of scattered radar energy has

been researched almost since radar was invented, Turhan-Sayan et al.
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(1998), approached the problem using a method that used artificial
neural networks (ANN) and genetic algorithms (GA). Although this
research was with radar as the source data the method may be
applicable to laser scan data. Their assumption was that the radar
returns would implicitly contain the characteristic data about the shape,
size and electrical properties of the target. Such data are strongly
dependent on frequency, phase, polarisation of the returns and aspect
angle of the target. To accurately classify each candidate target or
target class the database of the scattered signatures would be
considerable in size and difficult to interrogate in real time. The basic
polarization, frequency and phase data was not found to be sufficient to
provide acceptable classifier performance; pre-processing the basic
data to provide higher, second or third order features was required.
This was also found to be required when using monochromatic aerial
image data (Evans 1996). Several different order features extracted
from the original data helped the ANN to eliminate similarities and

emphasise differences between classes.

A typical radar target classification system involves a large database of
signal data which is pre-processed prior to the active recognition phase.
Turhan-Sayan et al. (1998) found that by using an ANN the comparison
and information filtering stage of preparing the data prior to the
classification stage could be eliminated. To achieve this they used a
self-learning / organising (SOM) ANN, first introduced by Kohonen
(1989). (Turhan-Sayan et al. 1999) improved the classifier performance

by extracting features from the input database using the Wigner
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Distribution (WD). The WD produces an energy distribution map with
respect to time and frequency (simultaneously) of the signal waveform
for a particular time slot; an energy distribution type feature matrix is
produced for each signal in the database. For each waveform example
a vector from the WD process is produced and this is used as the input
into a SOM. If there is pattern in the vector information for each class
then these data points should become clusters in the SOM 2D map
output. For a limited 5 class example their results showed good
clustering of classes; with approximately a 93% success rate. They
concluded that a wide frequency range of input data was not required to
provide this result and the ANN method would be applicable to narrow

band data.

Neural network classifiers have been used in remotely sensed imagery
classification by many practitioners including Paola and Schowengerdt
(1994); Roli et al. (1996); lyer and Mohan (2002); Kavzoglu and Mather
(2003); Zhou and Yang (2004); Bischof et al. (1992); Serpico et al.
(1996); Tso and Mather (2001). Artificial neural networks are based on
the biological model of the brain. McCulloch and Pitts (1943) proposed
a mathematical model of neural networks and Hebb (1949) showed how
learning might be possible. The first networks designed for pattern
recognition were developed by Rosenblatt (1957); non-linear datasets,
commonly found in land use and urban remotely sensed data, were
successfully classified by the creation of back-propagation networks
(Werbos 1974). Some research has concluded that neural network

classifiers are more accurate for land cover classification than statistical
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methods (Szuster et al. 2011; Bischof et al. 1992; Serpico et al. 1996;
Chen et al. 1997). A possible drawback of neural networks is the
complexity of design and operating parameters; studies of the effects of
the number of layers, activation function, threshold and momentum
values have been investigated by (Foody and Arora 1997; Kavzoglu
and Mather 2003; Shupe and Marsh 2004). The effect of network
parameters on the accuracy of classification of remotely sensed
imagery was investigated by Zhou and Yang (2004); they concluded
that using a large number of hidden layers did not increase accuracy
and that the log-sigmoid performed better than the tan-sigmoid function.
They also concluded that neural networks were sensitive to training
parameter settings such as learning rate, momentum and threshold

values.

2.7 Summary

Chapter two reviewed past and current areas of multispectral remote
sensing and associated classification techniques for spatial and spectral
data. First, the chapter reviewed multispectral remote sensing and laser
scanning, leading onto production of 3D models and their requirements.
Passive and active sensors were then discussed, highlighting aspects
of each sensors illumination source that may need consideration if the
data is to be used for classification. The chapter moved on to review
currently available classification methods that may be applicable to
multispectral data; including discriminant analysis, support vector

machines and finally artificial neural networks.
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The literature reviewed in this chapter produced the following outcomes:

1. Passive sensor spectral data requires pre-processing to counter

the solar variation especially airborne or long range application.
. Advantages have been seen in using a combination of passive
and active sensors, such as LiDAR and imagery.

Multispectral LIDAR and a dual wavelength TLS have been
successfully used for classification of vegetation and a three
waveband system for rock strata analysis. This three waveband
setup used three TLS.

. Some progress has been made with hyperspectral super
continuum laser sources, but these are experimental lab based
systems to date.

Prior knowledge of a materials spectral response and choosing
matching wavelengths can increase classification rates.

. There are other novel approaches to using imagery to produce
3D models, one example is using a neural network to recover
depth.

. Some image classification methods have been applied

successfully to laser scan data.

It was apparent that the main focus of classification of laser point clouds

had been classification of spatial data rather than spectral and the

review focussed on these works to look for cross-over to the spectral

feature extraction tasks. The more traditional segmentation and

algorithmic approaches to feature classification have assumed that all

walls are vertical and large planar surfaces. Assumptions that roofs are
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non-vertical large planar surfaces, windows are small parts of walls (not
true of a glass building). Windows seem to have been the biggest
challenge as glass is transparent to laser light. After segmentation,
rule-based methods have been employed to classify each plane or line
set; complex buildings would require very large rule sets. Al languages
such as Prolog or Lisp might have been more suitable than the
languages that have been used in current algorithmic approaches to
feature classification. Classification methods covering a wide variety of
disciplines were reviewed to search for methods that would be suitable

for material classification using spectral data.

Laser point cloud data has a unique aspect in that the light source is
controlled and known, unlike photographic images, but it still has the
limitation requiring the normalisation for varying range and incidence
angle. If the intensity values are normalised for range and angle of
incidence, only the reflecting surface remains as a variable; this was a
key aspect developing an approach which can normalise the intensity
values to enable classification building materials in real world
environments. In future research it might be possible to use lasers with
different transmission frequencies, super-continuum laser, to further
enhance material classification techniques. This would be analogous to
hyper-spectral classification techniques using photographic imagery. As
the intention of this research was to employ multiple laser scanners,
registering point cloud data was also reviewed. This review has shown
that there has been very limited research into material classification

using laser point cloud data.
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Chapter 3. Laser Scanners

3.1 Introduction

This chapter discusses the investigations into the characteristics of
laser scanner point cloud data. This work was undertaken to gain a
fuller understanding of the nature of laser scan data and aspects which
could provide an advantage or limitation to multispectral classification
methods. The scanners used in this research were dictated by
availability as there funding was not available to acquire scanners of
choice; these were the FARO?®P, Leica HDS3000 and Riegl VZ400. The
experiments discussed in this chapter were based on these

instruments.

The first part of the chapter gives a description of laser scanners and
their different designs and then a short introduction to multispectral
laser scanners. Classification in this research primarily uses laser
reflected intensity from the material to be classified; the second section
of this chapter discusses reflected intensity and is followed by
discussion of factors that may affect the intensity values. To generate
multispectral data for this research three scanners of differing
wavelength were used; the final section covers different registration
methods for aligning data from multiple scanners. This is followed by a

summary of the main outcomes.
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3.2 Types of Laser Scanner

Current laser scanners use two methods of measuring range are time of
flight (TOF) and multi-frequency phase comparison, an additional
method can use triangulation. Airborne (LIDAR) scanners which are
required to operate at long ranges generally use TOF. Terrestrial
scanners, which require high speed scanning in the main use phase

comparison.

Laser scanning has provided an instrument that can create rapid 3D
surveys. The first laser scanners came into commercial use after 1985.
Development has progressed quickly and laser scanners are in
common use for tasks including change detection (Alba et al. 2009),
digital terrain models (DEMs) (Guarnieri et al. 2009), building fagade
reconstruction (Pu and Vosselman 2010), detection of fire damaged
concrete (Vickers 2013), monitoring rock slope instabilities (Abellan et
al. 2014), urban land cover classification (Yan et al. 2015) and forest
mapping (Liang et al. 2013; Ryding et al. 2015). The main categories of
laser scanners in production include terrestrial, airborne and mobile;
this research uses terrestrial laser scanners (TLS). Most TLS output
Cartesian coordinates and a measure of reflected laser intensity; some

also provide the full waveform of the reflected pulse.

3.2.1 Time of Flight

Time of Flight (TOF) ranging uses accurate time measurement to
calculate the distance to the target object (Shan and Toth 2009). The

laser pulse triggers a photodiode which triggers the timing device,
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usually a very stable oscillator; the return pulse also triggers a separate
photodiode which completes the sequence. To measure to an accuracy
of 1 cm requires the oscillator to have a frequency of 15 GHz. The
photodiode has a threshold to prevent being triggered by reflections
from the atmosphere, both on the outward a return path. If a series of
pulses is returned then the leading or the last pulse may be used to
measure range, alternatively all pulses will be measured and stored. In
some designs the complete waveform of the return pulse is stored for
later analysis. The pulse width (length) has a major influence on multi-
return resolution, 10 ns pulse width will be 3m long. The measuring
resolution will be restricted by the accuracy of detection of the leading
edge of the return pulse; this is complicated by the distortion of the
return by the target material. Pulse repetition frequency will limit the
maximum range, the timing accuracy the minimum range. The
maximum range limitation can be improved by the use of multiple pulse

systems similar to those used in radar

3.2.2 Phase Comparison

Phase comparison to measure distance is used in continuous wave
(CW) lasers (Shan and Toth 2009). This type of laser usually has a
lower power output than pulsed systems and is therefore used in
terrestrial laser scanning and other short range applications. The
majority CW laser systems use amplitude modulation. The reflected
signal is demodulated and compared with the original transmitted (or
reference) signal. The difference in phase angle (@) represents a

fractional part (A)) of the total range. To resolve the ambiguity, of the
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integer number (M) of wavelengths in the total range, multiple
modulation frequencies and hence wavelengths are used. Range (R)

can be calculated by the solution of simultaneous equations.

R=M;.4/2+ (¢,1/2m).(4,/2)
10

R = M;.4;/2 + (@, /2m).(A2/2)

R =My 2n/2 + (@n/27). (An/2)

The lowest frequency associated with the longest wavelength will
determine the maximum range. The highest frequency with the shortest
wavelength will determine the range resolution. A 10 MHz modulation
with a wavelength of 30m, with 1° phase resolution results in a range

resolution of approximately 8 cm.

3.2.3 Scanner Detectors

Intensity is defined as the ratio of the power of the reflected to emitted
Laser light from the scanner. The reflected laser intensity recorded by
scanners adds a fourth dimension of data and the reflectance varies
between different surface types and materials. The reflected beam is
most commonly detected by an Avalanche Photo Diode (APD) or PIN
photo diode. Scanners that use near IR lasers may benefit from the
spectral response of a silicon PIN diode sensor as they are particularly
sensitive at near IR wavelengths, the FARO° 3D scanner uses a
905nm laser. The scanners with lasers in the mid IR region would
require Indium Gallium Arsenide (InGaAs) Pin diode photo detectors,

which are most sensitive around 1500nm.
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3.2.4 Multi-spectral Laser Scanners

At the start of this research commercial multi/lhyper spectral laser
scanners were not in existence, although some dual wavelength
instruments existed for specific use in bathymetric surveys,
manufacturers included LADS Corp., Terra Systems and SAAB
Dynamics. These instruments were solely designed as measurement
instruments; the reflected laser intensity was not recorded. The first
commercial instrument to be designed to record the laser intensity
values was introduced at the European LIDAR mapping forum in
Amsterdam on 8 Dec 2014 by Optech; an airborne multi-spectral LIDAR
sensor. This sensor had three individual lasers with three different
wavelengths, Figure 15 shows that these were the wavelengths of the
tree TLS instruments used in this research CRC Press/Taylor & Francis
Group. The literature associated with the release of this instrument

suggest the main use was aimed at land use classification.
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Figure 15 The laser wavebands used in this research: Leica visible
green, FARO near infra-red, Riegl mid infra-red. Chart curtesy of
Optech © 2015.
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In the same year Riegl also introduced a multi-wavelength scanner into
their range, aimed at bathymetric survey rather than land use
classification. This scanner has two lasers, one using 530nm
wavelength and the other NIR wavelength. The research done by
Gaulton et al. (2013) assisted by Selex Galileo in developing a
‘breadboard’ instrument using a tuneable laser, but has not developed
into a commercial product as yet. Selex Galileo was previously Ferranti,
who had a long history of research and development in laser
technologies, notably the first military laser target designator which first
saw active service within weeks of delivery to the UK armed forces, in

the Falklands war (Flight International 1982).

3.3 Reflected Intensity Characteristics

(Kaasalainen and Kukko 2009), carried out calibration experiments on a
FARO LSHES80 and a Leica HDS6000 scanner, they discovered that
intensity increased with range to about 5 m, after which it reduced with
further increase in range. The increase in intensity between 1 m and 5
m for the FARO scanner was attributed to the in-built near distance
brightness reducer. According to the manufacturer, the Leica detector
should not have any reducing effects, but they were observed to be
similar to that of FARO at distances of less than 5 m. As the scanners
used in their tests were similar in design to those in this experiment, it
was vital to repeat their calibration tests. The experiments in this

research confirmed their results.
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The intensity of the laser light decreases as a function of beam
diameter, which is dependent on beam divergence angle and range.
However, most scanner optics have a lens which focuses the beam at
specific range, this causes a waist in the beam at that range, beyond
that range the beam starts to diverge (Wujanz and Daniel 2009). If the
distance between scan points is less than the beam diameter, the
coordinates of points within the beam diameter may cause
oversampling. With a step-angle of 0.16 mrads (0.009°) the FARO
scanner will receive returns 1.6mm apart @ 10m. This suggests that
high resolution scans may have oversampling and hence position errors
due to the point being assigned an incorrect range. This would be
exaggerated at high angles of incidence and on textured surfaces
where the incidence angle to the main surface is modified by the
surface texture. Beam diameter (D) versus range (Rr) was calculated
using (11). The FARO?3P 120 scanner has a beam diameter on exit (Do)

of 3.8mm and divergence (8) of 0.19mrad.
D, = R6 + D, 11

The beam intensity is inversely proportional to the area of the beam
footprint. The area of the beam footprint is defined by the area of the
ellipse (A) with semi-major (A) and semi-minor (B) axes projected onto

the reflecting surface (12).
A =nAB 12

The return intensity is also a function of angle of incidence, reflecting

surface properties and atmospheric absorption. Atmospheric
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absorption increases with range. If the surface absorption and

reflectance was a characteristic of the surface material then normalizing
the intensity value for angle of incidence, range and other effects might
allow classification of the material on a surface that was at any range or

orientation.

The amplitude of the return laser energy from a surface is mainly
affected by four factors: instrument, atmospheric conditions, incidence
angle and range. Wagner et al. (2006) and Kaasalainen, Jaakkola, et al.
(2011) proposed that the intensity of the surface reflectance (p)
measured by a scanner can be expressed as the ratio of the received

(P.) and transmitted (P;) power (Hug and Wehr 1997).
p = PT/Pt 13

Intensity can be expressed as:

2

T
lmO’COS@ 14

p=PFP/P.=u

Where: Pr = reflected power

P=power transmitted
Dr=receiver aperture

R=range (distance to the target)
Bi=laser beam width
o=backscatter cross-section
B=incidence angle

pa=surface reflectance at wavelength (A)

The backscatter cross-section is related to the illuminated area (beam

footprint) on a target surface, determined by the laser beam divergence.
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The beam divergence angles of the three scanners is shown in Table 2.
As range increases the beam footprint increases with R?; this means Pr
is inversely proportional to R? (assuming the surface illuminated is
homogeneous and larger than the backscatter cross-section). For
instances where the beam footprint is larger than the individual object
scanned P is proportional to R3 or R* depending on the objects shape.
Due to the small beam divergence and therefore small footprint of the
laser for all scanners in this study, Pr inversely proportional to R?, was
assumed. It was also assumed that the atmospheric and instrument

factors are very small, especially in short range laser scanning.

Table 2 Beam divergence angles (mrad) and footprint (mm) for the

FARO 120, Leica HDS3000 and Riegl scanners.

Scanner FARO 120 Leica HDS3000 RieglVZ-400
Beam Divergence (mrad) 0.19 0.12 0.5
Footprint (mm) @ 100m 19 12 50

The reflected power is affected by incidence angle, proportional to
Lamberts cosine rule, (Lambert 1760), for non-specular reflectors, and
also the footprint increasing in area (becoming elliptical) as the
incidence angle increases. The effect of incidence angle can be due to
the angle of the whole surface or the texture of the surface. Specular
reflectors tend to result in very low reflected power as the majority of the

energy is directed away from the receiver.
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Due to distortion of the transmitted pulse by the reflection surface the
average power rather than the peak power is normally used in time-of-
flight scanners. Continuous wave (phase shift) scanners are insensitive
to effects of surface distortion as they use peak-to-peak or RMS power,
(Hug and Wehr 1997). The power may also be biased by background
radiation; this is usually reduced by the use of a band pass filter in the

receiver optical path.

Reflected laser intensity from a target surface is controlled by four main
factors; instrument, atmospheric, target scattering characteristics and
geometry (Kaasalainen et al. 2011). A patent for one of the first laser
scanning systems acknowledged that incidence angle and range would
affect accuracy (Berg and Gerhard 1998). The quality of the scanner’s
range data is also affected by these factors (Soudarissanane et al.
2009). The two dominant geometric factors affecting reflected laser
intensity are range and incidence angle; these can be calculated from
the scan data. However, the accuracy of incidence angle calculation is
dependent on the quality of the range data. The accuracy of the range
data has been observed to be reduced at high incidence angles
(Soudarissanane et al. 2009). Improving the accuracy of incidence
angle measurement in full waveform (FW) airborne laser scanning was
used by (Abed 2012) creating a new Robust Surface Normal (RSN)
estimation method. This method uses a minimum number of nearest
neighbour points, using only the three nearest points (Euclidean). The
method aims to produce the exact normal by checking for planarity, for

planar surfaces and the best estimate for non-planar surfaces. The FW
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echo amplitude is used as a weight function in the 3D moment invariant

method implemented in this method.

To maximise classification accuracy some form of intensity
normalisation is required. For single wavelength scanners, intensity
normalisation has proved difficult partly due to the inter-dependence of
range and incidence angle (Jutzi and Gross 2009; Hofle and Pfeifer
2007 Proceedings of RSPSoc and Irish Earth Observation Symposium).
Ratios of intensity of adjacent points provides a reflectance data, using
a single wavelength scanner, which is independent of range and
incidence angle (Kirchner et al. 2007). Discontinuities will exist where
the two points are on different surfaces or at different ranges and

incidence angle for the same surface.

Nitzan et al. (1977) proposed the use of registered reflectance and
range data for scene analysis, using an experimental laser scanner.
More importantly they suggested that several wavelengths might be
used from which ratios of reflected laser intensity could be calculated;
the ratios would result in a spectral signature of the target that was
independent of range and incidence angle. Lichti (2005) exploits multi-
spectral scanner data, using ratios of passive sensor RGB and laser
intensity to create incidence angle and range independent data. The
use of intensity ratio was also used in a dual wavelength scanner
developed for measuring moisture content in vegetation (Were: et al.

2013).

Passive sensor intensity ratios have been used for land-cover

classification in order to overcome the requirement for a sun
68



synchronous orbit in satellite remote sensing. Rouse et al. (1974) found
that quantifying the biophysical characteristics of the rangeland
vegetation, using satellite spectral signals, was confounded by
differences in solar zenith angle creating different spectral signatures on
subsequent satellite revisits. Their solution to this problem was to
calculate the ratio of red wavelength (us70) and infrared wavelength
(1s00); the ratio was known as the Normalised Difference Vegetation

Index (NDVI).

(Hgoo — Me70)

NDVI =
(Usoo + He70) (15)

The NDVI was normally formulated as above to restrict the values to a

range between -1 and +1; this formulation also prevented large outliers.

Since then more indices have been developed to characterise specific
land use applications (Haboudane et al. 2004). The indices have been
extended beyond use for vegetation to correction for range and
incidence angle in laser scans of glaciers (Hofle 2007). Ratios have
also been employed in hyper-spectral LIDAR to differentiate between
vegetation and inorganic material (Chen et al. 2010). In addition to
NDVI many indices have been implemented to limit the effects of
variable lighting conditions due to changing solar zenith angle and
atmospheric absorption. Haboudane et al. (2004) reviewed the majority
of vegetation indices in common use. Those of most interest to this
research used combinations of three different wavelengths, Triangular

Vegetation Index (TVI):
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TVI = 0.5[120(u750 — Us50) — 200(Ug70 — Hss0)]

16
Modified Chlorophyll Absorption Ratio Index (MCARI):
u
MCARI = [(4700 — He70) — 0.2(U700 — Uss0)] (ﬂ>
He70 17

and the Soil and Atmospherically Resistant Vegetation Index (SARVI):

SARVI = (1 + L)(ugoo — Urp)/(goo + trp + L) 18

Where: Urp = Urea — C(.ublue - .ured)

L=0.5, to optimise the classification of vegetation.
C=0.1 to control the effect of the blues wavelengths

As the original use of the ratios was for vegetation classification tasks
the wavelengths chosen were specific to water and chlorophyll
absorption and transmission bands. A pseudo NDVI was proposed by
Rottensteiner et al. (2005); created between the red band of an image
and the IR laser intensity. Ratios of the laser scanner intensity values at
different wavelengths are implemented in this research to normalise the
effects of range and incidence angle variations within the scan data.

This concept is further developed in materials and methods section.

3.3.1 Intensity Correction

Laser scanners usually measure the intensity of the return in addition to
range or waveform. Intensity can be used, much in the same way as in
image processing, in feature classification. However, the intensity is
dependent on range and any process using intensity values must be

related to range. In airborne laser scanning the distances are large and
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the intensities must be normalised (Hofle and Pfeifer 2007). Incidence
angle and type of reflection, specular or diffuse (Lambertian), are also

major factors affecting the intensity of the returned pulse.

3.3.2 Surface Reflectivity

The reflectivity of a target surface or object affects the performance of
ranging and scanning systems that use electromagnetic energy. The
reflectance will be dependent on the wavelength of the radiation and the
material and surface nature of the surface. For diffusively reflecting
surfaces the reflected radiation can be idealised as a hemisphere with
the maximum perpendicular to the surface (Figure 16). The coherent
nature of the radiation can also influence the reflectivity. In most cases
the radiation is incoherent except for laser radiation. An example of
reflectivity of various diffuse materials for laser radiation at 900 nm is

shown in Table 3 (Wehr and Lohr 1990).
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Figure 16 Diffuse and Specular Refection
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Table 3 Typical Reflectivity of Materials at 900nm wavelength (similar
wavelength to the FARO scanner).

Material Reflectivity (%)
Wood 94

Snow 80-90

White masonry 85

Limestone Upto 75
Carbonate sand dry 57

Carbonate sand wet 41

Concrete smooth 24

Asphalt with pebbles 17

Rubber black 5

3.3.3 Multipath

Multipath effects have been well documented in GPS but are also
present in laser scanning were there are highly reflective surfaces
(Schultz 2007). The observed multipath was characterised as the laser
beam being reflected two or more times. The probability of multipath
was found to be prevalent in scanning high reflective materials,
scanning at close ranges and scanning corners (Runne et al. 2001).
They found errors produced by multipath were found to be of any
magnitude. Multipath was also seen to result in isolated pixels since
the distance was highly different to the pixels in the neighbourhood.
Multipath returns were mirror-inverted, which was seen especially when

scanning windows.

3.3.4 Corners and Edges

A corner or an outside edge can induce scan range errors proportional

to the beam diameter (Runne et al. 2001). Beam diameter (D) versus
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range (Rr) of the FARO 3D 120 scanner are shown in Figure 17 the

beam diameter on exit (Do) 3.8mm and divergence (8) 0.19mrad.

D, = RO + D, 19

£

E

5.0

4.4

Beam Diameter v Range
FARO Focus 3D 120

Range(m)

Figure 17 Range v Beam Diameter FARO 3D 120

Corners produce errors in range that are shorter than the actual range

and edges longer (Figure 18). The error is proportional to range and

inversely proportional to the angle of incidence (@), Figure 19, range

error (R).

6 20
R'=R+R.+Dg
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Figure 18 Corner and Edge Range Errors
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Figure 19 Corner and Edge Range Error

3.3.5 Range and Incidence Angle Effect on Reflected Intensity

The target, shown as a scanned image in Figure 20, was attached to a

mount which could be precisely positioned both in angle and range. The

target was matt finish white cardboard mounted to a hardboard base.
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A

Figure 20 Plane test target for assessment of the effects of range and
incidence angle on reflected intensity.

The scan of the target in Figure 20 clearly shows the shadow created
by both the mount and the target. The scanner was place in a fixed
position on a work bench and the target moved relative to the scanners
X axis to vary the range. In this way both range and angle of the target
could be varied. Initial scans were made with the target fixed at 2m and
rotated in intervals of 10deg. Further scans were made with the target
at intervals of 10cm from 1m to 2.5m from the scanner. To check
possible effects of ambient light, the scans were carried out under
ambient light and in complete darkness. Further scans were made with
a target half white half black to check whether the intensity values are
modified by the scanner software to stretch the intensity range
(histogram stretch). Each set of scan data was processed to remove

extraneous points outside the target area.
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3.3.6 Retro-reflection

The range errors (increased range) can be the result of retro-reflection
(Figure 21); retro-reflection returns a parallel ray back to the scanner
regardless of the angle of incidence.

\Z

Figure 21 3D Corner Cube Retro-reflection

Retro-reflection increases the path length (Figure 23 shown in red) and
it may also cause range errors due to saturation of the detector (Pesci
and Teza 2008). Retro-reflected points appear on the same spherical
angle as the incident ray but at an increased range, this creates the

cloud of ‘ghost’ points.
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Figure 22 Ray traced to target including beam divergence and showing
‘ghost’ points [grey] caused by retro-reflection.

Reflected ray

Model cavity

o

RangeEm\)

Figure 23 2D Retro-reflection

Incident ray

If the retro-reflection occurs twice, as shown in Figure 24, the ray is

reflected at 90° to the incident ray and would not be detected by the
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scanner. So we would expect that some points that should exist in the
point cloud are missing. The number of reflections is dependent on the
angle of incidence of the incident ray, the geometry of the reflecting

surface and the position of the first reflection.

Reflected ray

Incident ray

Figure 24 Double retro-reflection
3.3.7 Laser Speckle
Once considered a severe drawback to illuminating objects with laser
light was the grainy image that was produced, this would be still
apparent today if laser projectors were not modified to remove this
‘Speckle’. The speckle could in fact be put to good use as discovered
by Butters & Leendertz (1971), they noticed that if the illuminated object
was displaced by a small amount interference fringes were produced.
They demonstrated that two speckle superimposed patterns produced a
third pattern, this speckle pattern interferometry. Later this effect was
modified to create holographic images which had apparent depth. Later
in this work laser speckle pattern will be discussed concerning its

possible influence on laser scanner reflected intensity measurement
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Most natural and manmade materials are extremely rough when
compared with the wavelength of visible (400-700 nm) or IR (700-1400
nm) light. The coherent nature of laser light causes constructive and
destructive interference on reflection from a textured surface. Laser
speckle, as this phenomenon was called, was recognised to be a
special case of a well-known property light scattering known as

Fraunhofer rings or ‘Coronas’.

The interference may reduce or increase the intensity of the reflected
light, speckle has not been considered in any model of laser reflected
intensity to date. The theory of speckle is described in a dissertation by
Welde (2010) which investigates speckle reduction methods for laser
projection systems and models speckle patterns in MatLab, an example

is shown in Figure 25.
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Figure 25 Simulated laser speckle pattern (Welde 2010)
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In an attempt to quantify the speckle Duncan & Kirkpatrick (2008)

produced an expression for the smallest speckle ¢ as:
o=AR/S 21

Where: R is observation range, A wavelength and S cross-section of

beam.

A method of speckle pattern reduction was proposed by Akram (2011)
which uses a rotating sinusoidal grating. If multiple wavelengths of
Laser are used then a surface texture will have different but consistent
speckle patterns related to the scale of the texture, in assisting an MSc
student in laser scanning of concrete blocks damaged by fire (Vickers
2013), it was noted that there was direct relationship between reflected
intensity and the texture of the concrete blocks. The intensity gave
better clues to the surface texture than the range measurements as the
texture scale was less than the range error of the scanner. An example
of the distribution of reflected intensity in relation to different surface
texture scale is shown in Figure 26, it was not proven that this effect
was due to speckle. An image of the block is shown in Figure 27, range

in Figure 28 and laser intensity variation in Figure 29.
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Figure 26 Distribution of reflected laser intensity from concrete blocks of
different texture. (Vickers 2013)

Figure 27 Image (A) of concrete block 4mm roughness.

Column number

Figure 28 FARO?0 scan of concrete block (A), range 10° m
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Figure 29 FARO? scanner intensity plot of block (A). Scale in laser
scanner intensity DNs.

The possible relationship between intensity and surface texture, if
related to speckle, should be with respect to the micro not macro
texture. The concrete block had both macro (x2mm) and micro (£50um)
texture. The range data showed no relationship to the texture, most
likely due to the texture size being of a similar order or less as the range
precision, which for the FARO scanner was 2mm. The conclusion was
that the speckle would change the reflected intensity of a laser scanner
dynamically with time and would be dependent on the surface texture.
Continuous wave scanners usually record reflected intensity as the
RMS value for each point and time-of-flight scanners often sample the
target surface many times for each resultant measurement of range and
intensity. These measurement methods act as a low pass filter and
therefore would probably disguise any affect that speckle would have

on the final recorded intensity value.

3.4 Analysis of Factors Affecting Reflected Intensity

Six factors were identified that were thought to influence reflected

intensity values recorded by the laser scanners; surface type, colour,
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range, angle of incidence, ambient light and surface contrast. The
influence of surface type was sub-divided into texture and material.
From the data collected as stated in the previous section analysis was
carried out to attempt to identify how each of the six factors influenced
intensity values. As the aim of the research was to classify surface
types using intensity values, the intensity values would need to be
normalised for the influence of the four remaining factors: range, angle
of incidence, ambient lighting and surface contrast. The effects of range
and incidence angle are demonstrated as an example in Figure 30. A
FARO reference sphere, 0.75m radius, was used in this investigation as
this provided both variation in range and incidence angle concurrently

using the same surface and therefore could be correlated with more

confidence.
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Figure 30 Variation of reflected laser intensity with change in range and
incidence angle on a sphere (FARO293D scanner, FARO registration
sphere target)

83



3.4.1 Ambient Light

Some research (S. Lemes 2009) (Voegtle and Wakaluk 2009) has
indicated that the measured reflected intensity from a surface is
affected by the ambient light, due to the scanner receiver being able to
measure light intensity within the wavelength of the ambient light
source. Others found that the difference between the intensity values in
darkness and in ambient light were within the normal variation (noise)
(Pfeifer et al. 2007). For a technique of classification that relies on

intensity values it was important to confirm the effect of ambient light.

Initial testing considered artificial lighting, fluorescent light. The same
target was used in the previous trial was scanned with the lights on and
off, Figure 31, to investigate if ambient light affected the reflected
values. The target was scanned in complete darkness and in

fluorescent light at various ranges and angles of incidence.
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Figure 31 Variation of laser reflected intensity with range, with ambient
light and in darkness (FARO'?°Focus 3D, white reference target).
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3.4.2 Range

The FARO 3P 120 was used to scan a planar, white A4 size target at
ranges from 1m to 11m and a similar sized black target was scanned
from 1m to 3m. The scan was in a sector which just encompassed the
target to reduce the data size. After scanning, the data was post-
processed to extract only the target scan points. The results of intensity
versus range are shown in Figure 32. The intensity values are an
average of the centre scan points on the target; this was hoped to
reduce the influence of incidence angle at ranges of the same order as

the width of the target.
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Figure 32 Intensity v Range (FARO'2° Focus 3D) using a black and a
white target, the black target values were only measured to 3m range.

These initial results clearly show that for this scanner the intensity
values were not a simple function of range. The previous section on
scanner characteristics was reflected in the results; the intensity values
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were attenuated at close range. It is understood that for the receiver to
remain sensitive over the design range envelope, close range
reflectivity would need to be attenuated to prevent receiver saturation.
If the receiver saturated below a certain range the intensity values
below this range would be identical. The intensity values for the white
target were similar at close range, but the black target reflectivity was

increasingly lower than the white target as the range increased.

The ranges recorded by the scanner were subject to error, this is shown
by the distribution of scan points in range either side of the planar
surface. A measure of the error can be calculated by the volume of the
generated surface which if planar should have no volume; the standard
test for co-planarity. The FARO scanner measures range by phase
difference, the Leica by time of flight. Range measured by phase would
be expected to have errors related to the wavelength, time of flight to

oscillator frequency.

3.4.2.1 Range error using a Planar Surface

To measure the scanner’s range error to a surface often a geometric
primitive is fitted to the data points using a least squares fit; this shows
the error from the mean but not the absolute error. The plane was a
white card placed approximately central to the —y axis of the scanner.
Row and column data was exported with the x,y,z, and intensity values
of the scan. A single row of data points was used to plot the range; this
shows a close correlation between the predicted and scanner range.

From previous results, Figure 32, it was found that the intensity at
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ranges less than 2m increases with decreasing range. A plane surface

was scanned with the FARO 120 scanner, the theoretical range r' to the

surface was calculated.

r = \/(rrzef +c2-C)
Where:

rref reference range to the plane.
c distance between neighbouring points.
¢ distance to point from reference.

C width of scan line.
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Figure 33 Comparison of calculated to actual range, FARO 120
scanner.
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Figure 34 Range error from calculated plane, FARO 120 scanner.

This comparison made it possible to analyse the scanner range
measurements. The resulting analysis showed a very good match
between the calculated and actual scan ranges, 95% being £1mm, with

a maximum deviation of 1.5mm

The scanner was a FARO 3D 120. Figure 35 shows the intensity
variation across the plane, used in the previous range prediction
experiment; the results show the intensity variation correlates with the
range variation. Figure 36 shows the previous results with intensity
overlaid to the same scale (the values have been inverted so correlation

with the range profile can be seen).
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3.4.3 Angle of Incidence

To calculate the angle of incidence the angle between the incident ray
and the normal to the surface must be known. The normal were
calculated as vertex normal using three neighbouring points. To
investigate the variation of angle of incidence a plane surface was
scanned at different angles, varying from 0° — 85°. The relationship
between the angle of incidence and intensity for the FARO 3P 120
scanner at 2m is shown in Figure 37. These scans were carried out
with no ambient light so that there would be no influence from any light
source other than the laser itself. Two targets were used, one white and
the other black, made from A4 card stock. The black target returns were
lower in intensity than the white; this was the expected result, but not as
much as expected. The small difference in intensity between the
different colour targets was thought to possibly be due to surface

texture; this was investigated later in the research.
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Figure 37 Variation of laser reflected intensity with incidence angle and
target colour (FAROFocus 3D). The intensity is normalised to the
white target at zero incidence angle.

3.4.4 Intensity Normalisation — Idealised Test Case

(Nitzan et al. 1977) used the basic model of intensity variation with
angle of incidence and range; this proposed that intensity was inversely
proportional to the square of the range and directly proportional to the
cosine of the angle of incidence. To test this case an idealised plane
surface was created as a point cloud. The plane’s intensity values were
calculated using equation 22, where intensity (p), angel of incidence (8)

and range (R).

cos @
RZ

22
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The angle of incidence was calculated from the dot product of the unit

normal and unit vector at each point. The results of applying the

normalisation function to the ideal plane are shown in Figure 38.
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Figure 38 Normalised intensity for an ideal plane

Some initial results have shown a slight difference between the intensity

values at the same range and angle of incidence with and without

ambient light.

3.4.4.1 Surface Material Absorption and Reflection

A full scan of the interior of the NGI building lobby was made using a

FARO?®P 120 scanner. A section of this scan was displayed in 3D with

the intensity values scaled to a colour map; initial investigation of a wall

in this section discovered that the intensity values showed a variation

which correlated with the position of the studs. Figure 39 shows the
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section of the scan and the intensity values mapped to a contrast

stretched colour map.

Figure 39 Section of NGI lobby scan

The stud spacing was measured for 2 studs, the distance from the right
end of the wall to the 2 nearest edges of each stud were: 0.53m, 1.22m.
Figure 39 shows the measurements that were made to the marked
change of intensity in the scan: 0.56m and 1.20m. Initially it was
assumed that the variation in intensity was due to a surface texture in
the region of each stud causing a change in angle of incidence and
hence intensity. The top left image in Figure 40 shows the dot product
of the surface normals with the primary axes; this image would show
the same pattern as Figure 39 if the intensity changes were due to
surface texture. [need to reproduce image with same colour map and

view angle]
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Figure 40 Dot product of surface normals with primary axes

The FARO scanner that was used has an infra-red laser (800nm
wavelength) and a detector which is optimised for infra-red
wavelengths; the variation across the surface was consistent with the

variation in the painted surface.

To investigate further in to these phenomena an IR digital camera was
used to record the IR signature of the scan section. The variation in
intensity was so low that the image was histogram equalised (Figure

41).
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Figure 41 Histogram equalised IR image of wall

The wall section was re-scanned and the result is shown in Figure 42,
this scan was made at a higher resolution and clearly shows the
brush/roller strokes of the paint on the wall. The texture of the paint is
well below the resolution of the scanner; therefore, one theory was that
the paint was absorbing the laser proportional to the paint thickness.
Another theory was that the micro-texture (due to the type of brush or
roller) changes the reflectivity of the paint. The effect may have been
more noticeable on this particular wall as it is painted red, unlike the

white of the remaining walls, especially as the laser was IR.
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Figure 42 Re-scan of section of wall

The wall was also scanned with a Leica HD300 scanner, the results of
this scan did not show any of the characteristic effects of the FARO

scan (Figure 43).

Figure 43 Leica HD 3000 scan of wall
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The resolution (point spacing) of the scans were: FARO 3P 120 6mm @

10m, Leica HDS3000 scan 25mm @ 10m.

3.4.5 Normalising Intensity for Range and Incidence Angle using

Scan Point Density

Point cloud density depends on the angular resolution, but also on the
scanning geometry: the incidence angle and range to the reflecting
surface. Point density decreases with increasing range and increasing
incidence angle (Lindenbergh et al. 2005). Point cloud density was
based on the number of nearest neighbours to each individual point; the
radius of nearest neighbours was set by experimentation dependent on
range variation and scanner angular set interval size. Many attempts
have been made to normalise reflected intensity using the known
incidence angle and range of the laser pulse. Laser scanner point
clouds have a defined structure dependent on the angular interval
between pulses and the surface geometry the beam is reflected from;
this attribute can be used to correct (normalise) the reflected intensity
for varying ranges and angles of incidence. To demonstrate this effect
planar and curve surfaces were scanned and the density of nearest
neighbour points was calculated. The strength of the reflected intensity
was then compared with range, incidence angle and point density. The
results showed an inverse relationship between point density and range
and incidence angle (Figure 44 Laser reflected intensity (A) point cloud

density (number of neighbours) (B) versus incidence angle of a plane).
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Figure 44 Laser reflected intensity (A) point cloud density (hnumber of
neighbours) (B) versus incidence angle of a plane. Right hand scale
denotes DN values of intensity.

To show the relationship between reflected intensity, incidence angle
and point density the ratio (normalised to a range of -1 to +1, similar
method as NDVI) was calculate between intensity and point density.
The point density was calculated by counting the number of nearest
neighbours within 5mm of each point. The plane target was A4 in size

and white in colour at a range of 2m.
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Figure 45 Point density / incidence angle.

The ratio of point density and incidence angle remained almost constant
up to an incidence angle of 70° (variation of <0.01%). The close
correlation between point density was expected because of the
geometry of the laser scan; the repeatability of this geometry suggested
that point density could normalise the reflected intensity for variations in
surface incidence angle. When this concept was applied to a scan of a
building with materials of varying reflectivity the incidence angle and
range variations were corrected in such a way that common materials

gave a constant reflectance value.

3.4.6 Point Clouds

In order to provide the required inputs for a classifier, the raw scan data
was processed using several custom designed software tools. The

input values identified for the surface shape and orientation experiment
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were the surface normals. The tools were created using MatLab. In the
process of creating these tools aspects of the characteristics of the

scan data became apparent that affected the design of the tools.

The majority of tools created would require the knowledge of
coordinates of each point’s nearest neighbours; a face normal
calculation requires at least 2 neighbouring points. To provide fast
access to the nearest k-neighbours a tool to index the point cloud was
created. The most common method of indexing scan data is a data
structure called an Octree, which is the recursive subdivision of space
into octants (each node has 8 child nodes). With an Octree approach
the size of the smallest octant will control the number of neighbours
returned, whereas a kD-tree will return k nearest neighbours regardless
of the Euclidean distance to the neighbours; a threshold can be

introduced to control the distance.

As the test targets were simple planes a k nearest neighbour index
routine was sufficient to provide an index which could be used to
calculate the face and vertex normals. Scan data of more complex
surfaces benefit from the Octree approach as the Euclidean distance
between neighbouring points is less than the size of the child octant

selected.

3.4.7 Difficult materials for laser scanning

Certain types of glass do not reflect near IR light, which presented a

problem for the FARO scanner, which transmit at 900nm wavelength.
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The glass in the buildings shown in Figure 46, was not detected by the

FARO scanner.

Figure 46 Two buildings with glass which was not detected by the
FARO 120 laser scanner. Image of buildings shown with the respective
scans shown below.

The highly reflective cladding on both buildings was also not detected

by the FARO scanner at high incidence angles.

3.4.8 Index Point Cloud

A function was created which indexed a scan data file and created a
new file with the original point position plus the index of the kth nearest

neighbours. Both FARO and Leica scan points are stored row then
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column; the index was created by scanning n points behind and ahead,
calculating the Euclidian distance to each point. The index of the points
and the corresponding distances were stored in an array, this array was
then sorted by distance and the kth smallest distances indexes were
save to the output file. This file could then be used by other functions to
rapidly access neighbouring points. An additional threshold could be
applied to remove outlier points. Pseudo-code of the function is in

Appendix B.

3.4.9 Effect of Range Error on Surface Normal Vectors

A function was created to calculate the face normals of a point cloud. A
face normal was calculated from the cross product of two vectors from a
point to two neighbouring points, a chosen point and its two nearest
neighbours, the only exception was three points which were collinear, in
which case the normal direction was indeterminate. The sign of the dot
product between the normal and the point vector was used to ensure
the normals pointed toward the laser scanner; the dot product between
two vectors is positive for angles less than 90°. The normal vector was
converted to a unit normal by division of its length; this allowed the
same file to be used to calculate the angle of incidence of a laser to a
surface in the material classification task. Figure 47 shows the face

normals of scan (D3), shown in green, incident laser shown in red.
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Figure 47 Face Normals (green), Incident laser(red)

The target was a smooth plane and therefore the normals should have
been 90° to the surface; the results show that the calculated face
normals had a high degree of divergence from 90°. To verify the face
normal algorithm an artificial perfectly flat plane was used as input, the

results (Figure 48) verified that the algorithm was correctly computing

the normals.

Figure 48 Artificial Plane Face Normals
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The range error is approximately +2.5mm, Figure 49 shows the error in

the normal as a function of the inter-point distance and range error.
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Figure 49 Normal angle error due to range error

As range errors will always be present in real point cloud data it was
decided that a minimum inter-point distance was required when
calculating normals. By using a large inter-point distance in relation to
the range error this would give a better representation of the true
normal to the surface at points within the chosen distance. This method
would also create more accurate normals for the material classification
task; as the reflected intensity is a function of the angle of incidence of
the laser at each scan point. A disadvantage of using an inter-point
distance greater than the actual inter-point distance is a reduction in
resolution of the surface curvature. Determining a suitable inter-point
distance may affect a classifier’s ability to discriminate between different

objects. An object with distinctive face normal orientations is a sphere,
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shown in Figure 50. In this case the original sphere data which had an
inter-point distance of =2mm, was thinned to 1 cm. Face normals, from
a sphere, will be used in a neural classifier to identify spherical objects

in a point cloud.

Figure 50 Face Normal to Sphere (Green) Incident Rays (Red)

The face normals in Figure 50 were computed using the Matlab routine
shown in Appendix I. A commercial software package CloudCompare
was also used to create normals and the poor result is shown in Figure

51.
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Figure 51 CloudCompare (V2) Normals to Sphere

The ‘CloudCompare’ software makes several errors in calculating the
normals as can be seen by rays in Figure 51 which are pointing in odd

directions.

An alternative method of improving the face normal angle calculation is
to use a set of face normals to calculate the vertex normal (the normal
at a point). The face normals surrounding a point are first computed

then they are averaged to produce the vertex normal, Figure 52.

Figure 52 Vertex Normals
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The vertex normals of the surface in Figure 47 were calculated and a

sample are shown in Figure 53; the vertex normals originate from

points.

Figure 53 Vertex Normals (green) of Plane

The calculated vertex normals were used as training data for a neural

classifier, discussed in the next section.

3.4.10 Reflection from Textured Surfaces

If the surface is textured, then the global (surface) and local normals will
not be the same (Figure 54); in which case the actual angle of incidence

will not be that of the surface as a whole.
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Figure 54 Reflection from textured Surfaces
3.5 Registration methods
The aim of registration of point clouds is to transform a point cloud so
that it is aligned with a chosen reference cloud, they will then also have
the same coordinate system as a result. The reference coordinate
system may be a real world or local. Typically, the transformation is
applied to sequences of scans using the same laser scanner to
construct a unified point cloud that can be used to generate a 3D model
of the area surveyed. A rigid transform has six degrees of freedom,
three rotation and three translation (Bellekens et al. 2015). A non-rigid
transform has the same six degrees of freedom plus scaling. To create
a model without discontinuities there must by design be a degree of
overlap between the scans. Each scan will usually have a differing
number of scan points and the number of points from individual scans

of an overlapping region will have differing point densities due to the
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variation in the view point of the scanner. The variation in point density
and distribution can affect the implementation of stereo image
registration techniques for point clouds. The usual measure of
registration accuracy would be to minimise the distance (d) between
corresponding points in the transformed cloud T(A) and reference cloud
(R); a least squares approach (Besl and McKay 1992). This method,
which attempts to find a global minimum is sensitive to outliers which
there may be many in the typical noisy laser point cloud, leading to an
inaccurate solution.

dT@.R = ) o -a)

a€T(A) rER

23

Where: r= reference points.
A= transformed points.

To solve this problem a robust function (f), which ignores distant points,
can be introduced to the least squares formula; a statistical technique
known as an m-estimator. This technique to reduce outliers has been
used by many in least squares solutions including (Zhang 1995; Tsin
and Kanade 2004; Shijiana et al. 2008)

d(T(A),R) = Z Zf(r—a)2 24

a€T(A) rER

The least-squares method that transforms a matrix A into matrix B by
matrix T that gives the residual E, is known as an orthogonal Procrustes

problem and defined:
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AT =B +E 25

TT' =T'T =1 26

trace(E'E) = minimum 27

This problem has been researched by many most notably (Green 1952)
and later (Schonemann 1966). Many approaches to registration have
been developed including those based on finding areas in each point
cloud with common intensity, surfaces or points. An intensity based
approach has been used to medical tomography to register images
from multiple sensors, such as CT and MRI, (Hill 1994) and then refined
later by restricting the region used for registration (Studholme et al.
1996). Surface based registration often use an iterative method to find a
minimum, but may not be a global minimum. Some surface based
methods can use sets of polylines, parametric curves or a point set
defining a surface (Besl and McKay 1992). Point based methods can
use existing reference objects in scene or reference targets placed
before scanning, this method is common in medical imaging as well as
terrestrial laser scan registration. This method has inherent errors in the
measurement of the reference target position. Reduction of the error
can be achieved by minimising the sum of squares of the residual
distance between neighbouring points. A method used in this work to
reduce reference target position errors adapts that used by surveyors in

a traverse (Bowditch 1807).

If the scenes are non-overlapping, then known reference points in a

common reference system will be required. In this work the scenes are
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overlapping by up to 100%, so only the overlapping methods will be
discussed. In some scenes it may be difficult to find suitable matching
natural features and therefore artificial features are introduced to the
common portion of the scans; these are usually commonly used
surveying targets such as chequer board, circles patterns or spheres.
Spheres are most useful as they are invariant to orientation. These

targets can be manually or automatically detected in the scene.

3.5.1 Rigid registration

Rigid registration aligns the point clouds maintaining the point spacing
in each cloud; the transformation may consist of rotations and
translations in each axis. Rigid registration is therefore suitable for point
clouds where the point spacing’s are known to be consistent between
both point sets; this rarely is the case with laser scanner point clouds
due to angular and range errors. Therefore, non-rigid registration

methods should theoretically produce the point cloud best alignment.

3.5.2 Registration algorithms

Point cloud registration algorithms existed before laser scanners. Point
clouds were produced during stereo and multi-image processing. More
recently, point cloud registration algorithms have been created to
support the advent of digital photogrammetry processing data from
sensors such as Microsoft Kinect and Asus Xtion, to produce 3D
models or provide input into machine vision systems. This section will
review some old and some new registration algorithms, both ridged and
non-rigid.
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3.5.3 Rigid

The most common rigid algorithms use variations on Singular Value
Decomposition (SVD) or Principle Component Analysis (PCA) and rigid
versions of Iterative Closest Point (ICP). Which algorithm to use for a
specific point cloud may depend on the accuracy required,
computational complexity or the application to which the point cloud
was to be used (Bellekens et al. 2014). Rigid registration algorithms are
by definition restricted to six degrees of freedom and have been solved
by either a least squares error minimisation or by a homogeneous
transformation or a combination of both (Arun et al. 1987). The simplest
rigid registration method only requires three matching points (p1, p2, ps)
in each point cloud (a and b), this method assumes that there is a
match for all three points in each dataset (Allen 2007). Once the
transformation is found for the three points it is applied to the entire

point cloud.

The transformation is carried in two stages, derivation of a rotation
matrix R and a translation vector T, where point sets are a and b. The
first part of the process is to construct the 3 axis, x,y,z. Then build the
rotation matrices Ra Rp , then solving for R the rotation between the a

and b. The translation between a and b is given by t.

oo P2 08
|P2 —p1|
y=(ps—p1) — [(ps —p1) " x]x 29
y
= 30
T
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Z=x XYy 31

Ra = |Xa, Yas Zal 32
Rq = |xp, ¥, 2p| 33
RR, =R, 34
R = R,RY 35
t = Pa1 — RDp1 36

This can be expressed as an affine transformation T:

71,1 T1,2 11,3 t14
721122123824
13,1732 133134
A4,104,204304 4

If a4_'1 = a4,2 = a4,3 = O and a4,4 * O

The affine transformation would cause changes in scale, not normally
associated with point cloud registration if no measurement error by the
scanner is assumed. In reality there will be range errors and different
deviation of range error between different scanners. There are two main
sources of error in this simple method, range error in the measurement
of the three corresponding points may vary between points within each
point cloud and between the two point clouds and the almost certain
likelihood that the two scans will not generate points at the same
positon on objects within the scans. In addition, the two point clouds
may not cover exactly the same area of the scene and therefore there
will be outliers. So a method where the two point clouds are not an
exact match was required, a direct method to calculate R and T was

developed by Arun et al. (1987) which decouples rotation from
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translation finding the best transformation by minimising the Euclidean

distance error E between each point and the transformed counterpatrt.

n
E = It = Ry, + DI 38
i=1

The rotation and translation are decoupled by finding the centroid p of
each point cloud and subtracting it from each point in the cloud. This
method finds the rotation matrix R by calculating the covariance matrix
H, where its eigenvector defines the rotation axis. The direct solution to
H can be found by using Singular Value Decomposition (SVD). In a
case where there is a large amount of noise or outliers it was suggested
that this method would fail to find a solution and a method such using
RANSAC was recommended (Fischler and Bolles 1981). Another non-
direct approach to solving a least squares problem uses iteration or
feedback to attempt to minimise the registration error. This method has
been applied to problems where the point clouds do not have a perfect
registration solution, which is normally the case with real world laser
scanner data. Rigid registration methods attempt to exactly solve least
squares, methods have been devised which iteratively remove noise
and outliers to reach a ‘best’ solution using a method known as lterative
Closest Point (ICP) (Besl and McKay 1992). Two main registration
methods that use ICP are point-to-point (Rusu 2010) and point-to-
surface (Low 2004). Both of these methods require the point clouds to
be roughly aligned initially so that the distance between related points is
small to prevent associating a point in the reference cloud with the

incorrect point in the target cloud. They will generally fail if this initial
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alignment is not carried out. The point-to point method, Figure 55,
attempts to reduce the effect of noise and outliers by assuming that the
point clouds are locally coplanar where they align. Other parameters
have been used to improve the success of correct point matching by
basing the match on: surface normal, colour or curvature. The main
difference between the two methods is the premise by which the
neighbouring point is determined; point-to-point searches for the
nearest neighbour, point-to-surface searches for the nearest neighbour
along a line projected from the destination cloud local normal vector,

Figure 56.

Iteration 1 q:

lteration n

Figure 55 ICP registration using point to point matching, image
(Bellekens et al. 2014)
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Figure 56 ICP registration using point to surface matching, image (Low
2004).

3.5.4 Semi-rigid

A semi-rigid registration technique (Lin et al. 2013) segments the point
cloud prior to registration in order to prevent areas of the scan which
are outliers or not present in both scans preventing error minimisation.
This method would be very applicable to registration using targets such
as spheres, where one or more of the targets may have moved slightly
or not been replaced accurately between scans. This was the situation
during the data collection phase for this research, which resulted in the
development of a semi-rigid registration technique which corrects the

sphere target positons prior to calculating the transformation matrices.

3.5.5 Non-rigid

Non-rigid transforms are suitable for registration of point clouds from
different sources or the scanned object undergoes deformation between
or during a scan. Non-rigid registration methods are often used in

medical tomography where the object scanned is tissue that deforms

116



and point data is derived from different scanners such as MRI and CT.
A method of non-rigid registration was developed by Rueckert et al.
(1999) which used rigid affine transformation for the global movement of
the scanned object and a derivation of free form deformation based on
B-splines (Lee et al. 1997) to model the local deformation of the object.
This type of non-rigid transformation technique may be applicable, in
the context of this research, to scans of buildings which are deformabile,

such as large areas of glass or metal sheet.

3.5.6 lIterative closest point

ICP can be split into two solution methods; linear (L2), a differentiable
squared cost function with a discrete solution and non-linear (L1),
where the solution is found by minimising the absolute value of the
residuals. The L1 method minimises the effect of outliers; various
methods for finding the minima in this non-linear function include
gradient decent, Levenberg-Marquart (LMA) (Marquardt 1963) and
Gauss-Newton algorithms. A special case of the point-to-point and
point-to-plane ICP methods was proposed by Segal et al. (2009) which

removed the assumption that the point clouds were geometric surfaces.

3.6 Summary

The objective of this chapter was to investigate the influences on laser
scanning intensity values including the potential benefit of multi-spectral
scanners to material classification. The basics of laser scanner
technology were reviewed, including methods of range measurement,

intensity correction and anomalous effects created in laser point clouds.
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As this research proposed the use of multiple scanners it was important
to review registration methods to combine the resultant point clouds.
The geometry of a laser point cloud leads to an assumption that a rigid
or semi-rigid method would be appropriate. The following outcomes can

be highlighted from this chapter:

1. The increase in intensity with range below 5m for the FARO 120
and the Leica HDS3000 scanners was unexpected and
influenced the selection of test data for this research.

2. Laser light is coherent which introduces an extra characteristic to
that of non-coherent light, the speckle pattern created by
constructive and destructive interference; this should be taken
into account when measuring the reflected intensity from a
surface. It may also hold a key to measuring texture that is below
the range precision of laser scanners.

3. In order to make use of the scanners intensity data, an
understanding of each individual scanners method of recording
the values was documented. The most significant was the
influence of variations in range and incidence angle on the
reflected intensity.

4. Direct measurement of incidence angle is considered and the
problems that result from range error when the point spacing is
of a similar magnitude were discussed.

5. Point clouds cannot be simply index like image data as they are
not arranged in rows and columns but a set of points spaced
dependent on the geometry of the object scanned; in order not to
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lose the raw resolution nearest neighbour indexing must be used
to relate the position of one point to another.

. Registration methods used to align multiple scans from a single
instrument may not produce the most accurate results if adopted
for aligning point cloud data from different types (makes) of
scanners, which may have different range and angle precision,

scan patterns and point densities.
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Chapter 4. A New method for Classification of

Construction Materials

4.1 Introduction

Based on experimental work and the literature review a methodology
was developed to classify materials using multispectral laser scanner
intensity data. The following Simulink Mathworks © diagram, Figure 59
shows the process that was developed and the following sections
explain the detail of this methodology, a neural network classifier is
shown in the diagram; other classifiers were also used. To introduce the
method this chapter introduces the three laser scanners that were used
to create the multispectral data. This includes a discussion of the
different formats of intensity data recorded by each scanner. Next the
test sites are defined and the reasons for choosing them. This is
followed by the method used to normalise the intensity values for
variations in incidence angle and range; this is based on ratios of values
of different wavelength. Next, to create the multispectral dataset the
point clouds of the three scanners were combined, the method adopted
for this process is defined. The final section of the chapter presents the
chosen classification methods, which included a neural network
classifier. The MatLab programs that were developed for the
classification tasks are provided in Appendix B. The chapter concludes

with a summary of the methodology and the outcomes.
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4.2 The Laser Scanners

It was ideally desirable to have as wider spectral range of laser
wavelengths as possible to cover the possible spectral response of the
construction materials in the scans. In reality, only three scanners were
available with different laser wavelengths, these were the FARO3P120
(905nm, near IR), Leica HDS3000 (510nm, visible green), Figure 57
and the Riegl VZ-400 (1550nm, mid IR), Figure 58. The FARO and
Leica belonged to the University and the Riegl was loaned from 3D
Laser Mapping®. The Leica and the Riegl scanners use ToF, the FARO
uses phase shift, for range measurement. The FARO and Leica
scanners had built-in cameras. The Riegl scanner had an attached SLR
camera. All three scanners recorded Cartesian coordinates, intensity

and RGB values for each scan point, Riegl VZ400 with attached DSLR.

Figure 57 FARO 3D 120, left, FARO © and Leica HDS3000, right, Leica
©.

4 3D Laser Mapping (3DLM), Bingham, Notts
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Figure 58 Riegl VZ400, Riegl ©.

The datasheets with detailed specification for each scanner are in

Appendix C.
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Figure 59 Workflow diagram of proposed method for materials classification. Based on a Simulink (Mathworks ©)
model. This example shows the use of an Atrtificial Neural Network classifier; trials were also carried out using other

classification methods
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4.2.1 FARO 3D 120 Intensity Values

The manufacturer stated® that the FARO 3D 120 scanner was not
designed as a reflected laser intensity measurement device. In addition,
stated the method by which it is measured is as follows, the reflected
laser light that is returned to the scanner goes through a pin hole at the
rear of the optics and is transformed into an electrical current via a
unknown type of photo-sensor. This current is amplified; a logarithmic
A/D converter produces the digital output. The manufacturer does not
calibrate the pin hole, amplifier, or converter, so the reflectance
measurements on the same surface may differ from scanner to
scanner. The values are stipulated in self-made units, (DN) which have

a range of 0 to 2047 (2!*-1 or divided by 8. gives the range 0 to 255).

The scanner measures irradiance the reflected power received from a
surface at the phot-sensor. This power is measured as Watts/m2. The
conversion between FARO units and Watts/m? is also scanner specific
due to the lack of calibration. The conversion from power to intensity
unit is non-linear. The maximum intensity measured by the scanner is
2047 units, an auto-gain control limits this in relation to a 99%
Lambertian target to prevent overexpose within the scanner's
measurement range. It is also ensured that a 2% Lambertian target
yields at least a reflectance value of 300. A limiting dark scan point filter
is used to eliminate very noisy data. The darker an object, the noisier

the scan points. There is also a filter to remove points that have a range

5 Email FARO Technologies UK, 2012
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calculated beyond the ambiguity interval, in trials if this filter is not used
a sequence of hemispheres of stray points are apparent in the point

cloud.

4.2.2 Leica HDS3000 Intensity Values

The Leica HDS300 records the reflected laser intensity as a Digital

number (DN) with a range from -1047 to +1047 (x21°).

4.2.3 Riegl VZ400 Intensity Values

The V-Line series of laser scanners were the first of Riegl scanners to
provide an amplitude measurement (A) for every echo. This value is
defined as the ratio of the actual detected optical amplitude (Pecho)

versus a detection threshold (PoL)

P
Agp = 10Log( ;Ch") 39

DL

The ratio is defined in decibels (dB), the range is 0dB to 50dB. The
amplitude values can also be output, after processing, as reflectance;
the relative amplitude to a reference target at the same range. Although
useful this measure of reflectance does not make any correction for

incidence angle.

4.3 Test Scan Sites

Two 360° horizontal by -30°/+60° vertical scans were made with each
scanner of the two test sites on Jubilee campus at the University of
Nottingham. The sites were chosen on campus and close to the
Nottingham Geospatial Institute (NGI) for ease of deployment, security

and ease of re-scanning if required. In addition, the Leica scanner
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required mains power which was available from the nearby offices. The
fist site was the campus gymnasium and the second a student
accommodation block. The two buildings were also chosen because
they were constructed of some common materials; this allowed
validation of the method. Also the buildings were constructed mainly of
brick, steel and wood and the area surrounding paved with similar
materials; this reduced the difficulty of creating a reference model to

validate the classification rate.
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Figure 60 Position of scanners (black cross) and location of buildings
for site 1 (blue) and 2 (red).
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To ensure that laser beam origin was from the same 3D point each
scanner was positioned with its optical centre at ‘the same’ 3D location.
The importance of this alignment was to ensure the range and
incidence angle to each scan point, from each scanner, was as close as
possible within feasible alignment accuracy. The scanners were
mounted on a tripod and tribrach, over a reference point, using the
tribrach’s optical plummet. Using the offset from the base of the scanner
to the optical centre a difference in height (dHt) to the top of the tribrach
was calculated for each scanner (Table 4). The final measured

alignment error was less than 5mm.

Table 4. Offset from base of scanner to optical centre, height from
ground to top of tribrach (dHt).

dHt
Scanner Offset (m) (m)
Faro 0.133 0.246
Leica 0.380 0
Riegl 0.232 0.147

The full FARO scanner point cloud, showing the scanner position,
reference spheres and test site positions are show in Figure 61. The full
scan is shown in Figure 61 site one is shown in Figure 62 and site two

in Figure 63.
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Figure 61 Point cloud of full FARO scan showing reference spheres and site positions. Both sites were scanned from the same
position
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Figure 62 Site 1 (Three of the five registration spheres are shown in
green)

Figure 63 Site 2.
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The training data for each classifier was randomly sampled from a

separate area of the scan than the test data, Figure 64.

[ rraining pata O restoata

Figure 64 Training (red) and test (blue) data areas.
4.4 Scan Data Pre-processing
Initial processing of scan data was carried out using each individual
scanner’s proprietary software: FARO Scene, Leica Cyclone and Rieg|
RiScan. The Cartesian coordinates, intensity and RGB values were

exported to file.

4.5 Intensity Ratios to Normalise for Incidence Angle and Range

Variations

The laser incidence angle and range, in this study, produce similar
problems as in the ‘Great Plains’ study, (Rouse et al. 1974). It could be
argued that using laser scanning data that range and the incidence
angle compensation could be directly calculated from the point cloud
data. However, if the range error and point spacing are of a similar
order, the calculated incidence angle is incorrect; an error of 45deg

when the range error equals point spacing; intensity ratios were used in
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this research to avoid this problem. Ratios of intensities (y;,), between
different laser wavelengths, were calculated for common points in two

scans of the same scene.

2

Di
U1 IR oy cosf
Y12 = > 40
2
Uz ITR*p2 0, cos
The scanners optical centres were co-aligned so that the range and
incidence angle at a common point was the same, reducing (y;,) to:
P
- Hq '3_1201
12 —
" D; . 41
2 2
B3

The receiver aperture, beam width and backscatter cross-section are
constants, (c1, c2), related to the two chosen scanners. The ratio of
these constants is the same for all points and can be expressed as a
single constant, (Ci2). The calculated intensity ratio for each scan point
therefore becomes dependent only on the surface reflectivity (spectral

signature), related to the laser wavelengths (A) of the scanners.

= 2
H@,) (42)

This ratio of intensities provides a measure of a materials reflectance, at
the two different laser wavelengths, that is independent of range and

incidence angle.

In order to achieve the goal of classifying materials using laser scanner

intensity data the following factors were investigated:
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Inter-scanner optical centre alignment.

Registration of scans from dissimilar scanners with dissimilar
scan point patterns.

Registration accuracy.

Creation of multispectral point cloud from registered scans.
Range and incidence angle correction using intensity ratios.
Classification using an artificial neural network.

N =

o0k w

The intensity values of each scanner were normalised to have values
within the range zero to one. This was achieved by scaling the data
using the manufacturers specifications. Comparison of intensity values
of a constant target with range showed that all three scanners
attenuated the intensity values at close range; less than 6m. The
attenuation was scanner specific; to avoid dissimilar objects having the
same reflectance, the chosen test scan area ranges were greater than
6m. To test the intensity ratio concept, a material which had
homogeneous surface reflectance/absorbance and a fine, near
Lambertian, surface was required. The registration spheres provided a
good test material providing a homogeneous reflectance and a variety
of angles of incidence and ranges, in a single scan. The spheres are
made of white coated polypropylene. A simple ratio of intensities p at
different wavelengths, A1 and Az, produces an infinite range of values,
producing outliers which skew the distribution. To overcome this
problem, Kriegler et al. (1969), in their research into detection of
vegetation in satellite images, used Normalised Difference Vegetation

Index (NDVI) which constrains the values to the range -1 to +1.

Crippen (1990), in his article ‘Calculating the vegetation index faster’,
proposed a modified version of the NDVI which has values between 0

to 1, this output range is particularly suitable for visualisation using
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proprietary software tools. The modified ratio is functionally and linearly

equivalent to the NDVI”.

H(ay)
(Hap + 1oy) 43

This function was used to normalise the laser intensity data for variation

NDVI';, ) =

in incidence angle and range within the scans by creating ratios
between the FARO and Leica, FARO and Riegl and Leica and Riegl|
scanner intensity values. These ratios were then used as the input to

each classification method used in this research.

4.6 Registration

Each scanner had a different scan geometry, point density and start
point. This meant that to create the intensity ratio data, intensities would
have to be assigned to neighbouring rather than discrete points. The
FARO scanner coordinate system was used as the reference, as the
FARO scan data was the highest point density. A k-d-tree index was
created to find the neighbouring points in the two other scanners’ data
and the intensity values were assigned to the FARO scanner’s point
data. A distance threshold (dt) related to range (r), using a constant
angular spacing (6), was used to exclude neighbouring rather than

nearest points.

dt =r6 44
The value of 8 was set to the Leica (0.7 mrads) and Riegl (0.75 mrads)

scanner’s step angle.
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In order to calculate intensity ratios, the scans required a common
coordinate system. In order to register all three scanners point clouds to
the same reference five reference spheres were positioned in the same
place within the scan volume for the three separate scans. Once each
scan was in a common coordinate system the intensity values of point
within a chosen distance of each other could be used to calculate
intensity ratios. Unlike a total station or a theodolite, direct
determination of the coordinates of discrete points using a laser
scanner is not usually possible, unless some points of different scans
happen by chance to coincide; virtual discrete points common to each
scan must be produced. A suitable object for deriving coordinates of an
virtual discrete point is a sphere (Schultz 2007), absolutely defined in
3D by the coordinates of the centre point and its diameter. A sphere has
a homogenous surface and is also invariant to viewing angle. The
sphere centres were calculated by fitting a sphere to their scan points

using least squares, by minimising S.

§= ) (=2 + =3 + (2= 2 = 1)? .

The residual sphere fitting error is shown in Table 5.

Table 5 Residual sphere fitting error.

Sphere # Range (m) Mean error (mm) Std. Dev. (mm)

1 6.296 0.003 0.670
2 10.379 0.005 0.873
3 14.975 0.007 1.035
4 17.202 0.103 3.800
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The error values were of the same order as the published range error of
the scanner. The FARO scanner data was used to calculate the sphere
centre positions, having the lowest published range error. Using the
derived artificial sphere centre coordinates an adaption of registration
method due to Arun et al. (1987) was used to convert the Riegl and
Leica coordinates to the FARO coordinate system. There were five
available reference points, the scanner position and the four virtual
sphere centre positions. To reduce the effect of the residual error in the
sphere centre positions, the range errors created by the high intensity
values at low incidence angles were discarded. Registration was also
attempted using an Iterative Closest Point (ICP) method (Besl and
McKay 1992) but the dissimilar scan patterns of the three scanners
often confounded the ICP algorithm. Image based registration methods
were considered, (Tournas and Tsakiri 2009) and (Weinmann et al.
2011) but the variation in point density of the difference scanners made
it difficult for these methods to find corresponding points in the
reference scan image. The residual registration errors were calculated
in using the relative distance between sphere centre positions after

registration (Table 6).

Table 6 Residual registration errors

Method Max error (m) Min error Mean error (m) Std. Dev.
(m) (m)
Rigid 3 point 0.025 <0.001 0.013 0.009
Rigid multi-point 0.016 0.002 0.008 0.005
ICP 0.013 0.002 0.008 0.005
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The residual registration errors were attributed to the positioning of
each scanner’s optical centre and inherent range errors. The published
range errors for each scanner are shown in Table 7; the error is

dependent on target reflectivity.

Table 7 Published scanner range error.

Scanner Range Range error + Angular error
(m) (m) (radians)

FARO 120 10 0.002 0.000010

Leica 1-50 0.004 0.000060

HDS3000

Riegl VZ400 100 0.005 0.000009

4.6.1 Multi-scanner point cloud registration

The registration techniques discussed below refer to registering
(aligning to a common reference frame) point clouds of a scene
measured by the same scanner from different viewpoints. These
methods are optimised for spatial accuracy; this research requires a
method that provides both spatial and spectral precision. The spectral
precision refers to the need to associate laser reflected intensity values
from each of the three scanners point clouds in order to associate three
intensity values to a single point. The challenge for this research was to
register point clouds from different scanners; which had different point
densities, scan patterns, range and angular precision. The existing
methods were reviewed and tested, finally adapted to create a new

method that provided both spatial and spectral precision.
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4.6.2 Finding a Unigue Common Point

Laser scanners, other than the latest integrated total station scanners,
are unable to define a unique point; the user cannot decide which points
are measured. Therefore, individual scans of the same scene will very
rarely contain common points but only neighbouring points. In the past
attempts to overcome this problem have depended on using
geometrical primitives such as spheres or circles, various mathematical
methods have then been applied to estimate a pseudo common point
such as the sphere or circle centre. In this work only sphere were used
due to their viewpoint invariance. They also were made of a very
homogeneous material ‘Spectralon’ which could also provide spectral

invariance.

4.6.3 Scanner and Sphere Alignment

The scans of the area of study were made on separate days; the Faro
and Leica scans were within one day of each other and the Riegl scan a
week later. The timing of the scans was dependent on the availability of
the scanners. The possible effect of ambient light conditions was taken
into consideration by choosing similar solar zenith angle and cloud
conditions. The registration spheres were located in the same positions
for all scans of the study area; in order to ensure repeatable accuracy
physical markers were placed at the sphere positions. The position of
each scanner was also physically marked; a periscopic tribrach was
used to align the scanner axis. The optical centre of each scanner was
positioned at same height above the marker. Positioning each scanner

in this way ensured that the bearing and range to a common point from
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each scanner would be the same; important to remove incidence angle
and range variation effects on the measured reflected intensity values.
The scanners were initially levelled using the tribrach and fine levelled
using the scanners own electronic level. At the start of each scan an
inbuilt inclinometer in each scanner measured the axis and angle error;
this was used to calculate a rotation angle of each axis. This rotation
angle was applied to correct each scan. The unusual arrangement of
aligning scans made from the same datum point and levelled to the
same local vertical, implied that to transform all scans into the same
reference frame only required rotation around the Z axis. This would be
very nearly true if the scans were made with the same instrument,
making the assumption that the range and angle errors would be of the
same order of magnitude and direction. The scans in this study were
from three different instruments with significantly different error in range
and angle measurement; the simple rotation method was modified to
include a second stage ICP adjustment to compensate for the differing

errors.

4.6.4 Calculating Registration Sphere Centres

Initial registration of the point clouds was carried out using a semi-rigid
transformation method; rotation around the Z axis, followed by an ICP
adjustment. To determine the rotation angle one or more common
reference points were required; as reference spheres had been placed
within the scan area, the calculate sphere centres provided this
common reference. The registration spheres were extracted manually

from each point cloud and the major outliers (>4 x residuals) were
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removed from the data. Four methods for determining the sphere centre

coordinates were assessed:

1. Least squares fit of a sphere using CloudCompare®; estimate
sphere centre coordinates and radius.

2. Estimation of sphere centre coordinates and radius by solving
linear system of normal equations. Code created in MatLab’,
solution of linear equations adapted from MatLab central code
library®

3. Estimation of sphere centre coordinates with known radius by
minimalizing function of a sphere. Code created in MatLab
adapted from FileExchange®.

4. ICP fit of artificial point cloud of sphere of known radius. A new

method created by the author.

Each method is explained in more detail in the following sections.

4.6.5 Least squares fit of a sphere (CloudCompare)

Within the CloudCompare program tools there is a sphere fitting routine;
this uses an unknown least squares method to achieve a best fit. In
general least squares methods that fit a sphere are based on the
assumption that (xo,Yyo,zo0) are the unknown centre coordinates, the

unknown radius R can be defined as:

6 CloudCompare V2 License: GNU GPL (General Public Licence)
7 MatLab 2015b
8 Levente Hunyadi ©2011, ©2014
9 MatLab Central ©2015
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RP=(x—x0)*+(y—y9)* + (z—2)? 46

The value of R is the square of the Euclidean distance to each point.
The aim is to minimise the sum of the squared distances between from
the point cloud to points on the sphere given by the intersection of a

straight line from the points to the centre of the sphere.

This can be expressed by a function S where:

5(x0, Y0, 20, R) = z (\/(x —x0)2+ (y —yo)? + (z—2)% — R)2 47

4.6.6 Least squares fit of a sphere (unknown radius)

In addition to the use of CloudCompare’s least squares method a
MatLab version was created, this gave complete control over the
process rather than depending on effectively a black box solution.
Additional features allowed the residual radius errors to be calculated
and visualised by colour variation of the points in proportion with the

error and direction of the error, Figure 65.
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Figure 65 Residual sphere fit error, least squares method with radius unknown. Histogram shows mean [green], 1 std dev red]. Top
shows initial fit and bottom shows fit with residuals >0.002m removed.
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4.6.7 Minimalizing function of a sphere (known radius)

MatLab has a built-in function ‘fminsearch’ which finds the minimum of a
scalar function using an initial estimate; often referred to as
unconstrained nonlinear optimisation. It follows a method that uses the
Nelder-Mead algorithm described in (Lagarias et al. 1998). An
implementation of this function was used to minimise the function S2

where:

§2 = Z((x @)+ (y—b)2 + (2 — ©)2)? 48

4.6.8 Artificial sphere point cloud

In order to fit a sphere of the correct radius the following method was
developed. An artificial sphere point cloud was created and registered
with the spheres in each scanner’s point cloud using ICP. A sphere was
then fitted to the artificial sphere point cloud to determine the
coordinates of its centre, the centre point coordinates were then used to
calculate the transform. This method initially proved to have very little
success as the ICP method failed to achieve even a poor (<1cm) level
of alignment. The full sphere model was cut to a hemi-sphere and the
ICP algorithm reapplied; this produced a successful alignment. The
artificial sphere was now at the position of the original registration
sphere point cloud, a sphere was fitted to the artificial sphere point
cloud and the centre coordinates were used to calculate the

transformation matrix.
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Figure 66 Artificial sphere point cloud [red] of defined radius (0.0725m)
aligned to registration sphere point cloud [blue], then fitted with a
sphere mesh [grey].

The rms error using this method was less than 3.85 x 107 and the
radius error was 3.93 x 10" m. This method was applied to all of the
registration spheres for each of the three scanners. This method was

implemented in MatLab using the authors own code.

4.6.9 Error assessment of sphere centres

The determination of the sphere centres was dependent on two factors,
scanner precision (range and bearing accuracy) and estimation of
sphere radius (when known radius not used by technique). The first
depends on the scanner and the second on the sphere fitting method
employed. Assessment of the error in measuring the sphere centres
was based on the methods used by Wunderlich et al. (2013). There
were two main errors resulting from the process of determining the
sphere centre, error between the known and estimated radius and

spatial error. Spatial error was calculated for methods using known and
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unknown radius. The sphere mean radius error Rk was defined as the

sum of k squared radius errors re divided by k.

49

The method of determining the centre of each sphere, for each
individual scanner, varied the coordinates by less than 0.003m (Figure
67), the residuals have two components, range and bearing accuracy
and sphere radius. The radius residual errors for each scanner are

shown in Figure 68 (FARO), Figure 69 (Leica) and Figure 70 (Riegl).
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Figure 67 Residual error, in each scan, between each method of
calculating sphere centres.
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Figure 68 FARO scanner sphere radius residual error (m), where the
method has estimated the radius. Artificial sphere method residuals <5
x 10'm.
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Figure 69 Leica scanner sphere radius residual error (m), where the
method has estimated the radius. Artificial sphere method residuals <1
X 10°m.
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Figure 70 Riegl scanner sphere radius residual error (m), where the
method has estimated the radius. Artificial sphere method residuals <2
x 10°m.

The artificial sphere ICP method of estimating the sphere radius had the
smallest residuals for all scanners and the largest residual was 2 x 10
5m. This method also had the smallest inter-sphere position errors; the

results were used as input to inter-scan registration to create the multi-

spectral point cloud.

4.6.10 Inter-scanner sphere position error

Having determined the variation in error between sphere centre
calculations, the error between matching spheres from different
scanners point clouds was necessary prior to registration. The spatial
error between matching spheres from one scanner to another was
determined by comparing the resulting position of the sphere centres.
This error could be calculated as a bearing and range from the scanner

or as Cartesian coordinates. Spatial error could be due to scanner or
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sphere centre position error, the scanner position error would be
evident as a XY translation error, whereas the sphere position error
might involve translation and rotation. It is difficult, if not impossible, to
decouple the scanner and sphere position errors. The spheres had to
be removed and replaced between successive scans which introduced
some error between scans. A summary of the sources and associated

errors is shown in Table 8.

Table 8 Sphere position sources and associated errors (*estimated)

Error source | Bearing Range/ Remarks

(radians) distance

(m)
Sphere <0.00048* | £0.003* Bearing — nearest sphere,
placement range - width of marker
Scanner <0.00030* | £0.002* Bearing — nearest sphere,
placement range - width of registration
nail

Scanner 0.000010 | +0.002 FARO Focus!?°
precision 0.000060 | +0.004 Leica HDS3000

0.000009 | +0.005 Riegl VZ400

The significance of the sphere position error in this work is related to the
accuracy of the production of a multi-spectral point cloud; the errors
ideally should be less than the point correlation between each scanners
point cloud of the same scene. This ensures the most accurate
assignment of triple intensity values to the reference point cloud. The
point spacing and beam width for each scanner at various ranges is
shown in Table 9. The table shows that at the scanners’ maximum
resolutions there is beam footprint overlap and the range and distance

errors are of similar magnitude as the beam footprint. The scanners
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quoted resolution are also of the same magnitude as the placement
error. Due to the nature and source of the errors the overall effect may
cancel or double the overall error for individual points within the cloud

scene.

Table 9 Scanner laser beam diameter and point spacing with range at
maximum resolution (min step angle).

Range Beam Diameter  Point spacing Points/Beam
Scanner (m) (m) (m) diameter
FARO 5 0.0040 0.0008 5
10 0.0049 0.0016 3
15 0.0059 0.0024 2.5
20 0.0068 0.0031 2
Leica 5 0.0060 0.0012 5
10 0.0060 0.0012 5
15 0.0060 0.0012 5
20 0.0060 0.0012 5
Riegl 5 0.0068 0.0002 34
10 0.0085 0.0004 21
15 0.0103 0.0006 17
20 0.0120 0.0008 15

4.6.11 Registration Sphere Position Error Correction

Four registration spheres were used in each scan; these were placed in
the same position for each scan and at a maximum range was set to
ensure that there would be sufficient points (greater than 10) on all
spheres. The spheres were placed in a pattern such that three were
equally spaced and collinear and a fourth nearly at right angles to the
centre of the line of spheres. The collinear arrangement was chosen so

that range and bearing error could be assessed for each scanner; the
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bearing from sphere one to two should be the same as from two to
three. This arrangement would also indicate if inter-scanner optical
centre miss-alignment, as this would show up as a constant error in the
inter-sphere bearing and/or range. The collinear arrangement was
considered acceptable as any transformation would not cause a rotation
about the line as there was a further point and the scanners were

levelled.

When using registration spheres with a single scanner the errors due to
range and angle made by the scanner may be assumed to be similar for
each scan. If different scanners are used, as in this research, then each
scanner will have their own range and angle measurement errors. This
will mean that the calculate sphere centres will have differing positional
uncertainty; therefore, to improve the registration accuracy some form
of correction must be made to the sphere centres. One scanner can be
chosen as the reference; the other scanner sphere centre positions

corrected to this reference.

If registration targets are used to calculate the rigid transform between
two or more point clouds, there will be inherent errors in the absolute
and relative position of each target between scans. The problem is to
minimise this error; the similarity of this problem and that of traverse
closure in surveying was used to develop a new method. A traditional
traverse aims to measure the bearing and range between successive
reference points, finishing by measuring back to the start point. Many
methods of adjusting a traverse have been developed, the most notable

being the compass, transit and least squares. The least squares
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method was rejected as the method requires redundant measurements,

which were not available for this problem (sphere alignment).

4.6.12 Pseudo traverse correction method

The error E can be expressed as the sum of the latitudes A and the sum

of the departures ¢, (Bowditch 1807).

Pn Pn
E; =ZA and E, =Z(p
P1 P1 50

To close the traverse and minimise the error the error of closure Ec
must be minimised.

The precision of the closure can be expressed as the ratio of the error

to the length (L) of the traverse (perimeter).

Ec

Precision = ———
perimeter 52

To reduce the overall error in the transform for registering two or more
point clouds using targets the position of the targets in each scan must

be adjusted.

4.6.13 Bowditch compass rule

The Bowditch (Bowditch 1807) or sometimes called the compass rule
distributes the errors at each point made the assumption that angles

and distances had the same error and the errors were random. A
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correction (C) to the latitude and departure is made at each point (ab,

bc...).

E,L E, L
_labandc(p:_ (pLab 3

C., =
A L

4.6.14 Transit Rule

The transit rule makes the assumption that the instrument has higher

angular than range precision.

Q=g

4.6.15 Pseudo traverse correction method selection

The main difference between the remaining two methods considered
was the treatment of range and bearing error. Table 8 gives the
manufacturer’s published precision for the three instruments used in
this study; Table 10 shows that the precision in angle measurement is
always significantly better than range measurement for all three
instruments. Therefore a traverse closure method that weights angle
and range measurement error differently should be preferred; both
methods were assessed and the results are shown in Figure 72 &

Figure 73.

151



Table 10 Comparison of linear precision due to angle and range.

Linear Precision (m) Angle/Range (m)
Angle Range

Scanner Range (m)

FARO 5 0.000050 0.002 40.00
10 0.000100 0.002 20.00
15 0.000150 0.002 13.33
20 0.000200 0.002 10.00
Leica 5 0.000300 0.004 13.33
10 0.000600 0.004 6.67
15 0.000900 0.004 4.44
20 0.001200 0.004 3.33
Riegl 5 0.000045 0.005 111.11
10 0.000090 0.005 55.56
15 0.000135 0.005 37.04
20 0.000180 0.005 27.78

4.6.16 Registration using the corrected sphere centres

After minimising the sphere position errors using the adapted Bowditch
method, the mean rotation angle was applied to initially align the Leica
and Riegl point clouds to the FARO reference. The residual error point
to point was calculated and then the alignment was refined using ICP
(point to point). Again the residual error was recorded, and the mean
rotation angle and ICP transformation matrix then applied to the full
point clouds. The multi-spectral point cloud was then created from the

aligned clouds.

4.6.17 Detection of angle and range error

Spheres surface were precision made so the curved lines drawn by the
scanners on each sphere should be perfect major and minor circles,
any deviation is an indication of ranging or angle error. As the angular
precision of the scanners is very high, the main source of error was

considered to be range.
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4.6.18 Sphere position errors

The uncorrected residual error in sphere positions is shown in Figure
71, the corrected residuals using the Transit rule are shown in Figure 72
and the Bowditch method in Figure 73. It was concluded that spheres
numbered 3 and 4 were moved from the datum positions in the Riegl|
and Faro scans. If the error was due to miss-position of the scanner all
spheres for that scan would be shifted from the mean. The sphere
positions were corrected using adapted versions of the Bowditch and
Transit traverse closure methods; the Bowditch method produced the

smaller residual errors.
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Figure 71 Residual sphere centre position errors (Uncorrected), Faro
scanner reference system.
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Figure 72 Residual sphere centre position errors (Transit rule
correction), Faro scanner reference system.
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Figure 73 Residual sphere centre position errors (Bowditch correction),
Faro scanner reference system.

4.7 Classifiers

There are many classification methods, including supervised,

unsupervised, parametric and non-parametric (Tso and Mather 2009).
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The maximum likelihood classifier may be suitable for thematic
classification where the data is sourced from a single sensor (Lichti
2005). This research uses data from three dissimilar scanners, from
multiple non-simultaneous scans; as such a classifier that was tolerant
to sensor differences and changing atmospheric conditions was
required. Brown et al. (2008) used an Artificial Neural Network (ANN) to
map NDVI indices from the Advanced Very High Resolution Radiometer
(AVHRR) to those from the Moderate Resolution Imaging
Spectroradiometer (MODIS). Some artificial neural networks have been
shown to classify data that are multi-mode or not linearly separable in
the original spectral space (Szuster et al. 2011). A network designed
with multiple layers and back propagation such as the Multi-Layer
Perceptron (MLP) is capable of classifying non-linear datasets found in
land cover and urban remotely sensed imagery. In light of the above

several techniques were implemented as classifiers:

1. Feedforward backpropagation neural network.
2. Decision tree.

3. Discriminant.

4. Support Vector Machine (SVM).

5. K-Nearest neighbour.

Different configuration of each classifier and different combinations of
the input dataset were tested. The neural network classifier has many
factors to its configuration and therefore explained in more detail here

the other classifiers have been discussed earlier.
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4.7.1 Neural Network Classifier
The most common neural network that has been used in classification

of remotely sensed data is the multi-layered perceptron (MLP), with
feed forward back-propagation design. Artificial neural networks are
based on biological neural networks, consisting of inter-connected
neurons within a layer and between layers. The network typically has
one input, one or more middle (hidden) and one output layer. The input
to each neuron is a weighted sum of the outputs from the connected
neurons; this is known as the transfer function. Each neuron processes
the weighted sum using an activation function. The activation function is
the biological neural network equivalent of the rate of action potential
firing in the neuron. The most commonly used activation functions used
in pattern recognition are log-sigmoid and tan-sigmoid functions (Mather
2004); both of these were used in this study. Sigmoid functions are
thought to be the closest equivalent to biological neurons as, unlike a
step function; they have a region of uncertainty. During training the
weights are initially random values and after each cycle of calculation
through the network the weights are adjusted so that the error between
the calculated output and the required output value is minimised; this is
the back-propagation element of the network. The cycle of calculation
continues until the required error is achieved or the maximum number
of cycles is reached. The network’s memory is the final weight values;
the network is tested by presenting unknown input values and using the
store weights during the calculation. A set of inputs representing a

trained class will produce the associated output to the class. A detailed
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description of the training functions used with the proposed ANN are in

Appendix D.

4.7.2 Artificial Neural Network Approach

Integration of the advantages in existing feature extraction and
matching techniques and neural network classification techniques is
proposed to create a more flexible and adaptive method. One proposal
is to combine the rotation and scale invariance of the SIFT (Lowe 2004)
algorithm with neural network stereo image disparity matching. The
method would initially use stereo images from a point cloud in order to
test existing image matching techniques; this step would be removed
subsequently and the system would use raw point cloud data s input. A
second hybrid proposal would use images of objects as training data

but the recognition / matching phase would use point cloud data.

A difficulty in using a laser point cloud as input to a neural network is its
3D nature and consequent algorithmic and memory problems. If the
point cloud could be reduced to 2D without any loss of fidelity these
problems might be reduced and neural network methods used in 2D
could be implemented. Wang & Hsiao (1999) extracted 3D information
from stereo pairs of images using a BP network that was image
independent; once trained on one pair of images it could be used to
match any other pair. This ability was due to the use of feature
differences; three features were used: intensity, variation and
orientation. A limiting factor of their use of imagery was the variability of

intensity values because of the variations in solar illumination; laser
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scanner returns would not have this limitation as they are self-
illuminated.

4.7.3 Design

An example of a feed-forward back-propagation network consisting of
one input, one hidden and one output layer is shown in Figure 74. Only
one and two hidden layer designs were used as larger number of
hidden layers have been shown not to improve classification accuracy
(Zhou and Yang 2004). The number of neurons in the input layer was
set to the number of laser intensity ratios (three) for each point and the
output layer was set to the number of trained classes (five). The number
of neurons in the hidden layer was varied between five and fifteen. A
bias was used to shift the activation function enabling customisation of
input to output. The training algorithm was scaled conjugate gradient
back-propagation, producing a fast gradient descent method (Mgller
1993) which reduced the learning phase to an acceptable time when

run on a standard PC.

Hidden Out put

Input Output
1l | BT

10 5

Figure 74 MATLAB Neural network design: w=weight, b=bias, activation
function denoted by the rectangle and sum.

4.7.4 Data
The intensity values of a set of five classes of material, were extracted

from the point cloud; these were wood, brick, steel, gravel and

158



pavement. These materials were chosen as they represented over 90%
of the building’s construction and provided a degree of variation in
range and incidence angle, to test the capability of the chosen
methodology. The neural network had inputs, representing the intensity
ratios, a variable number of neurons in the hidden layer and five
outputs, representing the five chosen classes of material. Training and
test data sets were produced from co-registered multiple scan data. The
training input data was created from random samples of each material
class using CloudCompare®© point cloud software. Training data was
formatted into examples and targets for each class compatible with
MatLab neural network application.

4.7.5 Training

A supervised network requires training; this is carried out by presenting
the network with intensity ratio examples of each class. The network
was trained with 500 examples of each of the five classes. The training
data was chosen from an area of the scan that was not in the
subsequent test data. This was important so that the training data would
not influence the test results. However, the training data was less than
0.08% of the test data. Training was complete when no further
improvement in the back-propagation error or the maximum number of
iterations was reached. The training data was not used in the testing
phase.

4.7.6 Testing

The network performance was evaluated using the ‘ground truth’

reference dataset of the complete test site. The network produced
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output values, between zero and one, for each class; the higher the
value the more certain the network was of the scan point belonged to
that class. A class number and false colour value was then assigned to
each scan point based on the ANN output to denote class membership.
This classified point cloud was then scored against the reference point

cloud and the results shown in a confusion matrix format.

4.8 Summary

To develop a method for classifying materials, using the spectral
signature of the material, it was evident that the main influences on the
quality of the results were: normalising reflected intensity for variations
in range and incidence angle, alignment of each scanner, co-
registration of the individual scanner point clouds and finding a suitable

classifier that fitted the requirements of the data.

The variation in range and incidence angle was resolved by the use of
ratios of the intensity ratios between each scanner and hence creating
ratios of wavelengths. This solution was supported by the research by
(Rouse et al. 1974) in their ‘Great Plains’ study into monitoring
vegetation health by the creation of a new vegetation index they called
NDVI. The accurate alignment of the instruments was achieved by
knowledge of each scanners construction and dimensions so that their
optical centres could be offset from a known reference. The registration
of the three individual scanner point clouds was achieved by
assessment of the reference sphere alignment using a variation of

Bowditch traverse correction method and a semi-rigid transformation.
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Rather than pick just one classification method several classifiers were
implemented, including several configurations of each classifier. In
addition to traditional classifiers a neural network classifier was also
used. A common method of measuring the classifiers performance was
used to enable ease of comparison of the results. The method drew
aspects of methodology from many different disciplines, the method
presented here was optimised for the task of material classification

using laser scanner reflected intensity values.
The novel features of the presented methodology were:

1. Automated classification of construction materials, which could
be used to populate a BIM database in parallel with the spatial
data, by using multispectral laser intensity data.

2. The use of multiple terrestrial laser scanners, where each had a
different laser wavelength, to produce a multispectral point cloud.

3. A novel reflected laser intensity normalisation approach which
counteracted the variation in the recorded intensity values
caused by incidence angle and range variation. This approach
used intensity value ratios, at each point, using three different
wavelengths.

4. An adaption of a traditional traverse closure method was
developed; this method minimised the effect of the differences
between each scanner’s scan pattern, beam divergence and
range precision, on the accuracy of the multispectral point cloud

data.
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5. Incorporation of texture as a classifier input to improve the
delineation between classes, in order to improve tolerance to the

natural variation in a material’s spectral signature.
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Chapter 5. Results

5.1 Introduction

The results are presented in three sections, the first shows validation of
the intensity ratio principle using registration spheres to provide a
variation of range and incidence angle and a homogeneous surface
type. The second section presents the classification of site 1 and the
third section, validation of the classification method. The final section
presents the results from adding texture attribute to the classification
process. This is followed by a summary of the results and discussion of
the significant findings. The complete set of classification results are
presented in Appendix A. A sub-set of results that are referenced in the

discussion are also presented.

5.2 Intensity Ratio Validation

To test the validity of the intensity ratio theory, intensity ratios from each
of the three different wavelength scanners where calculated from scan
data of four registration spheres; Figure 75 shows intensity ratios at
varying incidence angles and Figure 76 at varying ranges. The variation
in the concentric patterns produced shows the deviation from constant
ratio for each range or incidence angle change. As there were many
points on each sphere the variation of the ratio of intensities appear
almost circular, whereas the four spheres used for intensity ration

variation with range appear as squares.
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Figure 75 Sphere: Intensity ratios versus incidence angle (degs) @6.2
m: (FARO/Riegl [green], Leica/Riegl [red], FARO/Leica [blue]). Outer
axis is incidence angle in degrees.
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Figure 76 Sphere: Intensity ratios versus range (6.23m, 10.31m,
14.91m, 17.13m) FARO/RIiegl [green], Leica/Rieg! [red], FARO/Leica
[blue]. Outer axis is range in metres.

To further show the result of using ratios of intensity to normalise the

effects of changes in incidence angle, pairs of intensity values from
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different wavelength scans were converted to ratios using the NDVI
formula. The single wavelength result is shown in Figure 77 and the
ratio of two different wavelengths is shown in Figure 78; this shows that
the reflected intensity was normalised to constant value for a
homogeneous material (FARO flexi sphere). The incidence angle
variation was zero to eighty degrees. The registration sphere had a
Lambertian reflective surface but the pillar it was mounted on was

polished steel which was considered to be a specular reflector, the

effect on the intensity ratio is shown in Figure 79.

Figure 77 Variation of intensity across the surface of a registration
sphere (FARO Flexi), single wavelength NIR, using the FARO scanner.
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Figure 78 Constant intensity ratio variation across the surface of a
registration sphere (FFARO Flexi), two wavelengths NIR and green,
FARO and Leica scanners respectively.

Figure 79 Ratios of intensity shown from a registration sphere and the
mounting pillar. The pillar is polished steel, a specular reflector.

5.3 Class Separation
A plot of site 1 intensity ratio data representing each class is shown in

Figure 80. The plot shows that the classes were not linearly separable;
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separation required a 2D or higher hyper plane. The some classifiers
were able to use higher dimensional hyper planes to separate the data
such as the ANN via the network’s hidden layer. The results of
classification of site 1 reflect the class clustering evident from the 3D

view in Figure 80. This was especially so for classes one and two.

1550nm

03 0.5 905nm

510nm

Class # 1 2 3 4 5 6

Description Wood Brick Steel Gravel Pavement Unclassified

Figure 80 A plot of intensity ratios for each class at 1550nm, 905nm and
510nm wavelengths,

5.4 Site 1 Classification Results

The multispectral point cloud data was classified using a number of

different classification techniques:

1. Decision tree.
2. Discriminant analysis.
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3. Support Vector Machine (SVM).
4. K-nearest Neighbour (KNN).
5. Backpropagation Artificial Neural Network (ANN).

The classification learner application in MatLab was used for training
except the neural network classifier which was developed using MatLab
code for training and testing. The remaining classifiers were tested and
scored using custom MatLab code. The created MatLab code is in
Appendix B. The performance of each classification method was scored
against a reference point cloud of known classes. The site 1 reference

point cloud is shown in Figure 81.

Class # 1 2 3 4 5 6

Description Wood Brick Steel Gravel Pavement Unclassified

Figure 81 Site 1 reference point cloud. The reference cloud was
manually created within CloudCompare ©.
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The choice of classes was also chosen to overlap materials in Site 2

point cloud, in order to further validate the usefulness of the technique.

5.4.1 Site 1 Classifier Results

The classification results for all classification methods except the ANN
are shown in Table 11 and the ANN classifier results in Table 12. The
complete set of detailed results are presented in Appendix A. These
detailed results are for each classification method and for each trial are
given in confusion matrix form for validation and test data and also as a
false colour snapshot image of the 3D point cloud. The confusion
matrices show the results as a percentage and include the False
Negative Rate (FNR). Some detailed results are included in the next

section to support the discussion.

Table 11 Classifier results for site 1.

Classifier Classification rate (%)
Validation
# Type Sub-Type Ratios Data Test Data
Decision

1 tree Complex All 98.6 86.0
2 Discriminant Linear All 94.4 83.8
3  Discriminant Quadratic All 98.6 84.8
4 SVM Linear All 98.4 88.0
5 SVM Quadratic All 98.6 87.3
6 SVM Gaussian All 98.2 88.2
7 KNN Medium All 99.2 87.0
8 KNN Subspace All 99.0 85.4
9 KNN Weighted 1,2 89.3 78.7
10 KNN Weighted 1,3 89.8 77.1
11 KNN Weighted 2,3 98.0 84.3
12 KNN Weighted All 98.2 87.0
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Validation data was a sub-set of the training data that was separated
from the data prior to training, the validation data was used after training
to estimate the quality of the training before testing on the much larger
test data. The training data and test data were from separate sections
of the site and did not overlap. The test data is the complete site 1,

point cloud.
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Table 12 Summary of ANN classifier results for site 1.

Hidden Layer

Classification rate (%)

Transfer Training Noof Noof Validation Score

# Function Function Ratios layers neurons data Test data Epochs threshold
13 logsig trainscg All 1 10 99.5 87.2 51 0
14 logsig traincgb All 1 10 99.5 87.3 48 0
15 logsig trainrp All 1 10 98.9 86.9 73 0
16 logsig trainrp All 1 5 99.3 85.3 138 0
17 logsig trainrp All 1 15 98.7 86.6 53 0
18 logsig trainrp All 2 10,10 99.2 87.0 54 0
19 logsig trainrp 2,3 1 10 97.6 88.9 37 0.9
20 logsig trainrp 1,2 1 10 89.5 79.3 45 0.9
21 logsig trainrp 1,3 1 10 89.7 74.7 65 0.9
22 logsig trainrp All 1 10 98.1 90.6 44 0.9
23 logsig trainrp 1,3 1 10 89.7 78.1 66 0.5
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The validation results were higher as the data was a sub-set of the
training data and therefore a closer fit. Several backpropagation neural
networks were trained and tested, different training and transfer
functions and number of hidden neurons/layers were investigated. The
log sigmoid (Figure 82) transfer function was used as this has a range

0-1 which matched the training data class format.

i

a = logsig(n)
Log-Sigmoid Transfer Function

Figure 82 Log Sigmoid transfer function definition.

A summary of the ANN classifier results for site 1 are shown in Table 12
and confusion matrices and false colour images are listed below. The
classification rate was measured against the same reference point
cloud as the other classification methods above, Figure 81. A key to the
training and transfer functions used with the ANN classifier are shown in

Table 13 and Table 14.

172



Table 13 Training function and acronyms used in results table.

Training function Acronym
BFGS Quasi-Newton trainbfg
Conjugate Gradient with Powell/Beale

Restarts traincgb
Fletcher-Powell Conjugate Gradient traincgf
Polak-Ribiére Conjugate Gradient traincgp
Variable Learning Rate Backpropagation traingdx
Levenberg-Marquardt trainlm
One Step Secant trainoss
Resilient Backpropagation trainrp
Scaled Conjugate Gradient trainscg

Table 14 Transfer functions and acronyms used in results table.

Transfer

function Acronym Output
Log-Sigmoid logsig 0-1
Tan-Sigmoid tansig -1-+1
Linear pureln -inf - +inf
Radial Bias radbas -inf - +inf

5.4.2 Site 1 Classifier Results Analysis

The overall classification rate ranged between 74.7% to 90.6%, with a
mean of 84.8% for the more traditional classifiers and 84.7% for the
ANN classifier. The individual class classification rates varied from
74.8% to 100%. The classes with the highest classification rate were
steel, gravel and pavement, whilst the wood and brick classes had
significantly lower rates. Classifiers were tested with all three inputs and
with combinations of two inputs; rates were higher with all three inputs
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other than the combination of combination of ratios two and three. The
class separation plot is repeated here in Figure 80 as this shows the
distinct separation of the brick class into two clusters and the wood
class spread across the same range of values; furthermore, the brick
and wood class occupy the same region of space for a percentage of
the clusters. The plot of the clusters shows how the classes are linearly
separable in three dimensions; two linear classifiers were tested and
performed much better than expected, failing only to separate the brick
and wood classes, here the classification rate fell to 75.7% and 69.9%

respectively for the Linear discriminant method

The test dataset included noise in the form of stray points due to
scanner limitations, moving objects (people walking through the scan in
progress) and reflections from glass. Some noise was also introduced
by the process of combing the three scans caused by incorrect
assignment of neighbouring scan points from different classes; a
problem that might be reduced by iterating the classification process.
The data set was not manually cleaned to remove the noise, where it
was apparent, as it this would have overrated the viability of the method

for realistic data sets.

Another factor that may have influenced the results was texture, the
reflected intensity from a common surface might vary if the texture of
the surface varies due to the varying normal angles to the micro
structure of the material. However, surfaces with constant texture, such
as the steel in this example should return similar reflections form any

part of the surface. Absorption at certain wavelengths would also affect
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the reflected intensity. The alignment and beam footprint difference
between the three scanners also introduced variations in the intensity
measurements; the magnitude of the effect would vary between
textured and smooth surfaces. The beam footprint size acted similar to
a mean filter and varied between the three scanners. A reason for this
choice of test site was the range of material texture, as it was hoped to
give some insight into the effect of texture. The texture size considered
was not within the wavelengths of the lasers; this was considered
earlier in the discussion on laser speckle. Some support for the
preceding premise was evident in the consistently high classification
rate of the steel class. The steel structure on this building was painted
which gave it a smooth matt finish with very low texture variation. The
high classification rate may also have been due to this being the only
class where the surface was homogeneously one material; all the other
classes were made up of one main material interspersed with several
others. The classification rate varied dependent on the classifier. The
results in any further study may be improved for these classes by
treating the inter-material, for example mortar with brick, as an extra

class.

In this section results are analysed by class. A summary of the

classification rates for each class in each test is shown in Table 15.
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Table 15 summary of classification rate by class. Number of neurons in
hidden layer (#), ANN score threshold (Thr).

Class #

1

2

3

4

5

Class description Wood

Brick Steel Gravel Pavement

# Classifier #  Ratios Classification rate % Thr Mean Rank
1 Decision tree Complex All 92.2 768 80.8 93.6 86.7 - 86.0 12
2 Discriminant Linear All 69.9 757 920 99.3 82.3 - 83.8 19
3 Discriminant Quadratic All 91.6 751 753 944 87.7 - 84.8 17
4 SVM Linear All 924 757 895 97.6 84.7 - 88.0 4
5 SVM Quadratic All 944 753 863 955 85.0 - 87.3 5
6 SVM Gaussian All 91.0 753 915 982 84.7 - 88.1 3
7 KNN Medium All 93.0 748 867 951 852 - 87.0 9
8 KNN Subspace All 87.4 759 794 984 86.0 - 85.4 13
9 KNN Weighted 1,2 719 59.2 829 947 84.7 - 78.7 20
10 KNN Weighted 1,3 71.8 76.0 526 98.6 86.8 - 77.2 22
11 KNN Weighted 2,3 90.3 760 81.8 89.6 83.7 - 84.3 18
12 KNN Weighted All 925 761 8.7 95.0 85.6 - 87.0 8
13 ANN trainscg 10 All 926 773 856 950 85.6 0 " 87.2 6
14 ANN traincgb 10 All 90.0 76.2 854 989 84.0 0" 869 10
15 ANN trainrp 10 All 8.0 759 819 947 85.8 0 g 85.3 14
16 ANN trainrp 5 All 90.3 761 859 95.2 85.3 0" 866 11
17 ANN trainrp 15 All 91.1 780 840 96.3 85.9 0" 871 7
18 ANN trainrp 10,10 All 90.2 76.0 828 932 83.0 0 " 85.0 15
19 ANN trainrp 10 2,3 90.2 760 828 93.2 830 09 85.0 15
20 ANN trainrp 10 1,2 79.7 70.2 97.4 100.0 100.0 0.9' 89.5 2
21 ANN trainrp 10 1,3 91.1 945 00 99.2 88.6 09 747 23
22 ANN trainrp 10 All 97.0 812 882 99.2 873 09 90.6 1
23 ANN trainrp 10 1,3 571 775 70.8 98.8 86.4 0.5' 78.1 21

Max 97.0 945 97.4 100.0 100.0

Mean 86.8 761 79.5 96.2 86.0

Min 57.1 59.2 0.0 89.6 82.3

The highest scoring classes were gravel and pavement, the lowest

brick, steel and wood in between. The worst classification rate was zero

for the brick class with ANN classifier (21). The classification rate with

the ANN classifier can be seen to be sensitive to the score threshold.

The score threshold is a measure of the certainty of class membership,

the scores range from 0-1, which equates to not in class to certainly in

class.
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5.4.3 Class 1 Wood

The highest score for class 1 wood was 97.0% this was an ANN
classifier using all three ratios and with a score threshold of 0.9. A false

colour image of the result is shown in Figure 83.

Class # 1 2 3 4 5 6

Description Wood Brick Steel Gravel Pavement Unclassified

False colour

Figure 83 ANN classifier result as false colour image. Some areas of
the scan are in shadow from vegetation.

The areas which were miss-classified or not classified were mainly in
one area and showed a linear form consistent with the plank shape and
gaps between the planks. It can be seen from the image that some of
the brick was miss classified as wood, particularly on the near pillar.
Vegetation, bottom right, and the tree trunk were also classified as
wood. The lowest classification rate was 57.1% from an ANN classifier

using only ratios one and three.
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5.4.4 Class 2 Brick

The highest classification rate for class 2 brick was 94.5% using an
ANN classifier and only ratios one and three, but this was at the

expense of the other classes, Figure 84.

Class # 1 2 3 4 5 6

Description Wood Brick Steel Gravel Pavement Unclassified

False colour

Figure 84 Classifier 21 classification rate as false colour.
5.4.5 Class 3 Steel
The highest classification rate for class 3 steel was 97.4% using
classifier 20, ANN using ratios one and two. However the worst
performance was 0%, classifier 21, ANN using ratios one and three.
However, when the score threshold was set to 0.5 rather than the

previous 0.9 improved to 70.8% with the same classifier (21). The
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histogram of scores for this classifier shows the reason for this

behaviour very clearly, Figure 85.
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Figure 85 Histogram of ANN classifier scores for network 23, score
threshold 0.5.

The range of scores between 0.5 and 0.7 were almost all relating to

class 3, the ANN had low confidence but correctly classified the class.

5.4.6 Class 4 Gravel

This class was one of the two classes that scored 100% with an ANN
classifier (20); this classifier was ranked second for overall performance
across all classes. The lowest score was 89.6% with a KNN weighted
classifier (11) using ratios two and three. The high scoring of this class
with all classifiers, mean 96.2, was unexpected, as gravel it was thought
to vary in colour and spacing; close inspection revealed that it was
sealed with a resin and had been rolled level. It was thought that the
resin layer was providing the consistency of ratio values over the whole
surface.
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5.4.7 Class 5 Pavement

This class was the other class to score 100% with the same classifier
as class 4. The lowest classification rate was 82.3%, linear discriminate
(20). The number of points in this class was small and at a high angle of
incidence to the laser beam, it was also a very low reflector in visible

light.
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5.5 Site 2 Classification Results

5.5.1 Introduction

To validate the material classification method several other sites were
scanned which included many different building types constructed of
many different materials to site 1; site 2 was chosen from these to
independently validate the classification method as it contained some
similar materials to site 1. Site 2 was scanned at the same time as site
1, as it was within the field of view of the scanners, but in the opposite
direction and at a different range. The trial was performed using training
data of similar but not identical materials; which included brick, steel
and pavement classes. The training data was from site 1 for similar
materials. Two additional classes were included in this trial, foliage and
road surface, which was sufficiently different to the pavement class to
warrant inclusion. The foliage class was not included in site 1 due to the
time of year of the scan. As one scanner wavelength was green and
another NIR it was thought that this would contribute to a high
classification rate of these classes. The classification used the method
that scored highest in site 1, an ANN classifier. The reference point
cloud is shown in Figure 86, the ANN classified point cloud in Figure 87
and the classification accuracy in Table 16 ANN: classification rate, test

data, per true class.
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10

Class # 1 2 3 4 5 6

Description Foliage Brick Steel Road Pavement Unclassified

False colour

Figure 86 Site 2 Reference Cloud.

10

Figure 87 Site 2 ANN classified point cloud
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Table 16 ANN: classification rate, test data, per true class.

Per True Class

1| 86.7% | 10.8% | 2.4% | 0.0% | 0.0% Foliage

" 2| 12.7% | 86.8% | 0.5% 0.0% 0.0% Brick
o
g 3| 51% 0.0% | 74.4% | 10.3% | 10.3% Steel
z
4| 0.0% 0.0% 8.1% | 76.8% | 15.2% Road
5| 1.0% 0.0% | 11.2% | 5.1% | 82.7% Pavement
17.3%
1 2 3 4 5 FNR
Predicted Class Rate 81.5%

5.5.2 Site 2 Classification Results Discussion

The site 2 data was classified by an ANN classifier with the same
parameters as classifier 22 in Table 12. The common classes with site
1 were brick, steel and pavement. The brick class performed better than
in site 1, which may have been due to better separation from the closest
class in site 1 which was wood, not present in this trial. The steel class
performed worse than site 1 and this was thought to be due to the sharp
internal angular corners which may have acted as retro reflectors,
producing very high intensity returns not consistent with the rest of the
surface. The pavement class classification rate was slightly down from
site 1, this area had several depressions which had collected debris
which may have presented intensity values too far from the trained

values for this class. The ANN also classified the steel manhole covers
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in the pavement as steel class, even though they were not in the
training data set, these can be seen as square areas of green in Figure
87. Unfortunately, some road markings were also miss-classified as
steel. The new classes of foliage and road had mixed results. The tree
class classification rate was 86.7% and in Figure 87 a wooden fence on
the right hand side and two bushes on the left were classified as foliage
in addition to the trees. Unfortunately, the lamp post was also classified
as foliage, an explanation may be that the particular paint on the lamp
post was very reflective in the NIR, similar to the NIR response of

vegetation.

5.6 Pseudo Texture

Additional trials were carried out which built on the concept proposed in
Vickers (2013) where a measure of texture was detected in scans of
concrete blocks; the texture granularity being well below the range
resolution of the scanner. It was found that the variation in reflected
Laser intensity had a pattern similar to the texture of the surface. The
extra trials set out to test this theory with site 1 data. The data was re-
configured such that each point in the point cloud contained its intensity
ratio values and the intensity ratio values of the eight nearest
neighbours, this resulted in 27 input predictors and 5 output classes for
the classifier. The chosen classifier was the neural network design that
scored highest in the previous trials, #22. The hidden layer size was
varied between 10 and 30; the best result was obtained with 25 hidden
layer neurons. The results of the trial are shown below in Table 17,

Table 18, Figure 88 and Figure 89.
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Table 17 Site 1ANN: classification rate, validation data, per true class.
Pseudo texture trial.

True Class

Per True Class

0.0%

1.2%

0.0% Wood

0.0%

0.0% Brick

0.0%

Steel

0.0% 0.0% Gravel
0.0% 0.0% 0.0%
1 2 3 4 FNR
Predicted Class Rate | 97.9%

Table 18 Site 1ANN: classification rate, test data, per true class.

Pseudo texture trial.

True Class

Per True Class

1.6% 0.7%

Wood

4.5%

0.4%

4.6%

Brick

1.9%

Steel

3.2% 0.0% Gravel
0.3% 0.1% 6.0%
1 2 3 4 FNR
Predicted Class Rate | 90.1%
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Figure 89 Site 1 ANN classified point cloud, score histogram, pseudo
texture trial.
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The results of the trial were comparable with the original site 1 trials
returning a classification rate of 90.1% overall. There was an
improvement in the separation of the wood and brick class but a
reduction in the classification accuracy of the pavement class. In the
original trials with concrete blocks by Vickers (2013) the scans were
made at close range, 2m, at this range the point spacing would have

been of a similar magnitude to the texture granularity. The lack of

improvement over the original trials in these results may be due to the

longer scan range and hence larger point spacing and also the beam

diameter now all being greater than the texture density.
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5.7 Summary

In chapter 5 the results and analysis for the methodology, defined in
chapter 4, were presented and analysed. The first section presented
validation of the intensity ratio method, followed by an assessment of
class separation. The next section presented the main results for
classification of the materials in test site 1; this included overall
classification rates followed by individual class classification rates. Next
results for the validation of the methodology were presented using test
site 2. Finally, the results of the addition texture attribute test were
presented. The complete set of results for all classifiers are presented

in Appendix A.
The conclusions from analysis of the results is as follows:

1. The best classifier overall was the ANN, with a classification rate
of 90.6%, however a SVM classifier ranked in third and fourth
place.

2. ANN classifiers with more than one hidden layer did not perform
any better than those with just one.

3. Reducing the number of intensity ratios did not significantly affect
the classification rate other than with the ANN classifier.

4. During each of the three scans different objects moved through
the scan space creating slightly differing point clouds. The

moving objects introduced some error in the registration process.
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. The errors near boundaries between classes were in part caused
by the registration of the dissimilar point clouds from the three
scanners.

. Some additional sources of error in the spatial and spectral
accuracy of the point cloud data were varying atmospheric
conditions slightly between scans and moisture. Moisture on a
surface contributed to absorbent materials having some
unrepresentative classifier training values, this has been noted in
other work using intensity values (Voegtle and Wakaluk 2009).

. The reference scan was manually created and had unavoidable
errors near boundaries and areas of low point density, resulting
in the incorrect class assignment.

Foliage had a more variable less homogeneous surface texture
and spectral signature than man-made materials and expectation
was that it would have a lower classification rate; this was not
observed in the results. This may have been because one of the
scanners had a near IR (NIR) wavelength and chlorophyll is
highly reflective in the NIR, overriding the variability of the
reflected intensity values at the other two wavelengths.

. ANN classifiers can be over-trained reducing their ability to
interpolate noisy or large variations of values; it was difficult to
determine if this had affected any of the results. Detection of
overtraining is easier to observe in the validation data at the

completion of training.
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10. Factors reducing the overall classification rate were attributed, in
part, to scanner coaxial optical centre alignment and inter-scan
registration error. Misalignment and poor registration would miss-
associate points from the three scanners, reducing the effect of
intensity ratio to normalise the values for incidence angle and
range variation.

11.The three scanners had different point density and scan patterns;
this resulted in a variation in the area covered by associated
scan points. Higher accuracy of ratios of intensity were achieved
in areas of high point density; resulting in related higher

classification rates.
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Chapter 6. Conclusions

6.1 Introduction

Over the period of this research BIM has progressed and been
implemented in an increasing number of building and infrastructure
projects, both government and private; these have included High Speed
rail link two (Mace Ltd 2013), Royal Arsenal Woolwich (over station
development blocks, 345 residential units across three towers, utilised
for detailed planning through to construction) (GVA 2014), Manchester
city library redevelopment (Royal Institute of Charted Surveyors 2015)
and London residential development (PRP Architects LLP 2016). BIM is
here to stay and that puts even more pressure on development of

suitable processes and software, such those proposed in this research.

To investigate the assumption that materials would have related
spectral signatures that could be used to classify them was tested by
simulating a multi-spectral scanner using three terrestrial laser
scanners. Scans were made of two sites, with similar and dissimilar
materials to test if the theory held across more than one simple set of
data. An ANN was chosen to classify the point cloud intensity data as
they are able to separate non-linear data similar to that found in the two
datasets in this study and interpolate in the presence of noise. Variation
in range and incidence angle was compensated for by using ratios of
reflected laser intensity. The registration problems, caused by the
scanners having different resolutions and scan patterns, were mitigated
by using registration spheres rather than other methods. The results of

191



this study show that an ANN classifier, using multi-spectral intensity
ratios, was able to produce classification accuracies as high as 90.6%
overall and 100% for certain materials within this dataset. The results
were affected by registration errors, point density variations and optical
centre alignment between scanners. Also varying nearest neighbour
distances of each individual scanner beams produced a variation in

intensity ratio accuracy.

This thesis has set out the research proposal in terms of aims and
objectives; the prime aim to classify features in a laser point cloud. A
literature review has revealed the progress of research in feature
classification within laser scanning and the wider electromagnetic
spectrum such as Radar. Other areas of remote sensing have methods
that are transferrable to laser scanning; specifically, applicable was the

previous work using neural networks to match stereo images.

Classification in remote sensing has used mainly photographic and
multi-spectral data; the reflected radiation in these have been un-
controlled although from a known source, the Sun. Laser point cloud
data has the unique aspect of having direct control of the illumination of

the scene; this factor was exploited within this research.

At the start of this research commercial multi/hyper spectral laser
scanners were not in commercial existence, although some dual
wavelength instruments existed for specific use in bathymetric surveys.
The first commercial multi-spectral instrument was introduced at the
European LIiDAR mapping forum in Amsterdam on 8 Dec 2014 by

Optech; an airborne sensor. There is great future potential use for multi-
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spectral laser scanning in areas such as smart agriculture and
classification of land use in areas without ambient light for much of the

year.

6.2 Objective 1

A good starting point for developing a new method of classification
using the multi-spectral signature of a material was to review the large
extent of research in multi-spectral remote sensing, in particular
remotely sensed imagery. This was then further expanded to search for
past and current application of multi-spectral classification using laser

scanner data. Many of the methods were found to be transferrable to

It was apparent that the main focus of classification of laser point clouds
had been classification of spatial data rather than spectral and the
review focussed on these works to look for cross-over to the spectral
feature extraction tasks. The more traditional segmentation / algorithmic
approaches to feature classification have assumed that all walls are
vertical and large planar surfaces. Assumptions that roofs are non-
vertical large planar surfaces, windows are small parts of walls (not true
of a glass building). Windows seem to have been the biggest challenge
as glass is transparent to laser light. After segmentation, rule-based
methods have been employed to classify each plane or line set;
complex buildings would require very large rule sets. Al languages
such as Prolog or Lisp might have been more suitable than the
languages that have been used in current algorithmic approaches to

feature classification. Classification methods covering a wide variety of
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disciplines were reviewed to search for methods that would be suitable

for material classification using spectral data.

The literature review has shown that there is very limited research into
material classification in laser point cloud data; fortunately, there has
been significant research using imagery from which this research was

able to adapt or extend the original concepts and methods.

6.3 Objective 2

The objective of this chapter was to investigate the influences on laser
scanning intensity values including the potential benefit of multi-spectral
scanners to material classification. Laser scanning and the added
advantage of measuring both spatial and spectral quantities
simultaneously was considered a major advantage of laser scanning
versus imagery. The basics of laser scanner technology were reviewed,
including methods of range measurement, intensity correction and
anomalous effects created in laser point clouds. As this research
proposed the use of multiple scanners it was important to review
registration methods to combine the resultant point clouds. The
geometry of a laser point cloud leads to an assumption that a rigid or
semi-rigid method would be appropriate. Scanner characteristics which
depend on the detector type were reviewed. The increase in intensity
with range below 5m for the FARO 120 and the Leica HDS3000
scanners was unexpected and influenced the selection of test data for
this research. Laser light is coherent which introduces an extra

characteristic to that of non-coherent light, the speckle pattern created
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by constructive and destructive interference should possibly be taken
into account when measuring the reflected intensity from a surface. It
may also hold a key to measuring texture that is below the precision of
laser scanners. In order to make use of the scanners intensity data an
understanding of each individual scanners method of recording the

values was documented.

Laser point cloud data has a unique aspect in that the light source is
controlled and known, unlike photographic images, but it still has the
limitation requiring the normalisation for varying range and incidence
angle. If the intensity values are normalised for range and angle of
incidence, only the reflecting surface remains as a variable; this was a
key aspect developing an approach which can normalise the intensity
values to enable classification building materials in real world
environments. Point clouds cannot be simply indexed like image data
as they are not arranged in rows and columns but a set of points
spaced dependent on the geometry of the object scanned; in order not
to lose the raw resolution nearest neighbour indexing must be used to
relate the position of one point with another. Texture was also
considered and its influence on reflected intensity variation across a

surface.

In future research it might be possible to use lasers with different
transmission frequencies, super-continuum laser, to further enhance
material classification techniques. This would be analogous to hyper-

spectral classification techniques using photographic imagery. As the
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intention of this research was to employ multiple laser scanners,

registering point cloud data was reviewed.

6.4 Objective 3

To develop a method for classifying materials using the spectral
signature of the material it was evident that the main problems to be
solved were: normalising intensity for range and incidence angle,
accurate alignment of each scanner to place each of their optical
centres in the same point in space, subsequent accurate co-registration
of the individual scanner point cloud and finding a suitable classifier that

fitted the requirements of the data.

The variation in range and incidence angle was resolved by the use of
ratios of the intensity ratios between each scanner and hence creating
ratios of wavelengths. The accurate alignment of the instruments was
achieved by knowledge of each scanners construction and dimensions
so that their optical centres could be offset from a known reference. The
registration of the three individual scanner point clouds was achieved by
assessment of the reference sphere alignment using a variation of
Bowditch traverse correction method and a semi-rigid transformation.
Rather than pick just one classification method several classifiers were
used in the trials, including several configurations of each classifier. A
common method of measuring the classifiers performance was used to

enable ease of comparison of the results.
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The method drew aspects of methodology from many different
disciplines, the method presented here was optimised for the task of

material classification using laser scanner reflected intensity values.

6.5 Objective 3 &4

The best classifier overall was an ANN with a classification rate of
90.6%. ANN classifiers with more than one hidden layer did not perform
any better than those with one. Reducing the number of ratios used did
not significantly affect the classification rate other than with an ANN

classifier.

During each of the three scans different objects moved through the
scan space creating slightly differing point clouds. The moving objects
introduced error in the registration process. The errors near boundaries
between classes were in part caused by the registration of dissimilar
point clouds. Atmospheric conditions varied slightly between scans.
Moisture across a surface contributed to absorbent materials having
some unrepresentative classifier training values, this has been noted in
other work using intensity (Voegtle and Wakaluk 2009). The reference
scan was manually created and has errors near boundaries due to
resolution possible when assigning class membership. Natural
materials had less consistent surface texture and reflectivity than man-

made and therefore should have had higher classification accuracy.

Factors reducing the overall classification accuracy may have been due
to scanner coaxial optical centre alignment and inter-scan registration

error. Misalignment and poor registration would introduce errors in
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range and incidence angle and hence the intensity ratio would not
cancel these correctly. The three scanners could not be set to exactly
the same resolution; this created a spread of nearest neighbour
distances. Therefore, areas of the scan with low nearest neighbour
distances produced higher accuracy ratios of intensity. Very bright or
dark reflectors introduced inconsistent intensity values caused by the
scanner receiver gain controls. For very bright returns this effect was
seen in the sphere data where the point nearest to zero incidence
angles was significantly higher, due to being non Lambertian, than that
of its nearest neighbours and this caused range errors. The natural
interpolation of an ANN classifier and mean filtering helped to reduce
the influence of variability on the results. Other areas of
misclassification may be due to the reflecting material area being
smaller than the laser footprint, the surface illuminated is homogeneous

and larger than the backscatter cross-section, would not hold true.

The additional trials to test a concept to detect texture and add this as
an attribute to the classification input data was carried out and in part
the results were successful, but with further trials at a higher point
density the classification rate would be expected to improve. Including
texture as an additional attribute alongside the intensity ratios is a new
method developed in this research. Further research, in this area, could
possibly include the geometry of the surface as well as texture and

intensity data.
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6.6 Comparison with Current Research

This section compares these research findings with current and ongoing
research by other groups. The comparison is of method and the

significance of the results and observations.

A similar setup of TLS to this research was used by Hartzell et al.
(2014) to classify a rock outcrop; they placed three TLS side-by-side, a
Riegl VZ400, Leica HDS3000 and a Zoller+Frohlich 5003. In this
configuration the optical paths were not coincident therefore there
would have been some variation in incidence angle and range between
scanners. The Leica and Riegl scanners were the same choice as this
research, only the Zoller+Frohlich differed with a wavelength in the
visible red. The variation of reflected intensity due to range was
compensated for by first deriving calibration values using a Spectralon?®
panel placed at intervals from 5m to 70m. The rock outcrop sample that
was chosen was nearly perpendicular to the TLS and at a range that
there would have been only small variation in incidence angle; they did
not correct the reflected intensity values for incidence angle. The
assumption that these results confirmed earlier assumptions by
(Franceschi et al. 2009) that when texture of a surface is of the same
magnitude as the laser spot size, incidence angle did not cause any
variance in the reflected laser intensity values, may have been due to

the very small variation in incidence angle of the rock outcrop.
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An investigation of the potential of using spatial an spectral information
from multispectral LIiDAR by Gong et al. (2015) used a laser scanner
developed by Wuhan university which operated on four wavelengths.
They used a SVM to classify seven classes of objects: wall, ceramic,
Cactaceae (Cactus), carton, plastic foam and dead and healthy leaves.
As a method of compensating for range variation, range to the object
was include as input to the classifier. The results showed an overall
classification rates as high as 88.7%. Discrimination between dead and
healthy vegetation was high, it was thought this was due two of the

chosen wavelengths being those normally chosen for NDVI calculation.

One of the small number of Multispectral airborne laser scanners now in
commercial production is the Optec Titan (three wavelengths) and the
Leica Hawk Eye (two wavelengths), Bakula (2015) investigate the
possibility of generating colour composite ortho-images of laser
intensity and using this for classification tasks. The choice of
wavelengths was optimised for bathymetric survey. This research does
not report any quantitative classification results but qualitatively shows
great promise for land use classification. The same instrument was
used by Wichmann et al. (2015) to produce pseudo NDVI, using the IR
and green laser channels, to classify seven classes which included a

mixture of man-made and natural materials.

6.7 Main Research Findings

Several research outcomes have been produced during the period of

study, including:
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. The developed multispectral classification of laser scanner point
cloud data method could potentially speed up the production of
materials databases in BIM. The results show that high
classification rates can be achieved.

. Incidence angle and range variation have a significant effect on
the reflected laser intensity. The developed method of using
ratios of associated scan points, of different wavelengths, can
significantly reduce this effect and provide normalised data to a
classifier.

. Alignment of the optical paths when using multiple scanners to
create multispectral point cloud data is significant in the accuracy
of defining each point’s spectral signature. Alignment error
introduces a variation in incidence angle and range; thus
introducing error in the intensity values of each scanner.

. Using k-nearest neighbour method for associating scan points
from different scanners should be adopted as the similarity of the
scan patterns and density cannot be assumed to be identical.

. Where the materials, may vary due to weathering or age, the
choice of classifier must be capable of interpolation and tolerant
to outliers; these are attributes of human vision and usefully
neural networks.

. Finding a common point in scans from different scans or different
scanners of the same scene requires very high point density to

ensure that there is beam footprint overlap.
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6.8 Research Contributions

The main contribution was a new construction material classification
method, using multispectral laser scanner reflected intensity data.
During the research a number of additional contributions were

produced:

1. The use of ratios of laser intensity values to normalise the effects
of variation of incidence angle and range of the surface of the
building material.

2. An adaption of a traditional traverse closure method, similar to
Bowditch’s method, was developed to ensure the differences
between each scanner’s scan pattern, beam divergence and
precision were minimised.

3. The interpolation characteristic of some classifiers, especially
neural networks, can allow the classification method to be
successfully transferred to other buildings with similar
construction materials.

4. Incorporation of texture as a classifier input provides improved
delineation between classes improving tolerance to the natural

variation in materials.

6.9 Suggestions for Research
The areas for future development and improvements in this research
are summarised as:
1. A common optical path, within one instrument, for the three laser
wavelengths was not possible within the scope of this research.
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However, a common optical path would provide a higher level of
alignment of all wavelengths at each scan point, improving the
accuracy and precision of the results. A purpose built multi-
spectral might include this in its design. Current commercial
multispectral scanners have separate sensors for each
wavelength and do no share a common optical path.

. The accuracy of the classification input data was reliant on the
scan points from each scanner being as close together as
possible. This was in part dependent on the accuracy of the co-
registration of the scans. Therefore, it is recommended that one
of the new generation of total station / scanners is used so a
distinct set of registration points can be chosen in each scan.

. The use of areas of neighbouring scan points to detect texture in
a material’s surface and use this as an additional classifier input
had limited success partly because of the relative size of the
laser beam footprint to the texture. A laser scanner with a
footprint similar or smaller than the material’s texture or using an
existing scanner at close range should be used to improve
results when including texture as a classification attribute.
Ratios of wavelengths were used to normalise laser intensity
values to take into account variations in incidence angle and
range. It was discussed earlier that point density varies directly
with range and also with incidence angle, due to the geometric

nature of the scan pattern; using these attributes as additional
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inputs to a classifier might add additional accuracy to the
intensity value normalisation process.

. The main BIM environment will probably be infrastructure and
construction; by their nature thy contain materials that can have
extremes of variation in temperature. This variation in
temperature can cause a temperature gradient with height which
acts as a prism and bends the laser light on its journey from
scanner to target and back. This effect causes range and
position errors in the point cloud, using a guide laser concurrently

with the scanner might reduce these errors.
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Appendix A Classification Results

A summary of the classification results are shown in Table 11 and Table
20. The summaries are followed by the detailed results in the form of

confusion matrix and false colour images representing predicted class.

Table 19 Classifier results for site 1. Validation data was an unused

sub-set of the complete dataset.

Classifier Classification rate (%)
Validation

#  Type Sub-Type Ratios Data Test Data
1  Decisiontree Complex All 98.6 86.0
2 Discriminant Linear All 94.4 83.8
3 Discriminant Quadratic All 98.6 84.8
4 SVM Linear All 98.4 88.0
5 SVM Quadratic All 98.6 87.3
6 SVM Gaussian All 98.2 88.2
7  KNN Medium All 99.2 87.0
8 KNN Subspace All 99.0 85.4
9 KNN Weighted 1,2 89.3 78.7
10 KNN Weighted 1,3 89.8 77.1
11 KNN Weighted 2,3 98.0 84.3
12 KNN Weighted All 98.2 87.0
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Table 20 ANN classifier results for site 1. Validation data was an unused sub-set of the complete dataset.

Classification rate

Hidden Layer (%)
Transfer Training Noof Noof Validation  Test Score

#  Function Function Ratios layers neurons data data Epochs threshold
13 logsig trainscg All 1 10 99.5 87.2 51 0
14 logsig traincgb All 1 10 99.5 87.3 48 0
15 logsig trainrp All 1 10 98.9 86.9 73 0
16 logsig trainrp All 1 5 99.3 85.3 138 0
17 logsig trainrp All 1 15 98.7 86.6 53 0
18 logsig trainrp All 2 10,10 99.2 87.0 54 0
19 logsig trainrp 2,3 1 10 97.6 85.1 37 0.9
20 logsig trainrp 1,2 1 10 89.5 79.3 45 0.9
21 logsig trainrp 1,3 1 10 89.7 74.7 65 0.9
22 logsig trainrp All 1 10 98.1 90.6 44 0.9

23 logsig trainrp 1,3 1 10 89.7 78.1 66 0.5




1 Complex Decision Tree

Table 21 Complex decision tree: classification rate, site 1 test data

Per True Class

FNR

Predicted Class

1 92.2% 4.1% 1.4% 0.1% 2.1% Wood
2 17.9% | 76.8% 4.1% 0.5% 0.7% Brick
a
o
‘; 3 15.1% 0.5% 80.8% 1.5% 2.0% Steel
>
=
4 0.0% 0.0% 0.1% 93.6% 6.3% Gravel
5 1.5% 0.0% 0.3% 11.5% 86.7% [Pavement
13.3%
1 2 3 4 5 Accuracy | 86.0%
Predicted Class
Per Predicted Class
1 91.7% | 15.9% 7.1% 0.4% 26.1% Wood
2 5.0% 83.7% 5.8% 0.5% 2.5% Brick
a
o
z 3 3.2% 0.4% 87.0% 1.2% 5.3% Steel
>
=
4 0.0% 0.0% 0.1% 96.0% 21.1% Gravel
5 0.1% 0.0% 0.1% 1.8% 44.9% |Pavement
Reliability | 80.7% 1 2 3 4 5
FDR 8.3% 16.3% | 13.0%
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Figure 90 Complex decision tree: classification rate created as a false

colour point cloud.
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2 Linear Discriminant

Table 22 Linear Discriminant: classification rate, site 1 test data.

Per True Class FNR

1 69.9% | 16.5% | 11.5% 1.9% 0.3% Wood

2 12.5% | 75.7% 9.6% 1.5% 0.8% Brick
a
o
‘; 3 3.3% 0.2% 92.0% 2.5% 2.0% Steel
3 8.0%
|—

4 0.0% 0.0% 0.1% 99.3% 0.7% Gravel

5 0.2% 0.0% 0.4% 17.0% 82.3% |Pavement

17.7%
1 2 3 4 5 Accuracy | 83.8%

Predicted Class

Per Predicted Class

1 94.3% | 43.5% | 34.0% 6.3% 6.2% Wood

2 4.8% 56.4% 8.0% 1.4% 4.8% Brick
a
o
:), 3 1.0% 0.1% 57.9% 1.7% 9.5% Steel
S
=
4 0.0% 0.0% 0.0% 88.3% 3.9% Gravel
5 0.0% 0.0% 0.1% 2.4% 75.7% |Pavement
Reliability | 74.5% 1 2 3 4 5

FDR 24.3%

Predicted Class
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Figure 91 Linear Discriminant: classification rate created as a false

colour point cloud.
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3 Quadratic Discriminant

Table 23 Quadratic Discriminant: classification rate, site 1test

Predicted Class

data.
Per True Class FNR
1 91.6% 5.4% 1.4% 0.0% 1.6% Wood
8.4%
2 19.8% | 75.1% 3.5% 0.3% 1.4% Brick
a
s
z 3 21.1% 0.3% 75.3% 0.6% 2.7% Steel
>
=
4 0.1% 0.0% 0.0% 94.4% 5.4% Gravel
5 1.0% 0.0% 0.1% 11.2% 87.7% |Pavement
12.3%
1 2 3 4 5 Accuracy | 84.8%
Predicted Class
Per Predicted Class
1 90.0% | 20.2% 7.5% 0.1% 20.9% Wood
2 5.5% 79.5% 5.4% 0.3% 5.0% Brick
a
o
st 3 4.4% | 03% | 87.1% | 05% | 7.4% | steel
>
=
4 0.0% 0.0% 0.0% 97.3% 19.1% Gravel
5 0.0% 0.0% 0.0% 1.8% 47.7% |Pavement
Reliability | 80.3% 1 2 3 4 5
FDR 10.0% | 20.5% | 12.9%
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Figure 92 Quadratic Discriminant: classification rate created as a false

colour point cloud.
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4 Linear SVM

Table 24 Linear SVM: classification rate, site 1 test data.

Per True Class FNR

1 92.4% 3.7% 2.1% 1.7% 0.2% Wood

7.6%

2 17.0% | 75.7% 5.5% 0.6% 1.1% Brick

a
o
z 3 6.5% 0.2% 89.5% 1.6% 2.3% Steel
3 10.5%
|—

4 0.0% 0.0% 0.1% 97.6% 2.3% Gravel

5 0.4% 0.0% 0.5% 14.4% 84.7% |Pavement

15.3%
1 2 3 4 5 Accuracy | 88.0%

Predicted Class

Per Predicted Class
1 93.7% 14.7% 9.3% 5.8% 3.0% Wood
2 4.9% 85.2% 6.9% 0.6% 6.2% Brick
a
o
st 3 14% | 01% | 83.6% | 1.2% | 9.5% | steel
>
=
4 0.0% 0.0% 0.1% 90.4% 12.1% Gravel
5 0.0% 0.0% 0.1% 2.1% 69.2% |Pavement
Reliability | 84.4% 1 2 3 4 5
FDR 14.8% 16.4% 9.6%

Predicted Class
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Figure 93 Linear SVM: classification rate created as a false colour point

cloud.
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5 Quadratic SVM

Table 25 Quadratic SVM: classification rate, site 1 test data.

Per True Class

FNR

Predicted Class

1 94.4% 2.2% 1.7% 0.8% 0.8% Wood
2 17.9% | 75.3% 5.1% 0.6% 1.1% Brick
a
s
‘; 3 9.8% 0.1% 86.3% 1.5% 2.3% Steel
3 13.7%
|—
4 0.1% 0.0% 0.1% 95.5% 4.3% Gravel
5 0.5% 0.0% 0.4% 14.1% 85.0% |Pavement
15.0%
1 2 3 4 5 Accuracy | 87.3%
Predicted Class
Per Predicted Class
1 92.9% 9.5% 8.0% 3.0% 12.8% Wood
2 5.0% 90.3% 6.7% 0.6% 4.9% Brick
a
o
st 3 20% | 01% | 85.1% | 1.1% | 7.7% | Steel
>
=
4 0.0% 0.0% 0.1% 93.2% 18.3% Gravel
5 0.0% 0.0% 0.1% 2.1% 56.2% |Pavement
Reliability | 83.6% 1 2 3 4 5
FDR 9.7% 14.9%
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Figure 94 Quadratic SVM: classification rate created as a false colour

point cloud.
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6 Gaussian SVM

Table 26 Gaussian SVM: classification rate, site 1 test data.

Predicted Class

Per True Class FNR
1 91.0% 4.4% 3.0% 1.4% 0.2% Wood
9.0%
2 16.8% | 75.3% 6.2% 0.7% 1.0% Brick
a
s
:: 3 4.1% 0.2% 91.5% 2.0% 2.2% Steel
3 8.5%
|—
4 0.1% 0.0% 0.1% 98.2% 1.7% Gravel
5 0.4% 0.0% 0.4% 14.4% 84.7% |Pavement
15.3%
1 2 3 4 5 Accuracy | 88.2%
Predicted Class
Per Predicted Class
1 94.2% | 17.2% | 12.3% 4.9% 3.3% Wood
2 4.9% 82.7% 7.2% 0.7% 5.9% Brick
a
o
st 3 09% | 0.1% | 80.4% | 1.5% | 9.4% | steel
>
=
4 0.0% 0.0% 0.1% 90.8% 9.1% Gravel
5 0.0% 0.0% 0.1% 2.1% 72.3% |Pavement
Reliability | 84.1% 1 2 3 4 5
FDR 17.3% 19.6%
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Figure 95 Gaussian SVM: classification rate created as a false colour

point cloud.
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7 KNN

Table 27 KNN: classification rate, site 1 test data.

Predicted Class

Per True Class FNR
1 93.0% 3.6% 2.0% 0.5% 0.9% Wood
2 18.0% | 74.8% 5.3% 0.8% 1.1% Brick
a
s
:,’ 3 8.9% 0.2% 86.7% 2.2% 2.0% Steel
3 13.3%
|—
4 0.2% 0.0% 0.0% 95.1% 4.7% Gravel
5 0.4% 0.0% 0.4% 14.0% 85.2% |Pavement
14.8%
1 2 3 4 5 Accuracy | 87.0%
Predicted Class
Per Predicted Class
1 93.0% | 14.5% 9.2% 1.8% 13.5% Wood
2 5.1% 85.3% 6.8% 0.8% 4.9% Brick
a
o
st 3 1.9% | 02% | 839% | 1.7% | 6.7% | Steel
>
=
4 0.0% 0.0% 0.1% 93.5% 19.5% Gravel
5 0.0% 0.0% 0.1% 2.1% 55.4% |Pavement
Reliability | 82.2% 1 2 3 4 5
FDR 14.7% 16.1%
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Figure 96 KNN: classification rate created as a false colour point cloud.
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8 Sub-space KNN

Table 28 Sub-space KNN: classification rate, site 1 test data.

Predicted Class

Per True Class FNR
1 87.4% 4.1% 6.5% 1.5% 0.5% Wood
12.6%
2 17.0% | 75.9% 5.3% 0.6% 1.1% Brick
a
o
:,’ 3 16.2% 0.4% 79.4% 1.2% 2.7% Steel
>
=
4 0.0% 0.0% 0.0% 98.4% 1.5% Gravel
5 0.9% 0.0% 0.2% 12.8% 86.0% |Pavement
14.0%
1 2 3 4 5 Accuracy | 85.4%
Predicted Class
Per Predicted Class
1 91.3% | 16.1% | 26.0% 5.0% 9.9% Wood
2 5.0% 83.6% 6.1% 0.6% 5.7% Brick
a
o
?, 3 3.6% 0.4% 67.8% 0.9% 10.6% Steel
>
=
4 0.0% 0.0% 0.0% 91.7% 7.5% Gravel
5 0.0% 0.0% 0.0% 1.9% 66.3% |Pavement
Reliability | 80.1% 1 2 3 4 5
FDR
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Figure 97 Sub-space KNN: classification rate created as a false colour

point cloud.
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9 Weighted KNN FARO, Ratios 1 & 2

Table 29 Weighted KNN: classification rate, site 1 test data.

Predicted Class

Per True Class FNR
1 71.9% | 26.2% 1.3% 0.4% 0.2% Wood
28.1%
2 33.6% | 59.2% 4.8% 1.1% 1.3% Brick
a
s
3 3 9.5% 3.1% 82.9% 2.2% 2.3% Steel
3 17.1%
|—
4 4.2% 0.0% 0.2% 94.7% 0.9% Gravel
5 0.4% 0.0% 0.3% 14.7% 84.7% |Pavement
15.3%
1 2 3 4 5 Accuracy | 78.7%
Predicted Class
Per Predicted Class
1 85.0% | 60.1% 6.3% 1.3% 4.3% Wood
2 11.2% | 38.4% 6.7% 1.1% 7.6% Brick
a
o
st 3 24% | 15% | 86.7% | 1.7% | 9.9% | Steel
>
=
4 1.4% 0.0% 0.2% 93.6% 4.9% Gravel
5 0.0% 0.0% 0.1% 2.2% 73.2% |Pavement
Reliability | 75.4% 1 2 3 4 5
FDR 15.0% 13.3% 26.8%
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Figure 98 Weighted KNN: classification rate created as a false colour

point cloud.
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10 Weighted KNN, Ratios 1 & 3

Table 30 Weighted KNN: classification rate, test data, per true class,

ratios 1 & 3.
Per True Class FNR
1 71.8% 3.6% 22.6% 1.8% 0.2% Wood
28.2%
2 13.9% | 76.0% 8.3% 0.6% 1.2% Brick
@ 24.0%
s
3 3 42.8% 0.6% 52.6% 1.4% 2.6% Steel
>
=
4 0.1% 0.0% 0.0% 98.6% 1.3% Gravel
5 0.8% 0.0% 0.1% 12.3% 86.8% |Pavement
13.2%
1 2 3 4 5 Accuracy | 77.1%
Predicted Class

Per Predicted Class

1 84.6% | 14.1% | 62.6% 6.2% 3.2% Wood

2 4.6% 85.4% 6.5% 0.6% 6.4% Brick
a
o
:), 3 10.7% 0.5% 30.9% 1.0% 11.1% Steel
S
=
4 0.0% 0.0% 0.0% 90.4% 7.2% Gravel
5 0.0% 0.0% 0.0% 1.8% 72.1% |Pavement
Reliability | 72.7% 1 2 3 4 5

FDR 15.4% | 14.6% 27.9%

Predicted Class
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Figure 99 Weighted KNN: classification rate created as a false colour

point cloud, ratios 1 & 3.
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11 Weighted KNN, Ratios 2 & 3

Table 31 Weighted KNN: classification rate, test data, per true class,

ratios 2 & 3.

Predicted Class

Per True Class FNR
1 90.3% 3.9% 3.8% 0.1% 1.9% Wood
2 17.4% | 76.0% 5.5% 0.5% 0.7% Brick
a
s
S 3 143% | 0.4% | 81.8% | 1.8% | 1.7% | Steel
3 18.2%
|—
4 0.0% 0.0% 0.1% 89.6% 10.3% Gravel
5 1.3% 0.0% 0.4% 14.6% 83.7% |Pavement
16.3%
1 2 3 4 5 Accuracy | 84.3%
Predicted Class
Per Predicted Class
1 91.9% | 15.2% | 16.8% 0.3% 21.6% Wood
2 5.0% 84.5% 6.8% 0.5% 2.3% Brick
a
o
:), 3 3.1% 0.3% 76.3% 1.5% 4.2% Steel
>
=
4 0.0% 0.0% 0.1% 95.3% 31.9% Gravel
5 0.1% 0.0% 0.1% 2.4% 40.1% |Pavement
Reliability | 77.6% 1 2 3 4 5
FDR 15.5% 23.7%
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Figure 100 Weighted KNN: classification rate created as a false colour

point cloud, ratios 2 & 3.
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12 Weighted KNN — All ratios

Table 32 Weighted KNN: classification rate, test data, per true class.

Per True Class FNR

1 92.5% 4.2% 1.9% 0.5% 0.9% Wood

2 16.8% | 76.1% 5.2% 0.8% 1.2% Brick
a
o
‘; 3 9.8% 0.2% 85.7% 2.1% 2.1% Steel
3 14.3%
|—

4 0.2% 0.0% 0.0% 95.0% 4.8% Gravel

5 0.4% 0.0% 0.4% 13.5% 85.6% |Pavement

14.4%
1 2 3 4 5 Accuracy | 87.0%

Predicted Class

Per Predicted Class

1 93.1% | 16.3% 8.9% 1.8% 13.4% Wood

2 48% | 83.6% | 6.8% | 0.8% | 5.0% | Brick
2
o
st 3 21% | 02% | 84.1% | 1.7% | 6.8% | Steel
>
=
4 00% | 0.0% | 0.1% | 93.6% | 19.7% | Gravel
5 0.0% 0.0% 0.1% 2.1% 55.1% |Pavement
Reliability | 81.9% 1 2 3 4 5
FDR 16.4% | 15.9%

Predicted Class
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Figure 101 Weighted KNN: classification rate created as a false colour

point cloud,
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ANN Classifier Results

A summary of the ANN classifier results is shown in Table 33. The individual network configuration results are

presented after the summary.

Table 33 ANN classifier results

Hidden Layer

Classification rate

Transfer Training Noof Noof Validation Test Score
#  Function Function Ratios layers neurons data data Epochs threshold
13 logsig trainscg All 1 10 99.5 87.2 51 0
14 logsig traincgb All 1 10 99.5 87.3 48 0
15 logsig trainrp All 1 10 98.9 86.9 73 0
16 logsig trainrp All 1 5 99.3 85.3 138 0
17 logsig trainrp All 1 15 98.7 86.6 53 0
18 logsig trainrp All 2 10,10 99.2 87.0 54 0
19 logsig trainrp 2,3 1 10 97.6 85.1 37 0.9
20 logsig trainrp 1,2 1 10 89.5 79.3 45 0.9
21 logsig trainrp 1,3 1 10 89.7 74.7 65 0.9
22 logsig trainrp All 1 10 98.1 90.6 44 0.9
23 logsig trainrp 1,3 1 10 89.7 78.1 66 0.5
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Table 34 Summary of classification rate by class. Number of neurons in hidden layer (#), ANN score threshold (Thr).

Class# 1 2 3 4 5
Class description Wood Brick Steel Gravel Pavement

# Classifier # Ratios Classification rate % Thr Mean Rank
1 Decision tree Complex All 92.2 76.8 80.8 93.6 86.7 - 86.0 12
2 Discriminant Linear All 69.9 75.7 920 99.3 82.3 - 83.8 18
3 Discriminant Quadratic All 91.6 75.1 753 944 87.7 - 84.8 16
4 SVM Linear All 924 757 895 97.6 84.7 - 88.0 3
5 SVM Quadratic All 944 753 863 955 85.0 - 87.3 5
6 SVM Gaussian All 91.0 753 915 98.2 84.7 - 88.1 p
7 KNN Medium All 93.0 748 867 95.1 852 - 87.0
8 KNN Subspace All 874 759 79.4 98.4 86.0 - 85.4 13
9 KNN Weighted 1,2 719 59.2 829 947 84.7 - 78.7 20
10 KNN Weighted 1,3 71.8 76.0 526 98.6 86.8 - 77.2 22
11 KNN Weighted 2,3 90.3 76.0 81.8 89.6 83.7 - 84.3 17
12 KNN Weighted All 925 76.1 857 95.0 856 - 87.0 8
13 ANN trainscg 10 All 926 773 856 95.0 85.6 0 872 6
14 ANN traincgb 10 All 940 763 859 96.2 84.2 0 873 4
15 ANN trainrp 10 All 90.0 76.2 854 989 84.0 0 86.9 10
16 ANN trainrp 5 All 88.0 759 819 947 85.8 0 853 14
17 ANN trainrp 15 All 90.3 76.1 859 95.2 85.3 0 86.6 11
18 ANN trainrp 10,10 Al 91.1 780 84.0 96.3 85.9 0 871 7
19 ANN trainrp 10 2,3 90.2 76.0 828 932 83.0 09 85.0 15
20 ANN trainrp 10 1,2 852 405 887 96.4 85.8 09 793 19
21 ANN trainrp 10 1,3 91.1 945 0.0 99.2 88.6 09 747 23
22 ANN trainrp 10 All 97.0 812 832 99.2 873 09 90.6 1
23 ANN trainrp 10 1,3 57.1 775 70.8 98.8 86.4 0.5 781 21

Max 97.0 945 92.0 99.3 88.6

Mean 87.2 748 793 96.2 85.4

Min 571 405 0.0 89.6 82.3
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Table 35 Training function and acronyms used in results table.

Training function Acronym
BFGS Quasi-Newton trainbfg
Conjugate Gradient with Powell/Beale

Restarts traincgb
Fletcher-Powell Conjugate Gradient traincgf
Polak-Ribiére Conjugate Gradient traincgp
Variable Learning Rate Backpropagation traingdx
Levenberg-Marquardt trainlm
One Step Secant trainoss
Resilient Backpropagation trainrp
Scaled Conjugate Gradient trainscg

Table 36 Transfer functions and acronyms used in results table.

Transfer

function Acronym Output
Log-Sigmoid logsig 0-1
Tan-Sigmoid tansig -1-+1
Linear pureln -inf - +inf
Radial Bias radbas -inf - +inf
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13 Scaled Conjugate Gradient

Table 37 Artificial Neural Network classification rate, Scaled Conjugate

Gradient, site 1 test data.

Predicted Class

Per True Class FNR
1 92.6% 3.9% 1.9% 1.1% 0.5% Wood
2 16.4% | 77.3% 4.8% 0.6% 0.9% Brick
a
s
:: 3 10.1% 0.6% 85.6% 1.6% 2.1% Steel
) 14.4%
|—
4 0.9% 0.0% 0.1% 95.0% 4.0% Gravel
5 1.7% 0.1% 0.4% 12.2% 85.6% |Pavement
14.4%
1 2 3 4 5 Accuracy | 87.2%
Predicted Class
Per Predicted Class
1 92.9% | 15.0% 9.0% 3.8% 9.0% Wood
2 4.7% 84.5% 6.3% 0.6% 4.3% Brick
a
o
st 3 21% | 05% | 845% | 1.3% | 7.5% | Steel
>
=
4 0.3% 0.0% 0.1% 92.5% 18.2% Gravel
5 0.1% 0.0% 0.1% 1.8% 60.9% |Pavement
Reliability | 83.1% 1 2 3 4 5
FDR 15.5% 15.5%
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Figure 102 (Network #13) Network classification rate, false colour point
cloud.
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14 Conjugate Gradient Powell/Beale Restarts

Table 38 Artificial Neural Network classification rate, Conjugate
Gradient Powell/Beale Restarts, site 1 test data.

Predicted Class

Per True Class FNR
1 94.0% 3.4% 2.0% 0.6% 0.1% Wood
2 17.2% | 76.3% 4.7% 0.8% 1.0% Brick
a
o
‘; 3 9.4% 0.3% 85.9% 2.1% 2.2% Steel
3 14.1%
|—
4 3.0% 0.0% 0.0% 96.2% 0.8% Gravel
5 0.8% 0.0% 0.4% 14.6% 84.2% |Pavement
15.8%
1 2 3 4 5 Accuracy | 87.3%
Predicted Class
Per Predicted Class
1 92.4% | 13.4% 9.2% 2.0% 2.7% Wood
2 4.8% 86.3% 6.1% 0.8% 6.3% Brick
a
o
:), 3 2.0% 0.2% 84.6% 1.6% 10.1% Steel
>
=
4 0.8% 0.0% 0.0% 93.3% 4.7% Gravel
5 0.0% 0.0% 0.1% 2.2% 76.2% |Pavement
Reliability | 86.6% 1 2 3 4 5
FDR 13.7% | 15.4%

A-32



Figure 103 (Network #14) Network classification rate, false colour point
cloud.
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15 Resilient backpropagation, 10 hidden layer neurons

Table 39 Artificial Neural Network classification rate, Resilient
backpropagation, 10 hidden layer neurons , site 1 test data.

Per True Class FNR

1 90.0% | 4.4% 2.7% 2.6% 0.3% Wood

10.0%

2 16.5% | 76.2% 5.4% 1.0% 0.9% Brick

a
o
z 3 9.8% 0.5% 85.4% 2.2% 2.0% Steel
3 14.6%
|—

4 0.1% 0.0% 0.1% 98.9% 0.9% Gravel

5 0.7% 0.1% 0.5% 14.7% 84.0% |Pavement

16.0%
1 2 3 4 5 Accuracy | 86.9%

Predicted Class

Per Predicted Class

1 93.0% | 17.0% | 11.9% 8.5% 5.6% Wood

2 48% | 82.6% | 6.8% | 09% | 55% | Brick
2
o
st 3 22% | 0.4% | 81.1% | 15% | 9.1% | Steel
>
=
4 00% | 00% | 01% | 87.1% | 5.1% | Gravel
5 0.0% 0.0% 0.1% 2.0% 74.7% |Pavement
Reliability | 83.7% 1 2 3 4 5
FDR 17.4% | 18.9% | 12.9%

Predicted Class
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Figure 104 (Network #15) Network classification rate, false colour point
cloud.
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16 Resilient backpropagation, 5 hidden layer neurons

Table 40 Artificial Neural Network classification rate, Resilient
backpropagation, 5 hidden layer neurons, site 1 test data.

Predicted Class

Per True Class FNR
1 88.0% 8.6% 2.1% 1.1% 0.2% Wood
12.0%
2 17.5% | 75.9% 3.7% 1.6% 1.3% Brick
a
s
:: 3 12.9% 0.2% 81.9% 2.9% 2.1% Steel
3 18.1%
|—
4 4.4% 0.0% 0.0% 94.7% 0.9% Gravel
5 1.7% 0.0% 0.2% 12.3% 85.8% |Pavement
14.2%
1 2 3 4 5 Accuracy | 85.3%
Predicted Class
Per Predicted Class
1 90.8% | 28.7% | 10.2% 3.8% 3.9% Wood
2 5.1% 71.2% 5.1% 1.6% 7.3% Brick
a
o
st 3 28% | 0.1% | 84.6% | 2.1% | 9.4% | Steel
>
=
4 1.2% 0.0% 0.0% 90.6% 4.8% Gravel
5 0.1% 0.0% 0.0% 1.8% 74.6% |Pavement
Reliability | 82.4% 1 2 3 4 5
FDR

A-36



Figure 105 (Network #16) Network classification rate, false colour point
cloud.
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17 Resilient backpropagation, 15 hidden layer neurons

Table 41 Artificial Neural Network classification rate, Resilient
backpropagation, 15 hidden layer neurons, site 1 test data.

Per True Class FNR
1 90.3% 5.6% 1.9% 1.6% 0.6% Wood
9.7%
2 16.9% | 76.1% 5.1% 0.6% 1.3% Brick
a
o
3 3 9.5% 0.2% 85.9% 1.9% 2.4% Steel
3 14.1%
|—
4 0.2% 0.0% 0.1% 95.2% 4.6% Gravel
5 0.5% 0.0% 0.4% 13.8% 85.3% |Pavement
14.7%
1 2 3 4 5 Accuracy | 86.6%

Predicted Class

Per Predicted Class

1 92.9% | 20.5% 8.8% 5.7% 9.1% Wood

2 49% | 793% | 67% | 06% | 58% Brick
2
o
st 3 21% | 02% | 843% | 1.4% | 82% | Steel
>
=
4 0.0% | 0.0% | 0.1% | 90.3% | 19.8% | Gravel
5 0.0% 0.0% 0.1% 2.0% 57.1% |Pavement
Reliability | 80.8% 1 2 3 4 5
FDR 20.7% | 15.7% | 9.7%

Predicted Class
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Figure 106 (Network #17) Network classification rate, false colour point
cloud.
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18 Resilient backpropagation, 2 hidden layers,10 neurons

per hidden layer

Table 42 Artificial Neural Network classification rate, Resilient
backpropagation, 2 hidden layers,10 neurons per hidden layer, site 1

Predicted Class

test data.
Per True Class FNR
1 91.1% 4.1% 2.0% 1.7% 1.2% Wood
8.9%
2 15.1% | 78.0% 4.5% 0.9% 1.6% Brick
a
o
S 3 10.6% | 0.5% | 84.0% | 2.0% | 2.9% | Steel
3 16.0%
|—
4 0.0% 0.0% 0.1% 96.3% 3.6% Gravel
5 0.3% 0.0% 0.4% 13.4% 85.9% |Pavement
14.1%
1 2 3 4 5 Accuracy | 87.0%
Predicted Class
Per Predicted Class
1 93.3% | 15.6% 9.4% 5.8% 17.0% Wood
2 4.4% 84.0% 6.0% 0.8% 6.6% Brick
a
o
3 3 2.3% 0.4% 84.4% 1.5% 9.1% Steel
>
=
4 0.0% 0.0% 0.1% 89.9% 14.4% Gravel
5 0.0% 0.0% 0.1% 1.9% 52.9% [Pavement
Reliability | 80.9% 1 2 3 4 5
FDR - 16.0% | 15.6% | 10.1% -
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Figure 107 (Network #18) Network classification rate, false colour point
cloud.
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19 Resilient backpropagation, 1 hidden layers,10 neurons

per hidden layer, Ratios 2 & 3

Table 43 Artificial Neural Network classification rate, Resilient
backpropagation, 1 hidden layers,10 neurons per hidden layer, Ratios 2

& 3, site 1 test data.

Predicted Class

Per True Class FNR
1 90.2% 3.6% 3.9% 0.1% 2.2% Wood
2 17.2% | 76.0% 5.4% 0.6% 0.8% Brick
a
)
‘:, 3 13.3% 0.2% 82.8% 1.9% 1.8% Steel
> 17.2%
=
4 0.0% 0.0% 0.1% 93.2% 6.7% Gravel
5 0.9% 0.0% 0.3% 15.6% 83.0% |[Pavement
17.0%
1 2 3 4 5 Accuracy | 85.1%
Predicted Class
Per Predicted Class
1 92.1% | 14.4% | 16.8% 0.3% 27.1% Wood
2 5.0% 85.4% 6.6% 0.6% 2.8% Brick
a
)
‘:, 3 2.9% 0.2% 76.5% 1.5% 4.6% Steel
>
=
4 0.0% 0.0% 0.1% 95.1% 22.4% Gravel
5 0.0% 0.0% 0.1% 2.5% 43.1% |Pavement
Reliability | 78.4% 1 2 3 4 5
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Figure 108 (Network #19) Network classification rate, false colour point

cloud
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20 Resilient backpropagation, 1 hidden layers,10 neurons

per hidden layer, Ratios 1 & 2

Table 44 Artificial Neural Network classification rate, Resilient
backpropagation, 1 hidden layers,10 neurons per hidden layer, Ratios 1
& 2, site 1 test data.

Predicted Class

Per True Class FNR
1 85.2% 8.2% 2.7% 0.3% 3.6% Wood
14.8%
2 26.8% | 40.5% | 21.6% 3.7% 7.3% Brick
a
o
z 3 6.9% 0.1% 88.7% 1.2% 3.1% Steel
3 11.3%
[
4 0.7% 0.0% 0.0% 96.4% 2.9% Gravel
5 0.2% 0.0% 0.2% 13.8% | 85.8% [Pavement
14.2%
1 2 3 4 5 Accuracy | 79.3%
Predicted Class
Per Predicted Class
1 91.5% | 58.5% 5.2% 0.5% 19.8% Wood
2 4.1% 41.1% 5.9% 0.7% 5.6% Brick
a
8
< 3 38% | 0.4% | 888% | 08% | 86% | steel
>
=
4 0.6% 0.0% 0.1% 95.9% 11.7% Gravel
5 0.0% 0.0% 0.0% 2.2% 54.2% |Pavement
Reliability | 74.3% 1 2 3 4 5
FDR 8.5%
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Figure 109 (Network #20) Network classification rate, false colour point

cloud
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21 Resilient backpropagation, 1 hidden layers,10 neurons

per hidden layer, Ratios 1 & 3

Table 45 Artificial Neural Network classification rate, Resilient
backpropagation, 1 hidden layers,10 neurons per hidden layer, Ratios 1
& 3, site 1 test data.

Predicted Class

Per True Class FNR
1 91.1% 2.7% 0.0% 5.9% 0.3% Wood
8.9%
2 3.0% 94.5% 0.0% 0.7% 1.8% Brick
a 5.5%
o
S 3 61.0% | 1.0% | 0.0% | 12.8% | 252% | Steel
>
=
4 0.0% 0.0% 0.0% 99.2% 0.8% Gravel
5 0.5% 0.0% 0.0% 10.9% 88.6% |Pavement
11.4%
1 2 3 4 5 Accuracy | 74.7%
Predicted Class
Per Predicted Class
1 93.1% 4.0% |#DIV/O!| 6.3% 2.2% Wood
2 2.0% 95.8% | #DIV/0! | 0.5% 7.8% Brick
a
o
3 3 4.7% 0.1% | #DIV/0!| 1.0% 12.2% Steel
>
=
4 0.0% 0.0% | #DIV/0! | 90.7% 4.2% Gravel
5 0.1% 0.0% | #DIV/0!| 1.5% 73.5% |Pavement
Reliability | #DIV/0! 1 2 3 4 5
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Figure 110 (Network #21) Network classification rate, false colour point

cloud
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22 Resilient backpropagation, 1 hidden layers,10 neurons

per hidden layer, Ratios All

Table 46 Artificial Neural Network, Resilient backpropagation, 1 hidden
layers,10 neurons per hidden layer, Ratios all, site 1 test data.

Per True Class

FNR

Predicted Class

1 97.0% 0.3% 1.3% 0.9% 0.2% Wood
2 11.8% | 81.2% 4.3% 0.6% 1.5% Brick
a
s
z 3 7.0% 0.0% 88.2% 1.8% 2.9% Steel
3 11.7%
|—
4 0.0% 0.0% 0.0% 99.2% 0.8% Gravel
5 0.5% 0.0% 0.3% 11.9% 87.3% |Pavement
12.6%
1 2 3 4 5 Accuracy | 90.6%
Predicted Class
Per Predicted Class
1 95.6% 1.4% 6.4% 2.9% 3.7% Wood
2 3.0% 98.6% 5.2% 0.5% 7.1% Brick
a
o
st 3 14% | 0.0% | 882% | 1.2% | 109% | steel
>
=
4 0.0% 0.0% 0.1% 93.7% 4.2% Gravel
5 0.0% 0.0% 0.1% 1.8% 74.1% |Pavement
Reliability | 90.0% 1 2 3 4 5
FDR 4.4% - 11.8% 6.3%
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Figure 111 (Network #22) Network classification rate, false colour point

cloud
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23 Resilient backpropagation, 1 hidden layers,10 neurons

per hidden layer, Ratios 1 & 3, threshold 0.5

Table 47 Artificial Neural Network classification rate, Resilient
backpropagation, 1 hidden layers,10 neurons per hidden layer, Ratios 1
& 3, threshold 0.5, site 1 test data.

Predicted Class

Per True Class FNR
1 57.1% 6.6% 34.1% 2.2% 0.0% Wood
2 12.6% | 77.5% 8.1% 0.7% 1.1% Brick
@ 22.5%
o
S 3 240% | 1.0% | 70.8% | 1.8% | 2.5% | Steel
3 29.2%
|—
4 0.0% 0.2% 0.0% 98.8% 1.0% Gravel
5 0.4% 1.7% 0.1% 11.5% 86.4% |Pavement
13.6%
1 2 3 4 5 Accuracy | 78.1%
Predicted Class
Per Predicted Class
1 86.9% | 23.1% | 66.4% 7.3% 1.0% Wood
2 5.3% 75.8% 4.4% 0.6% 6.2% Brick
a
o
3 3 7.7% 0.7% 29.2% 1.2% 11.2% Steel
>
=
4 0.0% 0.2% 0.0% 89.2% 5.5% Gravel
5 0.0% 0.2% 0.0% 1.6% 76.1% [Pavement
Reliability | 71.5% 1 2 3 4 5
FDR 24.2% 23.9%
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Figure 112 (Network #23) Network classification rate, false colour point

cloud
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Appendix B MATLAB Programs

The following MatLab programs were written during the research to
implement algorithms in the multi-spectral classification process. Minor

sub functions are not shown for brevity.

Create multi-spectral point cloud

function KNN

$Create file of nearest neighbours from 3 input files

$Define a reference cloud, then store the intensity values in
three columns

strpath="'E:Scans\"';

strdlm=" "';
strtitle='Open Reference Cloud';
strdlm=" "';

[ strfilename,strpath,Rl,nrows,ncols,a |
ImportCloud(strpath,strdlm,strtitle);
if a==
return;
end
nl=nrows;
strtitle="Open Cloud 1';
strdlm=" "';
[ strfilename, strpath,R2,nrows,ncols,a ]
ImportCloud(strpath,strdlm,strtitle);

if a==
return;
end
strtitle='Open Cloud 2';
strdlm=" "';

[ strfilename, strpath,R3,nrows,ncols,a |
ImportCloud(strpath, strdlm,strtitle);
if a==
return;
end

soutput array: xyzrlr2r3
[r,c]=size(R1l);

B=zeros (r,6);
B(:,1:4)=R1(:,1:4);

%get index of nearest neighbours between R1 & R2
display ('KNN 1-2");
[IDX,Dl]=knnsearch(R2(:,1:3),R1(:,1:3),"'K',3);
for k=1:1:nl

B(k,5)=R2 (IDX (k,1),4);
end

%get index of nearest neighbours between R1 & R3
display ('KNN 1-3");
[IDX,D2]=knnsearch(R3(:,1:3),R1(:,1:3),"'K',3);
for k=1:1:nl
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B(k,6)=R3(IDX(k,1),4);
end

$write to file
[strfilename,a ] = ExportCloud(strpath,strdlm,B);

Classify multi-spectral point cloud

$Script to execute classifier routines

$define number of columns in test data and predicted data
pcol=7;

rcol=7;

$run clssifier with trained model
[predictedData,class]=testClassifer (trainedClassifier, testData)
%Calculate confusion matrix
[C,outputDatal=ConfusionMatrix (referenceData, rcol,predictedData
(pcol);

$Create point cloud of predicted data using set colours for
each predicted

%class

[rgbData]=ClassesAddRGB (outputData, pcol) ;

function

[predictedData,class]=testClassifer (trainedClassifier, testData)
%extract test data columns

T=testData(:,4:6);

%use trained classifier to predict classes in test data

class = trainedClassifier.predictFcn(T);

sconvert testData to array
testDataA=tablel2array (testData);

%Scombin test data with esults
[rows,cols]=size (testDatald);
predictedData=zeros (rows,cols+1);
predictedData(:,1l:cols)=testDataA(:,1:cols);
predictedData (:,cols+1l)=class;

$write to file

strpath='D:"';

strdlm=" "';

[ strfilename,a ] =
ExportCloud (strpath, strdlm,predictedData) ;

% close 'all';
end

o o

o

function
[C,outputData]=ConfusionMatrix (referenceData, rcol,predictedData
spcol)

%calulate confusion matrix

sreferenceData x,vy,z,r,g9,b,class

$predictedbData x,y,z,sl,s2,s3,class

%gl is reference (known classes)

%92 1is predicted
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%$IDX to ensure correct correlation of position
[IDX,D]=knnsearch (predictedData(:,1:3),referenceData(:,1:3), 'K’
$3);

g2=predictedData (IDX(:,1),pcol);

gl=referenceData (:,rcol);

[C,order] = confusionmat (gl,g?2);

$xlswrite ('output',C);

% plotconfusion(g2,gl);

%add ref class to predictedData

[rows,cols]=size (predictedData) ;

outputData=zeros (rows,cols+1l);
outputData(:,l:cols)=predictedData (IDX(:,1),1l:cols);
outputData(:,cols+1)=gl;
$xyzsl,s2,s3,refclass,predictedclass

end

function [rgbData]=ClassesAddRGB (outputData,pcol)
$xyz,sl,s2,s3,ref class,predicted class

%colors

c=[0,0,255;... %1 Blue
0,255,255; ... %2 Cyan
0,255,0;... %3 Green
255,255,0; ... %4 Yellow
255,0,0; ... %5 Red
128,128,128;... %6 Grey
0,0,0;... %7 Black
255,255,255];... %8 White

[rows,cols]=size (outputData) ;
rgbData=zeros (rows,cols+3);
rgbData(:,1l:cols)=outputbData(:,1l:cols);

%add rgb
%no class 1is black
rgbData(:,9:11)=C (outputData(:,pcol), :);

sexport

$xlswrite ('rgbData.xlsx',rgbData);
dlmwrite ('rgbData.xyz',rgbData,' ');
end
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Classify multi-spectral point cloud using ANN classifier

$Script to execute neural classifier functions
%define hidden layer size
hiddenlLayerSize=[10];
$define number of columns
pcol=7;

rcol=7;

$Define score threshold
t=0.5;

$define training function

% trainFcn='trainscg';

% trainFcn='traincgb';
trainFcn="trainrp';

$define performance function
performFcn="'crossentropy';

$Train network and then test to produce predicted data
[predictedDatal=neuralClassifier (trainingData, tgtData, testData,
hiddenlayerSize, trainFcn,performFcn, t);

%Calculate confusion matrix
[C,outputData]=ConfusionMatrix (referenceData, rcol,predictedData
ypcol) ;

$creat predicted data point cloud each class with a set colour
[rgbData]=ClassesAddRGB (outputData, pcol) ;

function
[predictedData]=neuralClassifier (trainingData, tgtData, testData,
hiddenLayerSize, trainFcn,performFcn, t)

%Selection of scanners

SFaro=1

$Leica=2

$Riegl=3

% testDataA=tableZarray(testData(l:end,:));
testDataA=testData;

inputs=trainingData(:, [1 3])';%change number to scanners
required

targets=tgtData';

%extract spectral data from testdata xyzsi,s2,s3
test=testDatalA(:,[4 6])';%Faro=4, Leia=5, Riegl=6

% Create a Pattern Recognition Network

net = patternnet (hiddenlayerSize,trainFcn,performFcn);
snet=feedforwardnet (hiddenlLayerSize, 'trainscg');

r,cl=size (hiddenLayerSize);
net.layers{l}.transferFcn = 'tansig';
net.layers{l:c}.transferFcn = 'logsig';

[

o)

% Setup Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;

% Train the Network
[net,tr] = train(net,inputs, targets);



% Test the Network

outputs = net (inputs);

errors = gsubtract(targets,outputs);
performance = perform(net, targets,outputs);

% View the Network
view (net) ;

%$Test, thi has a score from 0-1 for each class
testOutputs=net (test);

%determine class from scores
[score,class]=max (testOutputs) ;

%threshold the results
[n,m]=size(class);
%$t=0.98;
for k=1:1:m

if score (k)<=t

class (k)=6;

end

end

put in column format

class=class';

[rows,cols]=size (testDatald);
predictedData=zeros (rows,cols+1);
predictedData(:,1l:cols)=testDataA(:,1:cols);
predictedData (:,cols+1l)=class;

score=score';

shistogram of scoring
numOfBins = 100;

[histFreq, histXout] = hist(score, numOfBins);
figure;

bar (histXout, histFreqg/sum(histFreq)*100);
xlabel ('Classification score (0-1)");

ylabel ('Frequency (%) "');

end



Appendix C Scanner Specifications

The following figures shown an image of the scanners and their

associated manufacturers specification sheet.

FARO 3D 120
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Performance Specifications
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Leica HDS3000 Specifications
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Riegl VZ400 Specifications
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Appendix D Neural Network Definitions

The following neural network definitions are courtesy of Mathworks ©

2015.
Conjugate Gradient Algorithms

The basic backpropagation algorithm adjusts the weights in the
steepest descent direction (negative of the gradient). This is the
direction in which the performance function is decreasing most rapidly.
It turns out that, although the function decreases most rapidly along the
negative of the gradient, this does not necessarily produce the fastest
convergence. In the conjugate gradient algorithms, a search is
performed along conjugate directions, which produces generally faster
convergence than steepest descent directions. In this section, we

present four different variations of conjugate gradient algorithms.

In most of the training algorithms that we discussed up to this point, a
learning rate is used to determine the length of the weight update (step
size). In most of the conjugate gradient algorithms, the step size is
adjusted at each iteration. A search is made along the conjugate
gradient direction to determine the step size, which minimizes the
performance function along that line. There are five different search
functions included in the toolbox, and these are discussed at the end of
this section. Any of these search functions can be used interchangeably
with a variety of the training functions described in the remainder of this
chapter. Some search functions are best suited to certain training

functions, although the optimum choice can vary according to the
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specific application. An appropriate default search function is assigned

to each training function, but this can be modified by the user.
Powell-Beale Restarts (traincgb)

For all conjugate gradient algorithms, the search direction will be
periodically reset to the negative of the gradient. The standard reset
point occurs when the number of iterations is equal to the number of
network parameters (weights and biases), but there are other reset
methods that can improve the efficiency of training. One such reset
method was proposed by Powell, based on an earlier version proposed
by Beale. For this technique we will restart if there is very little
orthogonality left between the current gradient and the previous

gradient. This is tested with the following inequality.

T 2
|Ek —1Ek| 2 0.2 g
If this condition is satisfied, the search direction is reset to the negative
of the gradient.

In the following code, we recreate our previous network and train it

using the Powell-Beale version of the conjugate gradient algorithm
Scaled Conjugate Gradient (trainscg)

Each of the conjugate gradient algorithms that we have discussed so
far requires a line search at each iteration. This line search is
computationally expensive, since it requires that the network response

to all training inputs be computed several times for each search. The
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scaled conjugate gradient algorithm (SCG), developed by Moller, and

was designed to avoid the time-consuming line search.

The trainscg routine may require more iterations to converge than the
other conjugate gradient algorithms, but the number of computations in
each iteration is significantly reduced because no line search is

performed.
Resilient Backpropagation

Multilayer networks typically use sigmoid transfer functions in the
hidden layers. These functions are often called "squashing" functions,
because they compress an infinite input range into a finite output range.
Sigmoid functions are characterized by the fact that their slopes must
approach zero as the input gets large. This causes a problem when you
use steepest descent to train a multilayer network with sigmoid
functions, because the gradient can have a very small magnitude and,
therefore, cause small changes in the weights and biases, even though

the weights and biases are far from their optimal values.

The purpose of the resilient backpropagation (Rprop) training algorithm
is to eliminate these harmful effects of the magnitudes of the partial
derivatives. Only the sign of the derivative can determine the direction
of the weight update; the magnitude of the derivative has no effect on
the weight update. The size of the weight change is determined by a
separate update value. The update value for each weight and bias is
increased by a factor whenever the derivative of the performance

function with respect to that weight has the same sign for two
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successive iterations. The update value is decreased by a factor
whenever the derivative with respect to that weight changes sign from
the previous iteration. If the derivative is zero, the update value remains
the same. Whenever the weights are oscillating, the weight change is
reduced. If the weight continues to change in the same direction for

several iterations, the magnitude of the weight change increases.
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