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Surface-based Synthesis of 3D
Maps for Outdoor Unstructured
Environments
This thesis is concerned with the theoretical and practical development of a
surface-based mapping algorithm for reliable and robust localization and mapping in prior unknown and unstructured environments. A surface-based map
consists of a set of compressed surfaces, processed and represented without
geometrical modelling. Each surface in the surface-based map represents an
object in the environment. The ability to represent the exact shapes of objects
via individual surfaces during the mapping process makes the surface-based
mapping algorithm valuable in a number of navigation applications, such as
mapping of prior unknown indoor and outdoor unstructured environments,
target tracking, path planning and collision avoidance. The ability to unify
representations of the same object taken from different viewpoints into a single surface makes the algorithm capable of working in multi-robot mapping
applications.
A surface-based map of the environment is build incrementally by acquiring
the 3D range image of the scene, extracting the objects’ surfaces from the 3D
range image, aligning the set of extracted surfaces relative to the map and
unifying the aligned set of surfaces with surfaces in the map. In the surface
unification process the surfaces representing the same object are unified to
make a single surface.
The thesis introduces the following new methods which are used in the
surface-based mapping algorithm: the extraction of surfaces from 3D range
images based on a scanned surface continuity check; homogenization of the
representation of the non-homogenously sampled surfaces; the alignment of the
ii

surface set relative to a large set of surfaces based on surface-based alignment
algorithm; evaluating the correspondence between two surfaces based on the
overlap area between surfaces; unification of the two surfaces belonging to the
same object; and surface unification for a large set of surfaces.
The theoretical contributions of this thesis are demonstrated with a series
of practical implementations in different outdoor environments.
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Chapter 1
Introduction
1.1

3D Mapping

The synthesis and the interpretation of the 3D representation of the environment are essential components for localization and perception processes. The
problem of environment interpretation is complex due to a number of fundamental issues. The first one is the implementation of the exact control of the
sensors. The second issue is the creation of a volumetric scene in a common
coordinate system by integrating multiple scans from different locations. Third
issue is the presence of misalignment between the scans after the integration of
multiple scans in the map. The last important issue is the elimination of the
redundant data from the representation of the environment in order to reduce
computational and memory requirements.
The autonomous mobile robot localization in previously unknown environments requires that the robot incrementally constructs the map of the area of
operation. Traditionally, the mapping has been limited to applications where
physical environments were represented as a cloud of points or were modelled
by geometric features (e.g., in a feature-based map). In unstructured environments where the scene cannot be properly modelled by geometric features the
surfaces are represented as a cloud of points. A map built based on a cloud
of points does not have the advantages of a feature-based map such as compactness and the ability to merge same object representations from different
observations. Meanwhile, a feature-based representation does not work well in
unstructured environments. The aim of this thesis is to design and implement
a new mapping method that will combine the advantages of the points-based
and feature-based maps, i.e., will build a compact map and can merge the
same object representations acquired from different viewpoints.
The thesis addresses 3D localization and mapping in unstructured environments. It introduces a new surface-based mapping approach for structured
and unstructured, indoor and outdoor environments. The implementation provides high accuracy and improved computational efficiency in the presented

1.2 Fundamental Problems in 3D Mapping
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mapping algorithm.
The operation in unstructured environments requires the mapping algorithm to work with scene object representation surfaces without geometrical
modelling. In a surface-based map the 3D data of the scene is segmented into
objects’ surfaces without further modelling. In a map each surface is a full or
partial representation of the scanned objects. Multiple surfaces from different
3D range images representing the same object in the map are incrementally
aligned and integrated with each other to form a single representation of that
object in the map.
The surface-based map can be formulated as a hybrid of feature-based
and points-based maps. In the surface-based map the scanned surfaces serve
as features. This differs from the feature-based approach where the surfaces
are represented by geometric primitives. The representation of the scanned
surfaces without modelling via geometrical primitives makes possible the use
of the surface-based map in environments where the modelling is not possible,
e.g., in unstructured environments. Comparisons of the feature-based, pointsbased and surface-based mapping techniques are presented in Table 1.1.
From Table 1.1 it can be seen that the overall advantage of the surface-based
map is in its ability to operate in an unstructured environment by representing
the environment with a compact map, although compared to other mapping
techniques this requires more computational power. Besides being able to operate in unstructured environments, surface-based mapping has the following
advantages:
• The online formation of the scene objects’ representing surfaces in the
map enables high level applications such as target tracking, path planning and collision avoidance.
• The ability to update the map by adding only missing information protects the map from the accumulation of redundant information. Because
of this property the surface-based map can be used in multi-robot mapping applications where the same scene can be observed by several robots
in different stages of the mapping process.

1.2

Fundamental Problems in 3D Mapping

The development of an accurate, robust and efficient mapping algorithm for
unstructured environment is based on addressing the following issues:
• Environment information representation: Obtaining accurate information about the local environment is one of the important requirements in navigation and mapping tasks. In order to perform the localization and mapping tasks reliably, the robot must be able to sense its
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Environment
representation

Feature-based
Geometrical features

Detail of the
environment
representation

Points-based
Cloud of points

Not detailed as
the surfaces are
modelled by geometrical primitives
Environment
Structured
type
and man-built,
mainly indoor
Range
image Feature extraction
segmentation
Compactness
Very compact as
of the map
the environment
is
represented
via set of points,
lines or planes
Correction of Is implemented
the registration via alignment of
the new acquired
error
features relative
to the features in
the map
Correspondence Data association
of features and
type
set of features

Detailed,
and
is limited by
the
scanner
accuracy

Data association type

Point to set of
points

Observation integration with
map

Point to line,
plane.
Line
to line, plane.
Plane to plane.
New features are
merged with existing features

Main drawback

Strict requirements to environment type

Main
tage

Compact map

advan-

Structured,
unstructured,
indoor, outdoor
Not required
Not compact as
the environment
is represented as
a set of range images
Is implemented
via alignment of
the new acquired
range image relative to its previous image
Data association
of range images

New range image is joined
with
existing
map
without
compression
Not
compact
and can have
multi layer representation
of
the same surface
Independent
from
environment type

3
Surface-based
Homogenously
represented surface
Can be controlled
via size of the surface patch

Structured,
unstructured,
indoor, outdoor
Surface extraction
Compact as the
environment
is
represented
as
a set of objects’
surfaces
Is implemented
via alignment of
the new set of
surfaces relative
to the map
Data association
of surfaces. Degree of correspondence of surfaces
Surface to surface

Observation surfaces are unified
with map surfaces

More computational power is
required

Independent
from environment
type,
compact
map

Table 1.1: Comparison of feature-based, points-based and surface-based mapping
techniques

1.2 Fundamental Problems in 3D Mapping
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environment accurately. To acquire the accurate 3D image of the environment while the vehicle moves, a precise integration of the data from
different kinds of sensors, such as laser range finders, inertial measurement units and odometers, is required. As the laser range finder is rangeand-bearing type, the space between consecutive points increases with an
increase in the distance between the scanner and the object. Strong variation of distances between the points requires a segmentation algorithm
with adaptive thresholds. Because of non-homogenous distribution of
points in the cloud, high-density sections of the non-homogenously represented surfaces will have more weight in the data association of the
surfaces compared with low-density sections and can lead to inaccurate
alignment results.
• Map-based localization: The accuracy of sensor measurements used
for localization is environment specific. The prediction of the vehicle’s
pose through a dead-reckoning process can be inaccurate because of the
dramatic changes in the local environment conditions. The pose prediction can lead to unacceptable errors when the vehicle operates outside
the range of the model validity. Due to the fact that pose information
can be erroneous and the error can grow over time, map-based localization can be used to increase the accuracy of the vehicle’s pose estimate.
The alignment of the 3D sets is used for map-based localization and for
minimizing the registration error in the map.
• Robustness of mapping algorithm: Incremental map building relies
on correct association and alignment between the data obtained from the
sensors and the data currently stored in the map. As the vehicle moves
during the scan some surfaces in the observation can have very small or
no reference surface in the map. To align surfaces from observation that
don’t have reference surfaces in the map a combined set of observations
surfaces is aligned relative to the combined set of observation-reference
surfaces from the map.
• Reduction of the redundant information in the map: The complete 3D representation of the environment requires acquisition of several
observations from different viewpoints. Each observation can contain information about the same scene of the environment that is visible from
its viewpoint. To reduce redundancy of representations in the map it
is very important to integrate the information presented from each view
of the same object. As the same scene object can be scanned from different viewpoints and can be represented via different observations, the
surface unification can be used to reduce the redundancy and to avoid
a multi-layer representation of the same object in the map. The surface
unification relies on the correct correspondence of surfaces. Therefore a
robust method for surface correspondence evaluation is required.

1.3 Contributions of the Thesis
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• Computational cost and real-time implementation: For real-time
operation in very large environments the computational complexity and
storage requirements of the mapping algorithm must be scaled in a reasonable manner. One of the methods for computational cost reduction
is the reduction of the amount of data that needs to be processed using
submaps.

1.3

Contributions of the Thesis

The principal contributions of this thesis are: the formulation of a new
surface-based mapping and localization approach and the implementation of
this approach with practical experiments. Special attention is given to the
accuracy and computational efficiency of the presented mapping algorithm.
This work covers all aspects of surface-based mapping, starting from data
acquisition up to the creation of large-scale maps.
The main contributions of this thesis are:
• The development of a method for robust and adaptive surface extraction
from raw 3D range data. The surface extraction is done by grouping
into individual clusters the points which have surface continuity with
each other.
• The development of a method for homogenous representation of the
non-homogenously sampled surfaces. The non-homogenously distributed
points of the scanned surface are used as vertexes for triangulation and
the surfaces of the formed triangles are represented via a set of homogenously distributed circular patches.
• The introduction of new method of data association between surfaces
based on properties such as overlapping and distance.
• The development of a method for registration error correction based on
minimizing the distance between the aligning surface and its overlap on
the reference surface.
• The development of a method for determining the degree of correspondence between two surfaces. The correspondence degree is calculated
based on the distance and size of the overlap area of the evaluated surface.
• The development of a method for unification (integration) of two surfaces
belonging to the same object but represented by different observations.
In the process of unification, the surface having the highest degree of
correspondence is unified with the reference surface by adding the missing

1.4 Structure of the Thesis
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information to it. The common area of the reference surface can also be
updated if the evaluated surface has more accurate data.
• The reduction of computational cost through the use of submaps in a
registration error correction and unification algorithms.

1.4

Structure of the Thesis

Chapter 2 presents an overview of surface-based mapping.
Chapter 3 presents new methods for the segmentation of 3D raw data and
an algorithm for the homogenous representation of non-homogenously
sampled surfaces.
Chapter 4 details a new algorithm for the alignment of the observation relative to the map. It also presents a new method for the final alignment
detection in the observation alignment algorithm. Experimental results
comparing the accuracy and efficiency of the presented alignment algorithm with the standard ICP algorithm are also presented.
Chapter 5 presents a new method for determining the degree of correspondence between two surfaces and an algorithm for the unification of two
surfaces from different observations of the same object. The algorithm
for unification of surfaces in the large-scale map is also presented.
Chapter 6 presents experimental results on developed surface-based mapping
algorithm in unstructured environment.
Chapter 7 concludes the thesis and shows different directions for future work.

Chapter 2
Overview of Surface-Based
Mapping
Surface-based mapping is performed by incrementally updating the map with
new observations. The observation is composed by a set of surfaces that are
extracted from the 3D range image. In a surface-based map each surface is a
full or partial representation of the scanned objects. The surfaces from different
3D range images representing the same object in the map are incrementally
aligned and unified with each other by forming a single representation of that
object in the map. The set of individual surfaces that are representing the
environment objects forms the surface-based map.
An example of the surface-based map is shown in Figure 2.1. In the map
a group of objects such as trees, cars and a building is represented as a set of
individual surfaces of corresponding objects without modelling. The scanned
surfaces of the mentioned objects in the unprocessed range images are shown
in Figure 2.2. Because of the movement of the vehicle, the same object representation surfaces are presented in consecutive 3D images.

Figure 2.1: Free-form objects of surface-based map
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Figure 2.2: A set of typical range images (consecutive range images are
shown with different colours, the colours are cycling after every six images)

The flowchart of the surface-based map formation is shown in Figure 2.3.
The three main stages of the surface-based map algorithm are the following:
• Observation: To represent each scanned object as an individual surface
in the map, the acquired 3D range image is segmented and the set of
extracted surfaces is formed. The set of surfaces extracted from the same
3D range image form a set of observation-surfaces, i.e., observation.
• Map-update: A set of observation-surfaces which have been extracted
from a range image can have misalignment with its previous observationsurfaces. The misalignment between the observations is acquired because
their range images are formed and registered in the map coordinate system using dead-reckoning information. Therefore the observation alignment is used in order to minimize the registration error and to update
the vehicle pose prediction. In the observation alignment process each
newly acquired observation is aligned relative to the map. The set of
observation-surfaces that is accurately registered in the map coordinate
system forms the set of update-surfaces, i.e., the map-update.
• Surface unification: A registered set of update-surfaces has its duplicate representation in the map. Availability of duplicate representations
of the update-surfaces in the map is essential as they are used as references in the new observation alignment process. To avoid multiple representations of the same scanned surface in the map the update-surfaces
are unified with map-surfaces in the surface unification stage. In the
process of unification the surfaces representing the same scene scanned
surface are unified without redundancy.
• Surface-based map: The outcome of the observation, map-update and
unification stages make up the surface-based map. In the surface-based
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Figure 2.3: Surface-based mapping

map each object is represented via its individual surface in a compressed
form.
In order to increase the overall accuracy and robustness of the surface-based
map combined data association is used for registration error correction in the
map-update stage. In the map-update stage the newly obtained observation is
aligned relative to the map, where the map is formed as a result of unification
of all previous map-updates. The set of map-surfaces that is made from the
unification of the previous update-surfaces serves as a robust reference for the
newly obtained observation. The use of the map-surfaces formed in the earlier
stages of the mapping process eliminates the growing uncertainty of the mapbased localization.
The participation of the whole map in the registration alignment and surface unification stages may become computationally expensive with growth of
the map. The number and the size of map-surfaces can grow after each new
observation. To reduce the computational cost of algorithms the alignmentsubmap and unification-submap are defined for the map-update and surface
unification stages, respectively. The alignment-submap is formed from the
parts of the map-surfaces that have association with the set of observationsurfaces. The unification-submap includes the observation surfaces and the
map-surfaces that have correspondence with the observation surfaces. Therefore the dimensions of the formed submaps are functions of the observation
dimensions and are not affected by the map size. The dimensions of the observations don’t change significantly during the whole mapping process as they
are defined by the sensor characteristics, i.e., the scanning range and angles.
Thus, the computational cost of the new observation processing will stay at
the same level in the mapping process.
One of the aims of this work is to show that the computational cost of
surface-based mapping will not grow with the growth of the map. Moreover
the use of a well optimized algorithm will make surface-based mapping online
implementable. The main stages of surface-based mapping are reviewed in the
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Figure 2.4: Substages of observation stage

following sections:
Section 2.1 observation.
Section 2.2 map-update.
Section 2.3 surface unification.

2.1

Observation Stage

The observation is defined as a set of individual surfaces that have been extracted from the 3D range image of the new scene and have been processed for
homogenous representation. To get the surfaces of individual objects, the 3D
range image is segmented, i.e., object’s surfaces are extracted from the scanned
image. Each surface is a piece of the 3D image that represents a continuous
surface. It is a surface of object’s shape and not necessarily a plane or line.
In order to correctly represent the relation between the surfaces, the surfaces
must be homogenously represented, i.e., the surfaces must be presented using
an equal amount of information per surface. The correct representation of the
surface relation is essential as the accuracy of the map is mainly based on the
surface correspondence.
In the observation stage, information about the scene is collected in order
to update the map. The flowchart of the observation formation stage is shown
in Figure 2.4. The observation stage consists of the following main substages:
a) In the range data acquisition substage the volumetric representation of the
scene is acquired. The 3D data of the scene is formed by fusing the
measurements of the sensors.
b) To represent the scene via a set of individual surfaces the objects’ surfaces
are extracted from the acquired 3D range image. Therefore the continuous range data is divided into 3D frames and is processed with the
segmentation algorithm.
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Figure 2.5: 3D range image formed by correctly (a) and incorrectly (b)
synchronized integration of the measurements

c) The surfaces extracted from the 3D range image are represented via a set
of irregularly distributed points. In order to make the surface representation homogenous the extracted surfaces are represented via a set of
homogenously distributed circular patches.
d) As a result of processing from the set of the homogenously represented
surfaces an observation is formed.
The main substages of the observation formation stage are discussed below.

2.1.1

3D range data acquisition

To digitize the environment different kinds of volumetric sensors are used such
as stereo cameras, 3D radars and range-and-bearing laser scanners. In this
thesis a custom-built 3D laser scanner is used to acquire 3D range data of the
scene. In the 3D scanner system the servomotor rotates the 2D laser scanner
up-and-down relative to the horizontal axes. The velocity of the servomotor
is adjusted for obtaining equal angular resolutions in the horizontal (azimuth)
and vertical (elevation) directions.
During the scanning process the vehicle is in continuous movement and all
the measurements from the scanner are taken from different poses (position
and attitude) of the vehicle. The synthesis of the 3D data is performed by
the fusion of the laser range-and-bearing measurements, the servomotor angle
and the vehicle’s pose information. The vehicle’s pose in the local coordinate
system is defined based on the dead-reckoning information, i.e., on relative
measurements from the inertia navigation system and wheel encoder. The
measurements of the servomotor and the vehicle’s pose are estimated for each
laser measurement time. By a proper transformation each individual scanned
point is projected to the vehicle’s coordinate system. To build a 3D range
image the obtained points are translated from the vehicle’s coordinate system
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to the map’s local coordinate system. Figure 2.5 shows the 3D range image
formed by correctly (a) and incorrectly (b) synchronized integration of the
measurements. In the image, the surfaces that are placed near the scanner are
represented with a higher density of points than the far away surfaces. The
non-homogenous representation of the surfaces is because of the range-andbearing type scanner that is used for the acquisition. Generally the volumetric
scanners used for mapping are of the range-and-bearing type, such as the
custom-built 3D scanner used in these experiments.

2.1.2

Surface extraction from 3D range data

During the data acquisition the fusion process generates an uninterrupted sequence of 3D points. Therefore, to obtain a set of objects’ representing surfaces
from uninterrupted range data, the subset of 3D points is defined and processed
with the surface extraction algorithm.
3D frame
Based on the fact that the 3D laser scanner scans the surfaces of objects in
a regular pattern, the subset of 3D points can be defined in such a way that
each subset will completely represent the scanned scene. In this thesis a set
of 3D points obtained during a single pass of the servomotor (between two
direction changing angles) is called a 3D frame. The starting/ending point of
the 3D frame in the map’s coordinate system is the pose of the vehicle at the
time when the servomotor changes its rotation in the vertical direction. Each
3D frame is in fact a sequence of consecutive 2D laser frames expressed as 3D
points. Each scanned surface in the 3D frame is represented as a set of 3D
points. In a 3D frame each surface from the scene is represented only once.
Surface extraction from 3D frame
The approach for surface extraction from a 3D frame is based on grouping the
points in clusters through a segmentation stage. The accurate segmentation
of the range data becomes very difficult if the processed data has been acquired during the movement of the sensor. Because of the vehicle movement
during the scan the scanning surfaces dynamically change their locations relative to the scanner. The dynamic placement of the scanning surfaces and
the non-homogenous distribution of the points on the scanned surfaces require
very adaptive algorithm for the surface extraction. Besides being adaptive the
surface extraction algorithm must also be designed for online implementation.
The existing range image segmentation algorithms don’t satisfy the mentioned
requirements in terms of robustness and speed as they are mostly designed
for working with images acquired in static conditions. To satisfy the above
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Figure 2.6: 3D frame acquired in an indoor environment (a) and the
measured distances ordered using points’ scanning order (b)

mentioned requirements a new surface extraction algorithm is introduced in
this thesis.
The presented real-time segmentation algorithm is based on a surface continuity check between the scanned points. The presented surface extraction
algorithm (based on segmentation) is designed by taking into account the specifications of the 3D data acquisition during the vehicle movement in an unstructured environment. The surface extraction in the presented segmentation
algorithm is implemented by grouping points from the same scanned surface
into a single cluster. To detect surface continuities and breaks in the 3D frame,
the surface continuity between each pair of consecutive scanned points is evaluated. After the edges of the surfaces are determined, points belonging to the
same region are grouped together in order to represent a scanned surface.
To increase the speed and robustness of the segmentation algorithm, the
properties of points of the 3D frame are represented via a set of matrixes.
As the scanner scans the surfaces of objects in a regular pattern the order of
scanned points in the 3D frame remains unchanged. The order of each point
in the 3D frame is described via a combination of the point’s sequence number
in the 2D laser frame and the sequence number of that 2D frame in the 3D
frame. Thus, the relation between points in the 3D frame can be described
via a set of matrixes. The matrix representation is similar to a digital picture
where each pixel has its own fixed position in the horizontal and vertical lines
of the picture. Figure 2.6 shows a 3D frame acquired in an indoor environment
(a) and the measured distances ordered using points’ scanning order (b).
Each 3D frame can be described via a set of matrixes for representing
the point’s properties in the segmentation algorithm. The introduced surface
extraction algorithm is performed using the following matrixes:
• Order matrix: Used for presenting the scanned order of points in the
3D frame.
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Figure 2.7: Surfaces extracted from 3D frame

• Surface continuity matrix: Used for presenting the information about
the surface continuities and breaks between consecutive points in the 3D
frame.
• Region matrix: Used for grouping and enumerating the points having
surface continuity with each other. Each group of points from the region
matrix represents an individual surface in the 3D frame.
The set of surfaces extracted from the 3D frame using the proposed segmentation algorithm is shown in Figure 2.7.

2.1.3

Homogenization of surfaces

Due to the use of the range-and-bearing laser scanner in the 3D data acquisition
process the objects that are near the sensor are more densely sampled than
the far away objects. The non-homogenous representation of the scanned
surfaces makes the mapping and localization process very hard. This is due
to the fact that the information about the surface is unevenly distributed,
i.e., in high-density sections the information is redundant and in low density
sections the information is insufficient for processing. In high-density sections
the concentration of points in one small area increases the computational cost
of the algorithms, but in general it doesn’t increase the accuracy of the results.
Moreover, trying to match two non-homogenously presented surfaces can yield
wrong results, because the weight per unit of area will be high in denser sections
and will force to match two dense sections of the surfaces together. The nonhomogeneity of the representation is a big problem also when the overlap area
of the surfaces needs to be determined.
To represent non-homogenously sampled free-form surfaces, the surface triangulation method is widely used. The triangulation of surfaces is done by
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Figure 2.8: Patch distribution on the triangulated surface

using the consecutively scanned points as triangle vertexes. But the determination of the overlap area of the triangulated surfaces still has the following
complexities:
• Size variation: Because of the non-homogenous point distribution the
triangles’ sizes have very significant variations on the same surface.
• Orientation variation: Even a small change in the range of one of
the vertex points results in a change of the triangle’s orientation angle
relative to the scanned surface. It leads to orientation variations between
the triangles of the same surface.
• Stretch of triangle: Because of the vehicle movement during scan the
consecutive points may have relative shift in the 3D frame, which will
stretch the triangles formed by the consecutive scanned points.
• Partial overlap: The complexity of the overlap area calculation increases when taking into account the fact that a single triangle from first
surface can be partially overlapped by many triangles from second surface and a single triangle from the second surface can overlap onto many
triangles from the first surface.
In this thesis the solution to these problems is presented by representing
the scanned surfaces via a set of homogenously distributed circular patches. As
the individual patch area is acceptably small, the representation of the surface
via a set of small patches will have only a minor effect on the accuracy of the
area calculation. The approximate area of the patched surface is equal to the
product of the circular patch area and the number of patches on the surface.
The circular shape of the patch is chosen by taking into account the freeform shape of the formed triangles. For example, shapes such as square or
polygon will express the direction of the triangle edges and therefore cannot
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Figure 2.9: Homogenously represented surfaces of the scanned objects

Figure 2.10: 3D frame of the scene
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be used when different shaped triangles are next to each other on a triangulated
surface. Figure 2.8 shows the distribution of patches on a triangulated surface.
The radius of the circular patches is kept unchanged for all the triangulated
surfaces in the map.
The set of surfaces received as a result of segmentation has inherited a
non-homogenous representation from the 3D frame. To make the surfaces homogenously represented, each surface in the set is individually triangulated and
the triangulated surface is represented as a set of circular patches. Figure 2.9
shows the points cloud formed by the circular patches’ centre-points of homogenously represented surfaces that are extracted from the 3D frame shown
in Figure 2.10.

2.2

Map-update Stage

A map of the environment is gradually formed from the registered observations of the new scenes. To obtain the observation from a moving platform
the measurements from the 3D laser scanner are fused with the vehicle pose
information. After the registration of the observations in the map coordinate
system there can be a shift between the observation-surfaces representing the
same scanned surface due to the registration error. The main source of the
registration error is the error in the vehicle pose prediction. The misalignment between the same object representation surfaces can grow and become
significant over time since the error in the dead-reckoning information is accumulative. Without error correction any long-term 3D map can be distorted
due to the accumulated pose error. Many factors such as uncertainty in the
vehicle model and in the measurements can affect the reliability of the pose
prediction and lead to registration error.
In this thesis the strategy used for correcting the registration error is based
on using the 3D information itself. The registration error is corrected by aligning the new observation relative to previously aligned observations, i.e., the
map. The vehicle pose prediction is also updated using the alignment results.
The developed approach exploits the fact that the predictions of the vehicle
pose are accurate in a local sense, i.e., for short periods of time the relative
accumulated error is kept low. Under this condition the 3D surfaces that are
extracted from a single 3D frame are locally undistorted. Although the quality of the acquired surfaces is mostly independent from the vehicle pose, the
registration of the observation-surfaces in the map coordinate system is fully
dependent on the pose prediction. From this assumption it follows that the extracted and pre-processed observation-surfaces can be used to correct the pose
estimates through the surface alignment process. In the surface alignment algorithm the aligning set, i.e. observation, is moved in order to be matched
with the reference set, i.e., map. The obtained alignment correction information is used to correct the registration error of the misaligned observation in

2.2 Map-update Stage
Conditions for scan alignment algorithm for static environment
Scanning sensor is fixed
Scanning area is very limited
Unchanged accuracy of measurements
Grid distribution of points
Almost homogenous 3D Cloud
No time limit for scanning process
Large overlap areas
Unlimited computational time
Offline
Powerful computer
Advanced scan alignment algorithms
Static Environments
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Conditions for scan alignment algorithm for navigation application
Vehicle moves during scan
Practically unlimited scanning area
Accuracy decreased with distance
Grid structure is not preserved
Non-homogenous 3D cloud
Very limited time for taking scan
Spread, small overlap areas
Very limited computational time
Online, real-time
Limited computational resources
Optimized scan alignment algorithm
Dynamic environments: moving cars,
walking people, etc.

Table 2.1: Comparison of conditions for scan alignment algorithms for static environments and for navigation applications

the map coordinate system and for the vehicle pose information update. The
newly obtained vehicle pose information is then used for initial registration of
the next acquired observation.
A brief comparison to show the challenges in scan alignment algorithm for
navigation application is presented in Table 2.1. In the problem addressed in
this thesis the vehicle moves during the mapping process. Since the scanner
has a fixed scanning speed the overlap between the consecutive 3D images can
be insufficient for alignment if the vehicle moves fast. Because the scanner is
a range-and-bearing type with a fixed angular resolution, the resulting range
image has a non-homogenous distribution of 3D points in the Cartesian coordinate system. The scanning area is very large and is limited by the sensor’s
characteristics (e.g., range). In addition, due to the real-time constraint, the
algorithm design and implementation must be optimized.
For the alignment of the observation-surface relative to the map-surface
a new surface alignment algorithm is developed. In the developed alignment
algorithm the conditions for navigation applications that are listed in Table
2.1 are taken into account. The presented alignment algorithm is realized by
iteratively minimizing the distance between the observation-surface and its
overlap on the map-surfaces. As in the surface-based map the observation
and the map are sets of individual surfaces, the alignment of the observationsurfaces can be done by aligning each individual surface from the observation
with its corresponding surface in the map. In this case the individual alignment
correction will be inaccurate if the common area of the associated area is
small. Taking into account the fact that a single set of observation-surfaces
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Figure 2.11: Observation alignment algorithm

is extracted from the same 3D frame, a combined data association is used
between the sets formed from the observation-surfaces and their reference mapsurfaces. To reduce the amount of the data that needs to be processed during
the observation alignment, the alignment-submap is defined from the parts of
the map-surfaces that are highly associated with the observation-surfaces.
During the alignment process the observation and alignment-submap sets
are considered as two sets of the patches’ centre-points. The flowchart of
the observation alignment algorithm is shown in Figure 2.11. The alignment
algorithm consists of the following substages:
a) As an input to the algorithm the sets of the observation and the map
surfaces’ patches’ centre-points are given.
b) The observation is initially aligned based on the last pose estimation. The
last pose estimation is determined by integrating the dead reckoning in-
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formation with the alignment transformation of the previous observation.
c) The alignment-submap is formed from the parts of the map-surfaces that
are associated with the initially aligned observation. This reduces the
amount of data to be processed.
d) The data association between the observation and the alignment-submap
is formed. The data association is formed by a set of observation centrepoints and by their mutual nearest-neighbour centre-points from the
alignment-submap.
e) The alignment transformation is determined by minimizing the distance
between the observation and the alignment-submap sets centre-points
from the data association.
f ) To align the observation, the alignment transformation of the current iteration is applied.
g) The transformation weight of the current alignment transformation is determined in order to detect the final alignment.
h) The alignment loop is terminated if the current alignment transformation
weight becomes negligible, otherwise the new alignment transformation
is calculated by repeating the algorithm from the substage d.
i) When final alignment is reached, the accumulative alignment transformation is used to align the observation relative to the map and to update
the vehicle pose information in the time interval that corresponds to the
current observation acquisition. From the set of accurately registered
observation the map-update is formed.
The example in Figure 2.12 shows the same set of observation-surfaces
that are registered in the map (yellow) coordinate system using the deadreckoning information (green), the initial alignment transformation (blue) and
the correction transformation (red). The significant misalignment exists in the
case when the observation is registered using the dead-reckoning information
(green). The misalignment becomes much smaller if the alignment transformation of the previous observation is applied to the current observation (blue).
After the alignment the observation is matched with its reference surface (red).
The fundamental substages of the map-update formation stage are discussed below.

2.2.1

Initial alignment of observation surfaces

In the 3D frame formation process each measurement from the laser scanner is
fused with its servomotor and vehicle pose information. During the 3D frame

2.2 Map-update Stage

21

Figure 2.12: Set of observation surfaces that are registered in the map (yellow) coordinate system using the a) dead-reckoning information (green), b)
the initial alignment transformation (blue) and c) the correction transformation (red)

formation process the dead reckoning information is used to predict the vehicle
pose in the map. The information about the vehicle pose cannot be updated
during the scan because the portion of the information that is acquired about
the new scene from a new viewpoint is not enough for carrying out a mapbased localization. To form and register the observation-surfaces in the map
coordinate system the integration of the dead reckoning and the alignment
correction of the previous observation is used. The dead reckoning information
is used for getting the vehicle pose information in the map coordinate system
during the scan. The previous alignment correction is used to initially align
the observation relative to map. The initial alignment of the observation is
essential in order to ensure a good starting position for the scan alignment
algorithm.
The use of the alignment transformation of the previous observation is
based on the fact that the error in the dead-reckoning information is growing
with time and the accumulated error within the two consecutive frames is much
smaller than the total accumulated error.

2.2.2

Formation of the alignment-submap

To reduce the amount of the data that is used as a reference for the observation, in the observation alignment process, the alignment-submap is introduced. The alignment-submap is formed from the sections of the surfaces of
the map that are associated with the observation. Because the surface-based
map is a set of individual surfaces, it enables the formation of a set of mapsurfaces that are associated with the observation-surfaces by checking each
map-surface separately. The selection of the associated map-surfaces will not
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Figure 2.13: The cuboids of the surfaces are defined by the two vertex
points of the surface points cloud

reduce the amount of data in the alignment-submap as would be expected,
because the surfaces in the map are formed as the result of the unification of
several observations and therefore the dimensions of a single map-surface can
be very large (e.g., long building). The size of the alignment-submap can be
reduced further by including only the sections of the map-surfaces that intersect with the observation cuboids. The cuboid of the surface is determined by
two vertex points of the surface’s centre-points cloud, as shown in Figure 2.13.
To speed up the formation of the alignment-submap the map-surfaces with enclosing cuboids having intersection with the cuboids of the observation-surfaces
are selected in the first step. In the second step the sections of the selected
map-surfaces that intersect with the cuboids of the observation-surfaces are
included in the alignment-submap.
During the alignment the observation changes its location relative to its
reference surfaces. Therefore the sizes of the observation cuboids are extended
in order to cover all sections of the map-surfaces that can be used as reference
in the alignment process. The cuboid extension size is taken equal to the sum of
the given nearest-neighbour search threshold and the estimated misalignment
distance.
An example of an alignment-submap is shown in Figure 2.14. In the picture
the set of surfaces in the map (green) that are associated with the observation
(red) is marked blue and the intersection sections of that associated surface
which form the alignment-submap are marked yellow. The number of centrepoints in the observation, map, associated map-surfaces and the sections of
associated map-surfaces are equal to 10752, 142082, 98574 and 40158, respectively. In this experiment the observation cuboids extension size is specified as

2.2 Map-update Stage

23

Figure 2.14: Alignment-submap (yellow) of the map (green) formed
from the sections of the map-surfaces (blue) that are associated with the
observation-surfaces (red)

50 cm. In this example, to find the alignment transformation the observation
is aligned relative to the alignment-submap which has 70% less centre-points
than the map. The difference between the alignment-submap and the map will
increase with the growth of the map.
Thus, the size of the alignment-map relative to which the alignment is
calculated will stay at the same dimensions as the observation, independent
from the map size. The size of the observation, which is determined from the
scanning sensor, is kept almost the same during the whole mapping process.
Therefore the computational cost of the observation alignment will not change
with the growth of the map.

2.2.3

Surface-based data association

The data association of surfaces is formed in order to determine the alignment
transformation which minimizes the distance between the surfaces. The data
association of the surfaces is formed from common or associated areas between
the aligning and reference surfaces. In this work the surfaces-based data association is formed based on the association between the aligning surface and
its overlap on the reference surface.
The determination of the data association between scanned surfaces is simplified as a result of representing the surfaces via a set of homogenously dis-
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Figure 2.15: Overlap of the aligning line onto reference line is equal to its
projection on the reference line

tributed circular patches. Although the homogenous representation of the
scanned surfaces reduces the complexity of the data association, it doesn’t
solve the problem fully as the patches have inherited the orientations of the
triangles. Having differently orientated patches on the same surface makes
the determination of the overlap area very hard, as the overlap area calculation requires determining the projection area of the overlapping patches onto
the reference patches. The simplification of the overlap area determination is
done by representing the circular patches with their centre-points. Because of
this representation it is possible to determine the overlap area of the aligning
surface on the reference surface by using the mutual (point-to-point) nearestneighbour points search algorithm. The use of the mutual nearest-neighbour
point method is based on the fact that the line connecting the closest point
on the surface to the given point (not belonging to that surface) is perpendicular to the surface. For example, in a 2D case where two lines’ segments are
represented via sets of points, the overlap of the aligning line is equal to its
projection on the reference line segment. The overlap area or the projection
of the aligning line is approximately equal to the section in the reference line
that has mutual nearest-neighbour points with aligning line points, as shown
in Figure 2.15.
The use of the mutual nearest-neighbour search method makes surfacebased association formation very simple as the association of two surfaces is
described via a set of mutual nearest-neighbour centre-point pairs from the
aligning and reference surfaces.

2.2.4

Determination of alignment transformation

During the alignment process the alignment transformation is determined by
minimizing the distance between associated sections. To solve the distance
minimization problem the alignment transformation is determined by minimizing the cost function ΔE. The alignment transformation ([ΔR, Δt]) which
will minimize the cost function ΔE is calculated using the quaternion based
method.
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The cost function ΔE has the following formulation:
ΔE = kRSr − (ΔR ∙ ASr + Δt)k2

ASr =
RSr =

{CPo(A) },
{CPo(R) },

(2.1a)

o = 1...O

(2.1b)

o = 1...O

(2.1c)

where ΔE is the cost function; ΔR is the alignment rotation matrix; Δt is
the alignment translation vector; ASr and RSr are associated sections of the
(A)
(R)
aligning and reference surfaces, respectively; {CPo , CPo } is the mutual
nearest-neighbour centre-point pair in the data association; and O is the number of centre-point pairs in the data association.

2.2.5

Weighting alignment transformation

The alignment algorithm requires a number of iterations in order to find the final alignment. In each iteration the alignment transformation is determined by
minimizing the distance between the realigned observation and the alignmentsubmap. After each iteration the realigned observation comes nearer to its
reference by reducing the misaligned distance between the surface sets. The
reduction of the distance between the surfaces reduces the alignment transformation. Thus, the final alignment can be detected when the transformation of
the current iteration becomes negligible. In this thesis a new method for the
final alignment detection is presented based on the weighting transformation
changes within the iterations. Using the transformation weighting method
the final alignment is easily detected after a sequence of iterations when the
alignment transformation becomes negligible. To avoid the unusual cases when
there may be no convergence, the maximum number of iterations has also been
specified.

2.3

Surface Unification Stage

After the registration of the update-surfaces in the map the representations of
the same scanned surface become duplicated. The surface duplication occurs
because the current map already has a partial or full representation of the
update-surfaces. The main reason for the duplication is the multiple representations of the same object’s surfaces in a number of consecutive observations,
as shown in Figure 2.16. The multiple representations of surfaces are required
in the observation alignment process.
Multiple representations of the same surface in the map will affect the
determination of the correspondence between the surfaces by making the association concentrated in the duplicated section of the surfaces. An incorrect
correspondence will have a distorting effect, causing incrementally growing
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Figure 2.16: Partial representation of the building in the different observations

misalignment between the surfaces. In this thesis the solution of the duplication problem is found by unifying (integrating) the same object representation
surfaces.
To keep the map representation homogenous and to remove surface duplicates, the surfaces from the map-update are unified with the map-surfaces.
In the surface unification process, two surfaces having a very high degree of
correspondence are integrated into one without making a duplicated representation. To unify the surfaces in the updated map the correspondence degree
between the surfaces is determined and the surfaces with the highest degree of
correspondence are unified.
To determine the pair of surfaces that can be unified, the correspondence
degree for each surface relative to all other surfaces in the map needs to be determined. The number of correspondence evaluations will increase significantly
with the increase of the number of surfaces in the map. After each unification,
the unified surface changes its size because sections from another surface are
being added to it. Changes in the surface size results in changes of the degree
of correspondences between the newly unified surface and other surfaces in the
map. Taking into account the fact that each unification leads to new degrees of
correspondences between the surfaces, the process of map unification becomes
computationally very expensive. One of the methods to reduce the computational cost of map unification is to do unification after each map update. The
gradual unification after each map update will not fully solve the computational problem. This is due to the fact that a single map-update and the map
created with previous updates can have a thousand surfaces, resulting in a few
thousand surfaces that are to be processed. To optimize the unification process a method is presented that defines a unification-submap of the map. The
unification-submap includes update-surfaces and the map-surfaces that have
correspondence with the update-surfaces. The amount of the processed data
is reduced also by defining the partial-submap for the evaluating surface. The
partial-submap includes only a sections of candidate-surfaces of the unificationsubmap that are required for determination of the degree of correspondence
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between the evaluated surface and the surfaces in the unification-submap.
Because after unification the unified surface may become larger, and as
a result, the surfaces that initially weren’t satisfying the unification criteria
with the evaluated surface before unification, now may have the required degree of correspondence with it. After unification of the update-surfaces in the
unification-submap the unification process is repeated for the unified surfaces
of the unification-submap.
The flowchart of the simplified unification algorithm is shown in
Figure 2.17. The substages of the surface unification algorithm are the following:
a) As an input to the algorithm the sets of map and update surfaces are given.
b) From the update-surface the list of evaluated surfaces is formed. The
evaluation list includes the surface IDs for which the unification will be
performed.
c) The surfaces from map-update are joined with the map.
d) To reduce the number of surfaces needing to be processed, the unificationsubmap is formed from the surfaces in the map that are located closer
to surfaces from the evaluated surfaces list.
e) The surfaces of the unification-submap are separated from the map.
f ) The list of the unification-submap surfaces is created.
g) The first surface in the unification-submap list is chosen to be processed.
h) A partial-submap is formed from the unification-submap surfaces that satisfy the initial unification criteria.
i) The degree of correspondence between the chosen surface and the surfaces
in the partial-submap is determined.
j) From the partial-submap the ID of the surface having the highest degree of
correspondence is selected.
k) To find out if the chosen surface can be unified with the selected surface
the unification criteria are checked for the calculated degree of correspondence between the chosen and selected surfaces.
l) The chosen surface is unified with the unification-submap surface, which
has selected ID, if the unification criteria are satisfied. As a result of the
unification the chosen surface is removed from the unification-submap
and becomes part of the selected surface.
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m) The ID of the unified surface is added to the unified surface list, and
the algorithm continues from the f substage with an updated list of the
unification-submap.
n) When the chosen surface cannot be unified and it is the last surface in the
list, the algorithm continues from p substage.
o) If the chosen unified surface is not the last one in the unification-submap
list, then the next surface from the list is chosen and the algorithm starts
from the h substage.
p) Because of processing, the surface in the unification-submap becomes unified and all duplicate representations of the same surfaces are removed.
q) All surfaces of the processed unification-submap are added back to the
map.
r) To evaluate the unification of the unified surfaces of the unification-submap
relative to the map, the list of the unified surfaces is checked.
s) If the unified surface list is not empty the evaluation surface list is formed
from the unified surfaces list and the algorithm continues from the d
stage.
t) If no surface is unified in the unification-submap the algorithm ends and
in the resulting map all the individual surfaces are represented without
duplications.
In the presented algorithm the computational cost of the unification process
is reduced by using surfaces of the map that have correspondence with the set
of update-surfaces. To reduce the computational cost of unification a more
complex but efficient algorithm for unification of surfaces in the unificationsubmap is designed and presented in Chapter 5. In the optimized unification
algorithm the determination of the degree of correspondence between surfaces
is calculated a reduced number of times (e.g., 1-3) and in the cases when the
surfaces have initial correspondence and at least one of the surfaces has been
unified.
An example of the map without unification is shown in Figure 2.18. In
the non-unified map the same object’s surface is represented by a number
of surfaces marked with different colours. The same map after unification is
shown in Figure 2.19. After unification all the surfaces belonging to the same
object are unified. Because of the unification the scene objects are represented
via individual surfaces and the map is significantly compressed. The number
of circular patches’ centre-points in the non-unified and unified maps is equal
to 854935 and 145856, respectively. Due to the unification map is compressed
almost six times.
The fundamental substages of the unification algorithm are detailed in the
next subsections.
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Figure 2.18: Surface-based map without unification stage

Figure 2.19: Unified surface-based map
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Figure 2.20: Updated map (green) and the unification-submap (blue)
formed for update-surfaces (red)

2.3.1

Unification-submap

In the unification algorithm the number of the processed map-surfaces is reduced by forming a unification-submap. The unification-submap is a subset of
the surfaces from the map that has correspondence with a given set of surfaces.
The formation of the unification-submap is done by selecting the surfaces that
have intersected cuboids with the extended cuboids of the given surface set.
The size of the given surface cuboids is extended in order to include also the
surfaces that have small misalignment relative to the given set, as even after
registration error correction there still may be a small misalignment between
surfaces.
An example of the unification-submap is shown in Figure 2.20. The
unification-submap (blue) is formed from the surfaces in the map (green)
that are located nearby the set of the update-surfaces (red). The size of the
unification-submap surfaces is larger than the size of the map-update because
the map-surfaces that form the unification-submap are the result of many
unifications. In the optimized version of the unification algorithm the partialsubmap is used to reduce the size and the number of the surfaces for which
the degree of correspondence is calculated.
The maximum number of the surfaces in the unification-submap is determined based on the size of the update-surfaces, which indicates that the
number of surfaces to be processed will not increase with expansion of the
map.
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Figure 2.21: Unification-submap (blue) and the surfaces (yellow) that
have intersected cuboids with an extended cuboid of the evaluated surface
(red)

2.3.2

Partial-submap

The amount of processed data and the number of surfaces for which the correspondence degree is determined reduces significantly by including the sections
of the unification-submap surfaces that have correspondence with the given
surface. In the partial-submap the correspondence between surfaces checks
based on an initial unification criteria.
Initial unification criteria
The initial unification criteria (IUC) are used in order to skip the determination of the correspondence degree for surfaces that cannot satisfy the required
unification criteria. It is formed by checking the distance between two surfaces
and by checking the size of the surface section relative to which the correspondence degree must be calculated. Thus, the surface from unification-submap
will not be included in the partial-submap if its section that intersects with the
extended cuboid of the evaluated surface is smaller than the required minimal
overlap area size. The size of the evaluated surface cuboid is extended based
on the fact that no matter how accurately the surfaces are registered in the
map there may be a shift between the surfaces representing the same object
in the map. The extension of the cuboid is done in order to cover all the
sections of the surfaces that can be used for the determination of the degree
of correspondence.
Figure 2.21 shows the surfaces (yellow) form unification-submap (blue) that
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Figure 2.22: Partial-submap (purple) formed from the sections of nearby
surfaces (yellow) that satisfied the initial unification criteria relative to the
evaluated surface (red)

are located nearby the evaluated surface (red). In the given example the
number of the nearby surfaces forms 2% of the number of the unificationsubmap surfaces.
Figure 2.22 shows that the number of the surfaces (purple) that satisfy the
initial unification criteria and form a partial-submap for the evaluated surface
(red) is equal to two, as the other sections of the nearby surfaces (yellow)
don’t have the required sizes. The number of centre-points in the partialsubmap that are used for correspondence degree determination in two surfaces
are 2135 and 6226. Thus the number of centre-points that will be processed
for the determination of degree of correspondence for the evaluated surfaces
relative to the map is 8361 (2135 plus 6226) when the map has 2304 surfaces
with 142082 centre-points.

2.3.3

Determination of the degree of correspondence
between two surfaces

The degree of correspondence is used to evaluate the identity between two
surfaces. The evaluation of identity is not a trivial task as two surfaces representing the same object can have relative displacement and gap. The relative
shift of surfaces is due to registration error. The two surfaces belonging to
the same object also will have a significant overlap area. The existence of the
overlap between the surfaces is due to the fact that a single surface is represented in several consecutive observations. Using the information about the
overlap area (i.e., the common area of the surfaces) the degree of correspondence between surfaces is evaluated. Thus, the degree of correspondence of
the evaluated surface relative the reference surface will be determined via the
overlap area size and distance between the evaluated surface and its overlap
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on the reference surface.
The surface for which the degree of correspondence is determined is called
the Data Surface (DS) and the surface relative to which it is determined is
called the Model Surface (M S). To evaluate the degree of correspondence
for DS relative to M S the overlap area percentage in DS and the distances
between DS and its overlap on the M S must be determined.
Determination of the overlap area percentage
In this thesis the mutual nearest-neighbour search algorithm is used for determining the overlap area of surfaces that are represented via sets of homogenous
distributed circular patches’ centre-points. The determined approximate overlap area of the DS on the M S is equal to the product of the patch area and the
number of centre-points on the M S that are found as a result of the mutual
nearest-neighbour search for each DS centre-point in the M S centre-points
set.
The percentage of the overlap area in the DS is equal to the percentage
of the centre-points in the DS that have mutual neighbours in the M S. To
calculate the overlap area percentage, the ratio of the number of centre-points
having neighbours and the number of centre-points forming the DS is used.
Thus, the size of the circular patch doesn’t affect the way the overlap area
percentage is determined, but it has a very significant influence on the accuracy
of the calculated percentage, i.e., the smaller the area of the patch the higher
the accuracy, but more expensive calculations are required. Manipulation of
the size of the circular patch enables the required balance between accuracy
and computational efficiency to be found.
Calculation of the distance between a surface and its overlap
The next factor in the degree of correspondence determination is the evaluation
of the distance between the surfaces. The distance between the surfaces can
be expressed via the distance between the surface and its overlap onto the
reference surface.
As the overlap area of the surface is determined using the mutual neighbour
centre-points sets, the surface distance evaluation can also be based on the
same mutual neighbour centre-points sets. Therefore the evaluation of the
correspondence of surfaces in terms of distance is done by calculating the
mean value of the distances between the mutual neighbour centre-point pairs.
Thus the degree of correspondence of DS relative to M S is determined by
the percentage of the centre-points in DS having mutual neighbours from M S
and by the mean distance value of mutual neighbour centre-point pairs.
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Unification criteria

Two surfaces from the map will be considered for unification if they satisfy
the unification criteria. The unification criteria are formed based on the degree of correspondence between surfaces and show if the two surfaces can be
unified. The unification criteria limit the correspondence degree by requiring
that the surfaces have the needed percentage of overlap under the given mean
distance threshold. In the unification criteria the value of the mean distance
threshold is determined from the accuracy of the surface registration in the
map. The mean distance threshold must be specified reasonably small, as a
big threshold can unify two parallel surfaces having a big overlap area but
belonging to different objects, e.g., parallel walls. On the other hand, a very
small mean distance threshold will prevent the unification of the surfaces of
the same object that have small misalignment. If the common area between
the majorities of consecutive observations is large, then the overlap area percentage threshold must be taken to be equal more than 50 % of the overlap
area to ensure a good correspondence between surfaces. The distance between
the mutual neighbouring points used for the correspondence determination is
also limited by a given threshold. The limitation of the centre-point pairs’
search distances will reduce the computational cost of the unification process
by skipping the determination of the degree of correspondence for distant surfaces that obviously can’t have the required level of correspondence under the
given mean distance threshold.

2.3.5

Unification of two surfaces

For two surfaces representing the same object a decision must be made regarding which of these surfaces must be unified with the other one. Since the
relative degree of correspondence of two not parallel and not equal surfaces is
not commutative, the unified surface will be the surface which has a higher
degree relative to the other. The higher the percentage of the overlap area
of the surface and the smaller the mean distance, the higher is the degree of
correspondence of that surface relative to the surface it is overlapped.
To avoid duplication of sections of surface representation, only the sections
of the DS that are missing in the M S will be added to the M S. During the
unification of DS with M S the surface patches’ centre-points from the DS are
added to the M S centre-points set only if the M S doesn’t have an existing
centre-point close to the currently adding DS centre-point at a distance less
than or equal to the circular patch’s diameter. The process of finding the existing centre-points in the M S can be accelerated using spatial data structures
such as kD-tree.
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Summary

This chapter represented the overview of the algorithms developed for a
surface-based mapping approach.
The chapter introduced the main stages of the presented mapping algorithm, which are: acquisition of information about a scene - observation stage,
registration of the acquired information in the map - map-update stage, and
the integration of the new information with the map - unification stage.
Methods used for the reduction of the computational cost of the presented
algorithms were also discussed.

Chapter 3
Observation
The observation is a set of individual surfaces, where each surface partially or
fully represents a single scanned object from a scene. In order to form a set of
the observation-surfaces (i.e., observation) the scanned surfaces are extracted
from the 3D range image. The 3D range image of the scene is acquired using
a volumetric scanner.
The surface-based map is formed by incrementally adding a new set of
observation-surfaces to the existing map. For that reason the key element of
the surface-based map is the surface. The quality of surface relationship has
a very important role in the mapping process. The way the scanned surfaces
are represented in the observation and in the map affect the formation of their
relationship. To form a correct relationship between the surfaces, they must
be presented using an equal quantity of information per surface unit, i.e., the
surfaces must be homogenously represented.
The quality of the formed observation-surfaces is based on the accuracy
of the raw range data and on the method that is used for extracting surfaces
from the range data. For acquisition of the range data of the scene in many
navigation applications laser scanners are used. The use of the laser scanner in
navigation applications is based on the accuracy of the measurements and the
mobility of the sensor. The drawback of laser scanners is the non-homogeneity
of the representation of the scanned surfaces. As the laser scanner is of a
range-and-bearing type and has a fixed angular resolution the scanned objects
have a very dissimilar distribution of scanned points on their surfaces. The
distribution of points also affects factors such as the distance of the scanned
objects from the scanner, the orientation of the scanned surface relative to the
laser beam and the movement of the scanner during the scan. Therefore the
resulting range image of the scene has non-homogenous distribution of points
and represents close surfaces with a high density of points and far away surfaces
with significantly less points. Besides being non-homogenously represented
the obtained raw 3D range image will generally contain isolated points, noise
and error measurements. For that reason an approach for efficient removal of
undesirable samples has been developed in this thesis. The developed approach
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is based on grouping the points in the regions through the segmentation stage
and then rejecting the regions that are considered inappropriate.
In order to form a set of observation-surfaces the extraction of the objects’
surfaces from the range image is required. The crucial part of the surface extraction is the segmentation, which is the problem of dividing acquired raw
image into segments representing continuous surfaces in the scene. In computer
vision object recognition has been an active field of research for decades [Besl
and Jain, 1985, Fan et al., 1987, Yokoya and Levine, 1989]. The extraction of
the scene objects’ surfaces from the outdoor range image is a comparably new
direction. Surface extraction from outdoor navigation range images is especially challenging as the distance between scanner and the scanning scene is
changing dynamically because of the movement of the vehicle. Therefore, the
segmentation process has to be particularly robust with respect to data acquisition specifications such as non-homogenous representation, dynamic changes
of the scene and unstructured cluttering.
This chapter presents all the steps required for the formation of the
observation-surfaces. New methods for surface extraction and for homogenization of the representation of the extracted surfaces are also detailed in
this chapter. The presented algorithms are designed by taking into account
the specification of the range data acquisition process in an unstructured environment with a moving scanner. The presented surface extraction algorithm
uses adaptive thresholds for raw range image segmentation and is based on
the surface continuity check between consecutive scanned points. To simplify
the search for the consecutive points in the range image the scanning order
of points is used. For the homogenous representation of the surfaces in the
observation the extracted surfaces are pre-processed with the homogenization
algorithm. For the representation homogenization the triangulated surfaces of
the extracted surfaces are represented with a set of homogenously distributed
circular patches.
This chapter is organized as follows:
Section 3.1 reviews the publications that are related to 3D range data acquisition, segmentation and 3D data representation. This section also
details the methods used for organization of the 3D data via spatial data
structures.
Section 3.2 details the architecture and characteristics of the outdoor data
acquisition. It also presents an implementation of the 3D range image
acquisition when the scanner is in motion relative to the scanning surfaces.
Section 3.3 presents a novel method for surface extraction from raw 3D range
data that was acquired in an outdoor unstructured environment during
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vehicle movement. The introduced surface extraction method is based
on a surface continuity check between the points.
Section 3.4 details a new method for the homogenous representation of the
non-homogenously sampled surfaces. The homogenization of the surfaces
is done by representing the triangulated surfaces via a set of homogenously distributed circular patches.
Section 3.5 presents an algorithm for the formation of a set of homogenously
represented surfaces from raw 3D range data.
Section 3.6 summarizes the chapter and provides concluding remarks.

3.1

Related Work

This section reviews the most relevant publications that are related to the
problems of 3D range data acquisition, segmentation and representation. The
methods of 3D data organization in spatial data structures for efficient data
search are also reviewed.

3.1.1

3D data acquisition with laser range finders

In the last decade many researchers have used systems with laser range finders
to represent the environment. These systems rely on scanning devices that
acquire range measurements in a plane that intersects the environment. To
obtain 3D data many researchers rotate the 2D scanner with a stepping motor
on a separate platform mounted onto the mobile robot. Two main versions
of custom-built 3D scanner systems are used: one is a 3D scanner that continuously rotates 2D laser scanner [Wulf and Wagner, 2003], and the other is
a nodding system which uses a stepping motor to nod the 2D laser [Surmann
et al., 2003, Dias et al., 2006, Katz et al., 2005]. Dias et al. [2006] address
the mechanical and control issues to achieve correct acquisition of the 3D data
based on a low-cost 2D laser range finder. In number of studies, during the data
acquisition process, the scanner is still and the number of degrees of freedom
in which the robot moves is at most two. Allen et al. [2001] use a laser range
scanner to obtain realistic 3D models of buildings. Pervolz et al. [2004] use a
2D laser scanner that pitches up and down to scan indoor environments. Fruh
and Zakhor [2004] present a system to map cities in 3D using two laser scanners
mounted on a truck, one vertically and one horizontally. Thrun et al. [2000]
use a combination of two laser range scanners, the first oriented horizontally
to the front and the second pointed towards the ceiling. An application of 3D
modelling was used by Thrun et al. [2003] to obtain 3D models of underground
mines. The same setup with two scanners was used by Hahnel et al. [2003] in
indoor and outdoor applications, as well as a robotic system equipped with a
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pan/tilt unit that carries a laser scanner. Montemerlo and Thrun [2004] also
use a pan/tilt unit, but the scanner is mounted vertically and sweeps from left
to right and back to scan the environment. Wulf et al. [1926] choose a different
approach where the scanner rotates around the vertical axis and is mounted
either vertically or pointing upwards. Viejo and Cazorla [2007] use a robot
that is still during the data acquisition and is confined to the XZ horizontal plane. Nuchter et al. [2007] scan the environment using the stop-scan-go
method. The robot pose change is calculated by using odometry information
and a registration matrix. In Muller et al. [2006] study, data acquisition is
based on a Sick LMS-200 laser range finder. Scanning the environment with
the mobile robot Kurt 3D is done in a stop-scan-go method. Newman et al.
[2006] build 3D maps from vehicles moving on an outdoor terrain, but moving
at very low speed.

3.1.2

Range image segmentation

In mobile robotics, feature extraction has been the subject of extensive research for the past few years. The data acquired in navigation applications is
very irregular and subject to noise, which justifies the development of segmentation algorithms specific to the navigation data. Horn and Schmidt [1995]
extract vertical 3D planes for a 2D application. They extract features using the Hough Transform [Hough, 1959] coupled with an iterative refinement.
They aim at extracting planes at any position and orientation rather than only
vertical planes. Sequeira et al. [1999] extract planes for 3D reconstruction using a hybrid region-based edge-based polynomial surface segmentation method
and aligned consecutive scans using an algorithm related to the iterative closest point algorithm of Besl and McKay [1992]. Hahnel et al. [2003] extract
planes by using a region-growing algorithm starting at a random point, and a
plane sweeping method based on the normal directions. They refine the regiongrowing method by starting the region-growing process at the flattest local area
of the scan. Furthermore, an inefficient nearest-neighbour search is avoided by
exploiting the inherent scan data topology. A region-growing technique is also
applied by Weingarten and Siegwart [2005], however, not directly on the data
points, but on planar patches which are detected using Ransac on points in
regular 3D grid cells. Kohlhepp et al. [2004] extract planes in real-time using
the scan-line grouping algorithm presented by Jiang and Bunke [1994], which
groups neighbouring linear segments approximating single scan lines together
in an efficient way. However, it requires that lines of data in the underlying
3D scan actually be represented by a sequence of linear segments, which is
not the case for all range sensors. Stiene et al. [2006] discuss two segmentation methods: contour extraction based on adaptive thresholds combined with
floor detection and morphological opening; and feature extraction using a new
Eigen-Curvature Scale Space (Eigen-CSS) method. Weingarten and Siegwart
[2006] use a segmentation method which decomposes the space into regular
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cells. After every raw data point has been associated to its corresponding cell,
a plane is fitted to the data of the cell by using a Ransac algorithm. After
extracting a plane for every cell, a breadth-first region-growing algorithm generates the final segmentation by fusing similar neighbouring planes together.
Viejo and Cazorla [2007] present the methods of extraction of planar patches
from the 3D raw data taken from a semi-structured environment. The planar surfaces have been used to register the movement of the robot between
two consecutive poses. Harati et al. [2007] present the segmentation method
of an indoor range image, which is based on the relative angle between the
laser beam and the tangent plane of the environment, called bearing-angle.
Based on this measure, for the segmentation of range images two different
approaches, region-based and edge-based, are proposed and evaluated. Using
experimental results the authors show that the edge-based approaches can be
more efficient for navigation applications. Coleman et al. [2007] present a design procedure for scalable first order derivative operators that can be applied
directly to irregularly distributed data. The method can be used directly on
the range images without carrying out image pre-processing.
Another group of researchers has used a new framework that addresses the
plane extraction problem in a probabilistic way. The idea here is to model
the uncertainty of the range measurements and to find a set of planes that
maximizes the likelihood of the observed data using expectation maximization
(EM). For example, Liu et al. [2001] create 3D maps by estimating planar
segments using the Expectation Maximization (EM) algorithm. This iterative
procedure takes several minutes and is therefore not well-suited for navigation
tasks. Thrun et al. [2004] propose an online version of EM based plane extraction. Lakaemper and Latecki [2006] present an extended version of EM
based plane extraction by inserting a split-and-merge step that operates on
the planar patches rather than on the infinite planes.

3.1.3

3D data representation

Acquired 3D data can be represented and stored using different approaches.
Several different approaches are presented in the literature for an efficient 3D
data representation. Among the most popular 3D data representations are
points clouds and triangle meshes [Allen et al., 2001, Levoy et al., 2000, Pervolz
et al., 2004, Thrun et al., 2004].
3D points cloud
Points clouds are highly accurate and can easily be textured. The major drawback is the huge memory requirement, which grows linearly with the increase
in the resolution of the scans. An alternative is to use three-dimensional grids
[Moravec, 1996] or tree-based representations such as octrees [Samet, 1995] or
kD-trees [Bentley, 1975a].
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These are more efficient approaches than points clouds with respect to the
memory requirements. Several researchers have considered elevation maps as
an attractive alternative to avoid the complexity of the full 3D maps. The key
idea underlying the elevation maps is to store the height information of the
terrain in a two-dimensional grid [Bares et al., 1989, Herbert et al., 1989]. Parra
et al. [1999] represent the ground floor by elevation maps and use stereo vision
to detect and track the objects on the floor. Singh and Kelly [1996] extract
elevation maps from the laser range data and use these maps for navigating an
all-terrain vehicle. Ye and Borenstein [2003] propose an algorithm to acquire
elevation maps with a moving vehicle carrying a tilted laser range scanner.
They proposed special filtering algorithms to eliminate measurement errors or
the noise resulting from the scanner and the motions of the vehicle. Lacroix
et al. [2002] extract elevation maps from stereo images. Hygounenc et al. [2004]
construct elevation maps with an autonomous blimp using 3D stereo vision by
presenting an algorithm to track landmarks and to match the local elevation
maps using these landmarks. Olson [2000] describes a probabilistic localization
algorithm for a planetary rover that uses elevation maps for terrain modelling.
The disadvantage of elevation maps is the fact that at each xy-position only
the highest z-value is stored. This can cause problems in the presence of
overhanging vertical objects [Pfaff and Burgard, 2005, Wellington et al., 2005].
3D range image triangulation
In many applications the geometrical structure of the scanned object is required. The easiest way to create a geometrical structure or a triangular mesh
from a points cloud is by connecting the neighbouring points to the triangles.
However, it is not always clear which points have to be connected to the triangles. In this thesis the knowledge about the structure of the data acquisition
process is used to find the neighbouring points and implement a triangulation.
For example, when the acquired 3D image is a result of several 2D scan lines,
each of these scan lines consists of a vector of laser range readings, from which
the 3D points are computed. Therefore, in this case the 3D points cloud can be
stored in a 2D manifold, namely an array of points with a row index for each
scan line and a column index for each laser beam. In this case triangulation
of the data can be done using the row and column indexes of the points.
When there is no ordering information about the points it is more difficult
to determine which points should be connected to triangles. One simple way
to find the points’ order is by using a 3D grid structure. For example, a 3D
histogram can be used to estimate the density of the points cloud and connect
the neighbouring cells to the triangles whenever the neighbouring cells reflect
a sufficiently high density of points.

3.2 3D Range Data Acquisition
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3D data organization in spatial data structure

Spatial organization of 3D data is used for increasing the efficiency of finding
the nearest neighbouring point to a given query point. The widely used data
structure that allows efficient search in the points cloud is the kD-tree [Bentley,
1975b]. The kD-tree stores the points data in a tree-like structure where k
stands for the number of dimensions of the data points. Each node in this
tree is either a leaf node without successors or has exactly two successor nodes
or sub-trees, which are called the left and the right sub-tree. The parameter
that determines the maximum number of data points in a leaf node is called
the bucket size. If the bucket size is exceeded for a given leaf node, this node
needs to be split into two sub-trees, and therefore turns into an inner node.
The way this splitting is done is handled by the splitting rule. The splitting
rule separates the data into two subsets using axis aligned planes. Depending
on the position of the planes, the resulting subsets are more or less balanced in
size, which makes the resulting tree more or less balanced. A balanced tree is
usually more efficient as the search paths are shorter. One of the splitting rules
is the median rule, where the planes are determined by finding the median of
the coordinates in the data at a single given dimension and using this median
as the shift of the plane from the origin. The dimension of this median may
be fixed or may vary over the levels of the tree. For example, in a 2D-tree the
plane at the root node will be orthogonal to the X-axis and its distance from
the origin will be the median of all x-values in the data. The planes at the
next level are then orthogonal to the Y -axis and their position is the median
of all y-values in the subsets. The splitting continues until all the leaf nodes
contain at most as many data points as given by the bucket size.
The main disadvantage of the kD-tree is that it is static, i.e., it is not
possible to insert data points into the tree or delete them without recomputing
the whole tree. There are also dynamic data structures based on the kD-tree
that allow data insertion and deletion, such as the BkD-tree [Procopiuc et al.,
2002] or the R-tree Guttman [1984]. The BkD-tree is an index structure for
indexing large multi-dimensional points data sets. The R-tree is a dynamic
index structure for large data sets.

3.2

3D Range Data Acquisition

To increase the reliability and accuracy of the surface extraction algorithm,
the specifications of the 3D data acquisition need to be understood. For the
3D data acquisition the integration of the measurements from different types
of sensors is carried out. To use the specification of the sensors, each sensor in
the system needs to be individually studied.
An essential requirement for navigation applications is the ability to perceive the environment. The environment representation can be achieved by in-
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tegrating the internal and external sensors where the internal sensors measure
the internal states of the system and the external sensors provide information
about the physical environment. For using information about the environment in the navigation and mapping applications range finder scanners have
become very popular, providing distance measurements with high density and
precision.
The acquisition of an accurate range image in navigation applications becomes more complex, since during the scanning process the vehicle continuously moves and new measurements of the sensors are taken from new locations. The resulting 3D image can be distorted if the measurements from the
sensors are not correctly synchronized. Therefore to build the range image of
the scene, integration of the measurements acquired from different type of sensors is required. The different type sensors have very dissimilar sampling times,
which significantly complicates the task of measurement synchronization and
construction of a correct 3D image.

3.2.1

Sensors used for 3D range data acquisition

In this thesis 3D range data acquisition is performed by integrating a 2D Sick
LMS-200 laser scanner with an Amtec PowerCube PR090 servomotor. The
2D Sick LMS-200 laser scanner obtains a 180◦ scan of the environment in
13.3 and 26.6 ms with angular resolutions of 1.0◦ and 0.5◦ respectively. The
maximal scanning distance of the sensor is 80 m with 1 cm accuracy. In
order to achieve high data rates from the laser scanner, dedicated hardware
and software systems have been developed for this study. To get the laser
measurements from a Sick scanner at 75 Hz, a customized Xtreme-104 Opto
board has been used.
The acquisition of 3D range data while the vehicle is in motion is realized
by fusing the laser range-and-bearing measurements with the servomotor angle
and the vehicle’s estimated pose. The vehicle’s position and orientation in the
local coordinate system are estimated with dead reckoning. The system is
controlled by a dedicated PC104 computer with the following characteristics:
PIII 800MHz, 64MB RAM running under a QNX operating system. Figure 3.1
shows the diagram of the sensors used in the experiments for 3D range data
acquisition.
To bind together the data received from the 2D laser scanner, servomotor,
INS and wheel encoder, the measurements’ receipt times are used. To preserve the accuracy of the information received from the sensors it is extremely
important to time stamp the data with high accuracy. A dedicated computer
with a QNX real-time operating system is used to register the measurements
with time stamps and to perform the sensor’s control tasks. For storing measurements received from dedicated computer and for changing sensors’ working
parameters a program under the MS Windows operating system was developed
for this study.
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Figure 3.1: Sensors diagram

Figure 3.2: 3D laser scanner mounted on top of a vehicle (a). The pitch
(b) and yaw (c) versions of the 3D laser scanner

The 3D scanner is built with a 2D laser range finder attached to a mount
that is rotated by the servomotor. A 2D scanner in a 3D scanner can be placed
horizontally, for scanning horizontal 2D frames (pitch version), or vertically,
for scanning vertical 2D frames (yaw version). In both cases the servomotor
enables the system to capture the third dimension. Figure 3.2 shows the 3D
laser scanner used in the experiments.

3.2.2

Sensors’ data interpolation

In order to obtain correctly formed 3D data of the scene, exact integration of
the measurements with different frequencies is required. One way of synchronizing the measurements with different frequencies is through interpolation of
the measurements’ data.
The complexity of 3D data acquisition essentially lies in the low speed of
the 2D laser scanner. It takes 26.6 ms from a Sick LMS-200 scanner to scan
a single 2D frame with a 0.5◦ step. Therefore a whole 3D image is obtained
in from 1 s to 4 s, depending on the servomotor speed. For example: if the
vehicle’s velocity is 30 km/h, then it moves forward between 8 m and 32 m
while obtaining a single 3D image.
There are also some other issues with the laser measurements’ time stamp
associated with the architecture of the Sick LMS-200 scanner. The Sick 2D
scanner consists of a 1D laser range measurement device and a mirror which
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Figure 3.3: 2D Sick LMS-200 laser scanner (a). Frame offsets for different
angular resolutions (b)

rotates with a constant angular velocity, as shown in Figure 3.3 (a). The
time spent to rotate the mirror by 360◦ is divided into two equal-sized time
slots. The time slot of the 0◦ to 180◦ rotation, when the mirror faces the front
window of the sensor, is used for taking the measurements. The time slot of
the 180◦ to 360◦ rotation, when no measurement is being taken, is used for
communication and data transfer. The Sick scanner can scan a 180 ◦ range
with 1.0◦ , 0.5◦ and 0.25◦ angle resolutions. Figure 3.3 (b) shows the angular
offset for listed scanning resolutions. In the case of a 1.0◦ angle resolution
the scanner transfers data after each 360◦ rotation of the mirror, which takes
13.3 ms. If the angle resolution is 0.5◦ or 0.25◦ then data are transferred to
the computer after 2 and 4 full rotations of the mirror, which takes 26.6 ms
and 53.2 ms, respectively. Laser scanner buffers measurements of each frame
and sends them to the computer when all the measurements of the 2D frame
are taken. Therefore the first measurement’s time is equal to the time when
the computer receives data minus the time interval required for taking the
scan and starting the scan data transfer. For other sensors it is assumed that
the acquired measurements are received by the computer without a delay as,
unlike the laser scanner, they send measurements without buffering.
The measurements provided by the servomotor, INS and encoder are linearly interpolated to obtain their values at the time of the laser measurements,
as shown in Figure 3.4. The linear interpolation is fully acceptable as the frequency of receiving data from the laser is much less than that of other sensors.
The measurements value interpolation is conducted according to the following equations:
(L)

M sj = M sP rev +

(M sN ext − M sP rev )(tj

Drj = DrP rev +

(DrN ext − DrP rev )(tj

(M s)

(M s)

tN ext − tprev

(L)

(Dr)

(Dr)

tN ext − tprev

(M s)

− tP rev )

(3.1a)

(Dr)

− tP rev )

(3.1b)

where M sj and Drj are linearly interpolated values for the laser measurement
(L)
j for the servomotor and for dead reckoning, respectively; tj is the time
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Figure 3.4: 3D scanner system timetable and linear interpolation of the
measurements

when the j-measurement was acquired by the 2D laser scanner; M sP rev is the
(M s)
measurement from the servomotor at the time tprev , which was before the time
(L)
(M s)
tj ; M sN ext is the measurement from the servomotor at the time tN ext , which
(L)
(Dr)
(Dr)
is after tj ; DrP rev , tprev , DrN ext and tN ext are dead-reckoning information
(L)
and time stamps taken before and after tj time.
(L)

Real acquisition time tj for the j-th measurement in the single 2D frame
is equal to the sum of the starting time of the set and the product of the
j-th measurement
and the time interval between the two consecutive

 number
(L)
measurements tStep :
(L)

tj

(L)
tj
(L)
tStartSet1
(L)
tStartSet2
(L)
tStep
(L)
tSet

(L)

(L)

= tStartSet1 + j ∙ tStep for set 1
=
=
=
=
=

(L)
(L)
tStartSet2 + j ∙ tStep
(L)
(L)
tRcv − tF rame
(L)
(L)
tStartSet1 + tSet
(L)
tSet /181
(L)
tF rame /2

for set 2

(3.2a)
(3.2b)
(3.2c)
(3.2d)
(3.2e)
(3.2f)

where j is the sequence number of the measurement in the laser set
(L)
(L)
(0 < j 6 181); tStartSet1 and tStartSet2 are the real starting times of the mea(L)
surements in set-1 and set-2, respectively; tStep is the time interval between
(L)
two consecutive measurements; tRcv is the time when the computer starts to
(L)
receive the frame data from the 2D laser scanner; tF rame is the time that is
(L)
required by the scanner for taking a whole 2D frame; and tSet is the time that
the scanner spends getting a single 181-measurement set and is equal to 13.3
ms.
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Figure 3.5: 3D scanner coordinate system

3.2.3

Registration of the 3D range data in the local coordinate system

To register the 3D range data of the scanned surfaces the measurements of
the sensors are translated from the sensors’ coordinate systems into the local
coordinate system. The fact that each sensor gives measurements in its own
coordinate system requires the translation of every single scanned point from
the 2D laser scanner coordinate system to the 3D laser coordinate system and
then to the local coordinate system.
To form the 3D data the 2D laser and servomotor measurements are translated into the 3D scanner’s coordinate system as shown in Figure 3.5. To
project the 2D laser measurements in the 3D scanner’s coordinate system for
the case when the 2D laser scanner is placed horizontally, the following equations are used:
Px(L) = r ∙ sin(ψ)
Py(L)

(3.3a)

= r ∙ cos(ψ)

(3.3b)

Px(S) = Px(L) ∙ cos(ϕ) + Lx(S)

Py(S) = Ly(S)
Pz(S)

=

Px(L)

∙ sin(ϕ) +

Lz(S)

Lx(S) = l(SL) ∙ cos(ϕ + ϕ0 )

(3.3c)
(3.3d)
(3.3e)
(3.3f)

Lz(S) = l(SL) ∙ sin(ϕ + ϕ0 )

(3.3g)

(S)

(3.3h)

l

(SL)

q

(S)

(Lx0 )2 + (Lz0 )2
!
(S)
L
z0
ϕ = tan−1
(S)
Lx0
=

(3.3i)
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Figure 3.6: Translation of the scanned point into the local coordinate
system
(S)

(S)

(S)

(L)

(L)

where P (S) (Px , Py , Pz ) and P (L) (Px , Py ) are coordinates of the point
P in the 3D scanner and the 2D laser coordinates systems, respectively; r is the
scanned point’s measured distance by the 2D laser; ψ and ϕ are the laser and
(S)
(S)
motor angles, respectively; (Lx , 0, Lz ) are the 2D laser coordinates system
origin coordinates in the 3D scanner coordinate system; l(SL) is the distance
(S)
between the 3D scanner and the 2D laser coordinates systems’ origins; Lx0
(S)
and Lz0 are the horizontal and vertical displacements of the 2D laser mirror
centre point relative to the mount’s arm rotation axis, measured when ϕ = 0◦ ;
and ϕ0 is the angle between the line connecting the 2D laser mirror centre
point to the 3D scanner coordinate system origin when ϕ = 0◦ .
To register the 3D point in the local coordinate system, the point registered
in the 3D scanner coordinate system is transformed from the scanner coordinate system to the local coordinate system using the vehicle’s dead-reckoning
information as shown in Figure 3.6. As the origin of the local coordinate system is attached to the initial position of the vehicle, the vehicle’s position and
orientation in the local coordinate system is determined using the integration
of the INS gyros and the wheel encoder.
The vehicle’s position and orientation in the local coordinate system are
described via 6 parameters: the coordinates of the vehicle’s centre point
(V x, V y, V z) and the rotation angles (ωRoll , ωP itch , ωY aw ). Since the vehicle
centre point (relative to which the pose is calculated) and the 3D scanner are
located at different places, the vehicle’s pose information must be translated
from the vehicle’s centre point to the laser’s mirror’s rotation centre. As the
laser scanner’s position is fixed in the vehicle, the whole transformation can
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be determined using the following equations:
Px(V ) = Sx(V ) + Px(S)

(3.4a)

Py(V )
Pz(V )

(3.4b)

=
=

Sy(V )
Sz(V )

+
+

Py(S)
Pz(S)

(3.4c)

Px = Vx + Px(V ) ∙ R11 + Py(V ) ∙ R12 + Pz(V ) ∙ R13
Py = Vy +
Pz = Vz +

(V )

Px(V )
Px(V )

∙ R21 +

∙ R31 +

Py(V )
Py(V )

∙ R22 +

∙ R32 +

Pz(V )
Pz(V )

∙ R23

∙ R33

R = RY aw RP itch RRoll


1
0
0
RRoll = 0 cos(ωRoll ) −sin(ωRoll )
0 sin(ωRoll ) cos(ωRoll )


cos(ωP itch ) 0 sin(ωP itch )

0
1
0
RP itch = 
−sin(ωP itch ) 0 cos(ωP itch )


cos(ωY aw ) −sin(ωY aw ) 0
RY aw = sin(ωY aw ) cos(ωY aw ) 0
0
0
1
(V )

(3.4d)
(3.4e)
(3.4f)
(3.4g)
(3.4h)

(3.4i)

(3.4j)

(V )

where S (V ) (Sx , Sy , Sz ) are coordinates of the 3D scanner in the vehicle
coordinate system; V (Vx , Vy , Vz ) are the vehicle coordinates in the local coordinate system; (ωRoll , ωP itch , ωY aw ) are the vehicle’s rotation angles in the
(V )
(V )
(V )
local coordinate system; P (V ) (Px , Py , Pz ) and P (Px , Py , Pz ) are the coordinates of the point P in the vehicle and the local coordinate systems, respectively; and R is the rotation matrix in the Euler Representation.

3.2.4

Adjustment of the servomotor angular velocity in
the 3D laser scanner

In order to obtain similar resolutions in the horizontal (azimuth) and vertical
(elevation) directions the angular resolution of the 2D laser scanner and the
servomotor must be equal. Having similar resolutions in both directions is very
important for the surfaces extraction algorithm. An unequal angular resolution
of the sensors will result in concentration or dispersion of points in the vertical
direction if the servomotor angular resolution is low or high relative to the
laser angular resolution, respectively.
In the pitch version of the 3D scanner, the Sick scanner is placed horizontally for scanning the horizontal 2D frames and the vertical dimension is
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Figure 3.7: Servomotor angular velocity for 2D laser modes 180x1.0 (a)
and 180x0.5 (b)

provided by the servomotor. Therefore the density of points in the vertical
direction is controlled by the servomotor’s angular velocity. As the angular
resolution of the 2D laser scanner is fixed, the servomotor’s angular velocity
is adjusted to be equal to scanner’s resolution (Δϕ = Δψ). The servomotor’s angular velocity (Φ) is calculated from the vertical angular resolution Δϕ
and the time t that is required for taking two neighbouring scanned points
P(i,j) , P(i+1,j) in the vertical frame as shown in Figure 3.7.
The servomotor’s angular velocities according to the 2D scanner’s operating
modes can be calculated via the following equations:
Φ = Δϕ/tM ; Δϕ = Δψ
1.0◦
≈ 0.21 rotation/s
Φ(180×1.0) =
13.3ms
0.5◦
Φ(180×0.5) =
≈ 0.052 rotation/s
26.6ms

(3.5a)
(3.5b)
(3.5c)

According to the calculations the 3D data, acquired during a single pass
of the servomotor, that covers 40◦ in the vertical and 180◦ in the horizontal
direction and has 0.5◦ angular resolution in both directions takes 2.1 s.

3.2.5

3D scanner’s specification

In a 3D scanner the 2D laser range finder can be placed horizontally (pitch
version) or vertically (yaw version) as shown in Figure 3.2. Although both
pitch and yaw versions of the 3D scanner enable acquisition of the 3D data
of the scene, the versions have different abilities when capturing the moving
objects in front of the vehicle. There is little probability that moving objects
can be satisfactorily captured in the vertical direction by a yaw version of the
3D scanner because the servomotor’s velocity is much less than the scanner’s
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Figure 3.8: 3D image acquired by pitch (a) and yaw (b) versions of the
3D scanner

mirror’s rotation velocity. The experimental results confirm that the yaw version of the 3D scanner provides significantly less common area in the horizontal
plane for two consecutive scans than the pitch version as shown in Figure 3.8.
The Sick LMS-200 scanner can scan with 1.0◦ , 0.5◦ and 0.25◦ angular resolutions. The 0.25◦ angular resolution mode requires fourfold more time to take
a single 2D frame compared with the 1.0◦ mode. The 0.25◦ angular resolution
scanning mode is not applicable for navigation purposes because the time spent
on taking each 2D frame is critical. As the vehicle continuously moves during
the scan, the 3D image becomes very spread if the frame acquisition process
lasts a long time. On the other hand the scan with a 1.0◦ angular resolution
is very sparse for representing far away objects in an outdoor environment.
The approaches presented in this thesis can be used for both pitch and yaw
versions of the 3D scanner. The pitch configuration with a resolution of 0.5◦ is
selected for the experiments presented in this thesis. The scanning parameters
of the system are listed in Table 3.1.

3.3

Surface Extraction From 3D Data

The development of a surface-based map relies on the ability of a system to
accurately and reliably extract objects’ surfaces from 3D data. The surface
extraction process is highly application dependent and depends on the environment in which the vehicle operates, and on the sensors used to obtain
the 3D data. Some environments, such as those found in typical offices, lend
themselves to the extraction of corner and line features using such sensors as
lasers and vision systems. In unstructured environments simple corner or line
features are not commonly observed. Additionally, outdoor sensors very often
cannot provide the same accuracy or detail as indoor navigation sensors.
In a structured environment the extracted 3D surfaces are represented by
compact models constricted by visually interpolating and extrapolating the
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2D laser scanner
scanning distance
from 1 m to 80 m
from 0◦ to 180◦
scanning angular range
angular velocity
75 rotation/s
angular resolution
0.5◦
measurement count in a 2D frame
361
single 2D frame acquisition time
26.6 ms
time for getting 181 measurements set 13.3 ms
13.3/181 ms
time interval between measurements
Servomotor
from -20.0◦ to 20.0◦
0.052 rotation/s
0.5◦

scanning angular range
angular velocity
angular resolution

3D laser scanner
pitch
a single 40.0◦ rotation of the
servomotor
2D frame count in a single 3D image
81
single 3D image acquisition time
2.1 s
version
single 3D image

Vehicle
velocity
angular velocity for axis X
angular velocity for axis Y
angular velocity for axis Z

V elN ominal < 8m/s;
V elM ax = 8.5m/s
ΩRollN ominal < 5◦ /s;
ΩRollM ax < 16◦ /s
ΩP itchN ominal < 5◦ /s;
ΩP itchM ax < 13◦ /s
ΩY awN ominal < 20◦ /s;
ΩY awM ax < 25◦ /s

Table 3.1: The operational parameters of the 3D scanner and the vehicle
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perceived set of 3D surface points. In essence, this is comparable to the matching of the points cloud with the known 3D patterns, such as planes, spheres,
boxes, etc. In an unstructured environment the extracted 3D surfaces cannot
be represented via geometrical primitives as the acquired surfaces have very
complex geometry.
This section of the thesis is focused on a specialized version of the realtime surface extraction problem, namely the detection of the scene objects’
surfaces in the 3D data. In the described problem, the 3D data is acquired
while the vehicle is moving. Therefore the segmentation algorithm must be
highly adaptive to changes in distance and orientation of the scanned surfaces
relative to the scanner, the effect of the vehicle movement on the range data,
and the uncertainties of the measurements.
One of the contributions of this thesis is the introduction of the surface
extraction technique, which is based on a check of the scanned surface continuity between consecutive points in the raw 3D range data. The presented
segmentation algorithm uses points’ distances and orientation changes between
consecutive points in a 3D range data to detect the scanned surface continuities
and breaks. Based on the information about the surface continuity between
points, the regions of the surfaces are formed. Each region’s points are grouped
together to represent a 3D cloud of its individual surface. The method proves
equally useful in outdoor and unstructured environments. The main advantage of the method is that it applies to the unprocessed raw data and uses the
structure of the scanned data to form relations between points without using
spatial data structures.
The presented segmentation algorithm is very fast and can be implemented
online. The experimental results show that the new approach yields better
surface extraction results than the approaches of Coleman et al. [2007], Harati
et al. [2007], Weingarten and Siegwart [2006] and Stiene et al. [2006], whose
methods don’t take into account the details of the outdoor scanning process
and the influence of vehicle movement on the acquired 3D data.

3.3.1

3D data segmentation

Informally, segmenting 3D data is the process of labelling the points so that
points whose measurements are of the same surface are given the same label
[Hoover et al., 1996]. In unstructured environments the segmentation is the
division of the scene data into separate surfaces, where each individual surface
is represented via a set of 3D points. The group of the 3D points is formed by
grouping the points that are correlated to each other according to the given
rule.
This subsection briefly summarizes the two common techniques used for
surface extraction from range data the edge-based segmentation method and
the region-growing method. Edge-based approaches try to find the boundaries
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of scanned surface regions. Region-based approaches start with a surface region
defined by a point that is selected from the points cloud and try to enlarge the
region by adding the adjacent points until some planarity condition is violated.
Edge-based segmentation
There are several techniques for range data segmentation that are based on the
detection of region borders. Edge-based methods investigate the characteristics
of edges in the image in order to make inferences about the regions they enclose.
Region-growing method
The region-growing algorithm starts from single entities, such as points of a
range data, and grows these into larger regions by merging them with matching
neighbours. This process ends when a stopping criteria is reached.
One of the well known region-growing methods for 3D range data is the
algorithm that forms points regions based on the normal vectors for each data
point. In a region-growing algorithm a normal vector is computed for each
data point. Once the normal vectors are computed, a single point is taken to
initialize a new region and a queue of neighbouring points to the selected point
is created, where neighbours are points that are not further away than a given
threshold. The queue is a set of candidates for addition to the planar region
of the selected point. All candidates that have a normal vector with a small
angular deviation from the initial normal vector of the selected point are added
to the points’ region. This guarantees that the normal vectors of all points
in the region are approximately collinear. This algorithm fully depends on
the ability to determine the normal vectors for each point in the range image.
However, in many cases the calculation of the normal vector is not possible
because of the insufficient number of neighbouring points around the given
point. Also, it is difficult to determine a region radius for a neighbourhood
in a non-homogenous cloud, for which the normal is computed. Using a big
radius smoothes the data too much. In addition, the time to compute the
normal vectors grows dramatically when using a large neighbourhood radius,
because the number of neighbours usually gets very large. On the other hand,
a small radius results in very noisy normal vectors that cannot be classified
accurately. One solution can be an adaptive way to define the region radius
based on the region’s data density. But it is difficult to define a functional
relationship between the data density and the optimal neighbourhood radius,
as the distance between neighbouring points varies strongly with the scanned
range of the points. The angular deviation of the normal vectors of consecutive
points is significantly big for outdoor objects such as bushes, trees and uneven
surfaces.
The normal-based region-growing algorithm uses the method of collecting
points with similar normal vectors in a single region. The problem with this
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approach is that the normals of all possible candidate points are compared to
the normal vector of the randomly chosen point, which may not be optimal
and can result in sub-optimally detected regions. Another problem with the
normal-based region-growing approach is that points at sharp edges cannot be
handled correctly. This is because the local normal vectors at edges smoothly
interpolate between the global normal vectors of both planar surfaces.
In the next subsection of this thesis the new segmentation method is presented, which forms the regions by using information about the surface continuity between the consecutive points. After the surface continuity information
is determined for each consecutive point pair the points having continuity with
each other are grouped together forming regions of the surfaces. In comparison
with the normal-based region formation method the presented method is very
efficient and much more robust relative to the points’ density variations in the
3D range data.

3.3.2

Division of continuous raw range data into 3D
frames

The 3D laser scanner scans the surfaces of the objects in a regular pattern in
order to create 3D data of the scanned scene. To form range data of the scene
in a local coordinate system for the time interval [t1 , t2 ], first the acquired 3D
points are registered in the coordinate system corresponding to the vehicle’s
position at the time t1 and then they are transferred to the local coordinate
system. To preserve a whole picture of the scene and prevent multiple representations of the same object’s surface in the 3D data the acquired data
is divided into separate subsets when the servomotor changes its rotational
direction. The duplicate representations of the same object’s surfaces in the
consecutive scans may not match with each other and can be presented as
multiple shifted layers since dead-reckoning information is used for the registration of the acquired 3D points. Multiple representations of the same object
in the 3D data can yield incorrect results from segmentation, unification and
alignment algorithms.
The 3D data obtained during a single pass of the servomotor is called
3D frame or simply a frame. Each 3D frame is a sequence of consecutive
2D laser frames’ 3D points. In a 3D frame every surface from the scene is
represented only once. The distortion in the single 3D frame is minimal because
the dead-reckoning error within frame duration is negligible. This is because
the cumulative error in the relative pose prediction for the short acquisition
time of the 3D frame is very small.
The starting point of each 3D frame is the position (V ) of the vehicle in
the local coordinate system at the time (t) when the servomotor changes its
rotation direction, i.e., V (V x, V y, V z)|t , as shown in Figure 3.9.
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Figure 3.9: Division of scan data into 3D frames

Figure 3.10: A section of the order matrix

3.3.3

Points scanning order in the 3D frame: the order
matrix

The 3D frame segmentation algorithm can be improved and accelerated by
taking advantage of the acquisition process of the 3D frame. The organization
of points in the 3D frame allows a representation of the scanning order of points
via a 2D matrix. Also the matrix representation will be used to accelerate
the triangulation process of the extracted surfaces. Taking into account that
each point in a frame has its unique scanning order, the points order in the 3D
frame can be represented as a two dimensional matrix. An order matrix is a two
dimensional matrix that represents the points’ scanning order in horizontal and
vertical directions in a 3D frame. In 3D frames each row (i.e., horizontal line)
corresponds to the points having almost the same servomotor angle (elevation)
and each column (i.e., vertical line) represents points having the same laser
angle (azimuth).
Figure 3.10 shows a section of a 3D frame acquired with a 0.5◦ angular
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Figure 3.11: The order matrix of the 3D frame

resolution. The interlacing effect is due to the acquisition artefact of the 2D
scanner (Sick LMS-200) used in the experiment. As the servomotor continues
to rotate while the 2D scanner takes measurements, there is a 0.25◦ difference
between servomotor angles for the starting and ending points in a single row
(i.e., 2D scanner set).
The number of measurements in all 2D laser scanner’s frames is fixed and
the number of 2D laser scanner’s frames in the 3D frame remains unchanged
during the scanning process, as the angular resolutions and the scanning range
are kept unchanged. Therefore the dimensions of the order matrixes are identical for all 3D frames. This new representation of the 3D frame guarantees
that any change in the 3D scene implies changes in the measured distances
of some points, without any changes in the points order. The order matrix
is similar to a digital picture where each pixel has its own fixed position in
the picture and its light intensity descriptor, to which corresponds the point’s
measured range.
In general the order matrix will have the pattern shown in Figure 3.11.
The matrix can have unfilled cells due to the absence of objects in the scanned
range in that direction. The inclination of points’ columns are because of
the vehicle movement during the scan. The significant shift in the horizontal
direction is due to the fact that the servomotor’s angular velocity is much less
than the 2D laser scanner’s velocity.
Influence of vehicle movement on the order of points in a 3D frame
The vehicle moving and turning during the scan can generate points shifts on
the scanned surfaces. The points shift in the horizontal direction is the result
of the vehicle moving and turning, while the vertical shift is affected by the
vehicle’s drifts.
The distance between the consecutive points on the scanned surface will
increase if the vehicle’s movement and turn directions are the same as the
laser’s mirror’s rotation direction, and will decrease if they are opposite to
each other, as shown in Figure 3.12.
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Figure 3.12: Point’s shift in 2D laser frame affected by vehicle movement
(a) and turn (b)

Figure 3.13: Point’s shift in 2D laser scanner’s frame

Figure 3.13 shows two types of horizontal shifts: γHP ointM ovement and
γHP ointT urn are shifting angles between two consecutive measurements in the
same set and γHSetM ovement and γHSetT urn are shifting angles between two points
in consecutive sets in a single 2D laser scanner’s frame.
The point’s shifts in the horizontal direction caused by the vehicle moving
and turning is shown in Figure 3.14 and is calculated according to the following
equations:
!
(L)
2
(t
∙
V
el
∙
cos(α))
Step
(3.6a)
γHP ointM ovement = cos−1 1 −
2 ∙ r2
(L)

γHP ointT urn = tStep ∙ ΩY aw

(3.6b)
(L)

γHSetM ovement = cos−1
(L)

(t ∙ V el ∙ cos(α))2
1 − Set
2 ∙ r2

γHSetT urn = tSet ∙ ΩY aw

!

(3.6c)
(3.6d)

where γHSetM ovement and γHP ointM ovement are shift angles between the consecutive sets and scanned points affected by the vehicle movement; γHSetT urn
and γHP ointT urn are shift angles between consecutive sets and scanned points
(L)
affected by the vehicle turn; tStep is the time interval between the two con(L)
secutive scanned points; tSet is the time spent taking a single measurements
set; ΩY aw is the vehicle’s turning angular velocity; V el is the vehicle’s speed;
α is the angle between the vehicle’s velocity vector and the tangential to the
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Figure 3.14: Point’s shift affected by vehicle movement and turn

object’s surface point; and r is the measured distance from the laser to the
object’s surface.
The maximum horizontal shift for consecutive scanned points and sets can
be calculated by taking the maximum values for the vehicle parameters listed
in Table 3.1. Here V el = V elmax = 8.5 m/s is the vehicle’s maximum speed;
max(|cos(α)|) = 1 in the case when vehicle moves parallel to the scanning
surface; ΩY aw = ΩY awM ax = 25◦ /s is the vehicle’s maximum turning angu(L)
lar velocity; r = 1 m is the minimum scanning distance; tSet = 0.013.3 s is
the time that the scanner spends on getting a single 181-measurements set;
(L)
(L)
and tStep = tSet /181 is the time interval between the two consecutive scanned
points.

γHP ointM ovement
γHP ointT urn
γHSetM ovement
γHSetT urn


(0.013.3/181) ∙ 8.5 ∙ 1))2
= cos
1−
= 0.0006◦
2 ∙ 12
= (13.3 ∙ 0.001/181) ∙ 25 = 0.0018◦


(0.013.3) ∙ 8.5 ∙ 1))2
−1
= cos
1−
= 0.1131◦
2 ∙ 12
= (0.013.3) ∙ 25 = 0.3325◦
−1



(3.7a)
(3.7b)
(3.7c)
(3.7d)

In the worst case there is a 0.0024◦ shift (γHP ointM ovement + γHP ointT urn )
for two consecutive points in a single set and a 0.4456◦ shift
(γHSetM ovement + γHSetT urn ) between the two sets in a single 2D laser scanner’s frame. As the shift angle does not exceed the points’ angular step
(0.4456◦ < 0.5◦ ) in a 2D frame, the points scanning order will be preserved
on the scanned surface during the maximum possible shift affected by the
vehicle movement and turn.
To preserve the points order on the surface in the vertical direction the
vertical angular shift that results from the vehicle drifts must be smaller than
the vertical angular resolution, i.e., 0.5◦ . The point’s shift in the vertical
direction affected by the vehicle drift is shown in Figure 3.15 and is calculated
according to the equation:
(L)
~ Roll + Ω
~ P itch | 6 t(L) ∙ (ΩRoll + ΩP itch )
γV SetDrif t = tSet ∙ |Ω
Set

(3.8)
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Figure 3.15: Point’s shift affected by vehicle drifts

Figure 3.16: Points’ reorder because of aggressive changes in vehicle’s
attitude

The maximum vertical shift for the points from the consecutive sets
in a 3D frame is calculated by taking the vehicle’s maximum drift value
from the vehicle operation parameters listed in Table 3.1. Here γV SetDrif t
is the angular shift between the consecutive sets affected by the vehicle’s
drift; ΩRall = ΩRollM ax = 16◦ /s and ΩP itch = ΩP itchM ax = 13◦ /s are the vehicle’s maximum turning angular velocities for the axes X and Y , respectively.
γV SetDrif t = 0.0133s ∙ (16◦ /s + 13◦ /s) = 0.3857◦

(3.9)

The points order in the order matrix will correspond to the points order
on the scanned surface if the vehicle operates with a velocity of no more than
30 km/h (8.5 m/s) and with the angular velocity no more than 25 ◦ /s.
If the vehicle is occasionally affected by aggressive changes in the attitude,
this can be detected and the points will be correspondingly reordered in the
order matrix, as shown in Figure 3.16. The vehicle in the experiments presented in the thesis moved with less moving and angular velocities than the
allowed maximum velocities given in Table 3.1.
Order matrix for correct and fast nearest neighbour search
Considering the fact that the laser scanner provides information only about
the objects’ surfaces in the scene, the nearest by distance point may not be
the next scanned point on the scanned surface. In the case demonstrated in
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Figure 3.17: The next point on the scanned surface is found incorrectly
by using the nearest by distance algorithm

Figure 3.18: Correlation of the distance with scanned range

Figure 3.17, the nearest by distance point to the point 4 is the point 6, while
the correct next point of the scanned surface in the frame is the point 5. Taking
into account the fact that the points’ distance increases with the range (for
example, if the range is equal to 20 m, the points’ minimum distance is 0.175
m) the selection of the next point to the given points, based on the points’
distance, can be incorrect and can lead to wrong edge-point detection in the
range image segmentation algorithms.
The order matrix can also noticeably accelerate the search for the nearest
by distance point in the 3D cloud by limiting the search to the set of points
which are consecutive to the given point.

3.3.4

Surface continuity between points: the continuity
matrix

The surface continuity-based segmentation algorithm is performed by
analysing the scanned surface continuity between each consecutive point pairs
in the order matrix by row and by column. The continuity is checked based
on the distance between the neighbouring points and the angles formed by the
lines connecting the point with its previous and next consecutive points in the
row and column.
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Figure 3.19: The maximum acceptable distance threshold for two consecutive scanned points

Continuity check by distance
In a 3D frame the distance between two consecutive points can have a significant variation. The distance between consecutive points increases with an
increase in the distance between the sensor and the scanning surface, as shown
in Figure 3.18. Surfaces Sa and Sb have the same orientation but different
distances from the laser scanner. In Figure 3.18 ψ is the angular resolution of
the scanner, β is the angle between the lines connecting the scanned point to
the scanner and to the next consecutive scanned point on the same surface.
To have identical distance comparison criteria for point pairs (Pa1 , Pa2 ) and
(Pb1 , Pb2 ) scanned from near (Sa ) and far (Sb ) surfaces, the percentage pr of
the scanned ranges ra1 and rb1 is taken. From the triangle similarity theorem
follows:
db
da
∙ 100% =
∙ 100% = pr
ra1
rb1
da = ra1 ∙ pr/100%
db = rb1 ∙ pr/100%

(3.10a)
(3.10b)
(3.10c)

where ra1 and rb1 are the scanned ranges for the points Pa1 and Pb1 , respectively; da and db are the distances between the points Pa1 and Pa2 , and Pb1 and
Pb2 , respectively; and pr is the correlation between the scanning range and the
points’ distance specified in a percentage.
The surface between the two consecutive points will be recognized as continuous if the distance between those points does not exceed the maximum
acceptable distance threshold (l). In order to have identical maximum acceptable distance checking criteria for each consecutive point pair a percentage (pr)
of the scanned range is used. Figure 3.19 shows the two consecutive points P1
and P2 scanned from surface S and acquired from the vehicle positions V1 and
V2 , respectively. As the two points have two different scanned ranges r1 and
r2 the acceptable distance percentage dpr will be calculated using the shortest
range:
dpr = min(r1 , r2 ) ∙ pr/100%

(3.11)
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The movement of the vehicle during the scan can slightly affect the distances between the consecutive points. Therefore the points’ distance will not
be significantly affected by the shift caused by the vehicle movement if the
points are scanned from the surfaces that are not very close to scanner. However, for close objects which have a very small scanned range the shift can affect
the points’ distance (d) by making it greater than the calculated percentage
distance (dpr ). To compensate for the shift caused by the vehicle displacement
(v) in the maximum acceptable threshold (l), the acceptable percentage distance (dpr ) will be extended with a shift compensation value (Δdcomp ). As the
calculated percentage distance (dpr ) is a function of the scanned range and can
have very big values, the algorithm limits the calculated acceptable threshold
by dlimit . dlimit is the reasonable maximum distance between two consecutive
points belonging to the same surface for all the objects’ surfaces in the frame.
The adaptive maximum acceptable distance threshold l for the given
scanned points P1 and P2 having r1 and r2 scan ranges is equal to the minimum of the distance limit dlimit and the sum of the percentage distance dpr
and compensation value Δdcomp :
l = min(dlimit , dpr + Δdcomp )

(3.12)

Thus the surface between the consecutive points will be considered continuous if the points’ distance d is smaller than the calculated adaptive maximum
acceptable distance threshold l:
d ≤ l ⇒ continuty
d > l ⇒ break

(3.13a)
(3.13b)

where d = kP1 , P2 k.
For the surfaces located very close to the scanner the main segmentation
criteria can be the change in orientation of the surface, because on the high
density points sections the change in the distance between two consecutive
points will be insufficient to detect surface breaks.
Determination of the parameters for continuity check by distance
To calculate the adaptive maximum acceptable distance threshold l the limit of
the acceptable threshold dlimit and the range percentage pr must be specified.
Other variables (dpr , Δdcomp ) used for maximum acceptable distance-threshold
determination are functions of the points’ ranges and the vehicle’s displacement.
Figure 3.20 shows how significant the points’ distance changes with the
increase of the angle between the scanner’s beam and the scanned surface.
The distance between the two consecutive points is determined using the cosine
rule:
p
d = (r1 )2 + (r2 )2 − 2 ∙ r1 ∙ r2 ∙ cos(ψ)
(3.14)

3.3 Surface Extraction From 3D Data

65

Figure 3.20: Correlation between points’ distance and surface orientation

The distance between the points will be minimum if the surface is perpendicular to the r2 beam:
dmin = r1 ∙ sin(ψ)

(3.15)

The percentage minimum value (prmin ) for the 0.5◦ angular resolution mode
is equal to:
prmin =

dmin
100% = sin(0.5◦ )100% ≈ 0.87%
r1

(3.16)

Thus, the minimum distance between the two consecutive scanned points
is approximately 1% of the scanned range.
The distance between the points will be infinite if the angle (β) between the
lines connecting the scanned point to the laser scanner and to the consecutive
next scanned point approaches 180◦ − ψ:
lim

(β→(180◦ −ψ))

d=∞

(3.17)

The maximum percentage (prmax ) value is determined by limiting the β
angle by βmax , which shows the maximum acceptable inclination of the scanned
surface relative to the scanner’s beam. The maximum distance (dmax ) for the
given maximum angle βmax is determined using the sine rule:
dmax
r1
=
◦
sin(ψ)
sin(180 − (ψ + βmax ))
dmax
sin(ψ)
100% =
100%
prmax =
r1
sin(ψ + βmax )

(3.18a)
(3.18b)

The percentage maximum value (prmax ) for the 0.5◦ angular resolution
mode and for a 170◦ surface inclination is equal to:
prmax =

sin(0.5◦ )
100% ≈ 5%
sin(0.5◦ + 170◦ )

(3.19)
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Figure 3.21: The minimum acceptable angle threshold for three consecutive points

From the above calculations follows that the percentage distance dpr must
be calculated using the percentage (pr) from the range between 1% and 5%.
The vehicle movement compensation value (Δdcomp ) is determined from
the vehicle’s displacement during the scan of the two observed points. The
time difference of the two consecutive points is equal to 26.6/361 ms for the
horizontal and 26.6 ms for the vertical 2D frames. Therefore, the vehicle
moving with a maximum speed at 8.5 m/s will have a maximum of 0.2 m
displacement in 26.6 ms. As the displacement is very small there is no need
to calculate the exact displacement in the direction of the scanned surface, so
the vehicle displacement value can be taken as a compensation value. As the
vehicle’s positions in the local coordinate system are known for each scanned
point, the displacement (v) is calculated using the vehicle’s two poses:
Δdcomp = v = ||V1 , V2 ||

(3.20)

Continuity check by angle
A continuity check by distance can detect jumps in the range but it is not very
sensitive to surface orientation changes. In Figure 3.21 the distances between
points P2 and P1 , and between points P2 and P3 are smaller than the maximum
acceptable distances l(P1 , P2 ) and l(P2 , P3 ), but P1 and P2 belong to the surface
Sa while the point P3 belongs to the surface Sb .
To detect orientation change between the three consecutive points the value
of the angle formed by the lines connecting these points is checked, as shown
in Figure 3.21. The surface between the three consecutive points will be recognized as continuous if the angle θ(P1 , P2 , P3 ) formed by the lines connecting
points is greater than the minimum acceptable angle threshold λ(P1 , P2 , P3 ).
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Angle θ(P1 , P2 , P3 ) is determined using the cosine rule:
θ(P1 , P2 , P3 ) = cos−1

(d(P1 , P2 ))2 + (d(P2 , P3 ))2 − (d(P1 , P3 ))2
2 ∙ d(P1 , P2 ) ∙ d(P2 , P3 )

(3.21a)

d(P1 , P2 ) = kP1 , P2 k; d(P2 , P3 ) = kP2 , P3 k; d(P1 , P3 ) = kP1 , P3 k (3.21b)
where d(P1 , P2 ), d(P2 , P3 ) and d(P1 , P3 ) are distances between points (P1 , P2 ),
(P2 , P3 ) and (P1 , P3 ), respectively.
The accuracy of the laser scanner decreases with the increase of the scanning range. The uncertainty of the scanned range will affect the calculated
angle. To compensate the measurements’ uncertainty in the surface continuity
check by angle the adaptive compensation angle Δθcomp is subtracted from the
given minimum angle θmin . The compensation angle (Δθcomp ) is calculated
using a very small (∼ 0.1) percentage of the scanned range. As the compensation angle (Δθcomp ) is a function of the scanned range (r2 ) which can have very
big values, the compensation angle is limited by the compensation angle limit
(Δθlimit ). The compensation angle limit is specified by taking into account the
maximum deviation in angle θ(P1 , P2 , P3 ) affected by the possible inaccuracy
of the measured range.
The adaptive minimum acceptable angle threshold (λ(P1 , P2 , P3 )) for given
three consecutive points (P1 , P2 , P3 ) with scan ranges (r1 , r2 , r3 ) is equal to the
difference of the given minimum angle (θmin ) and the minimum value of the
compensation angle (Δθcomp ) and the compensation angle limit (Δθlimit ):
λ = θmin − min(Δθcomp , Δθlimit )

(3.22)

where θmin is the given minimum angle, which is assumed to be formed by the
three consecutive points belonging to the same surface.
Thus the surface between the three consecutive points will be considered
continuous if the angle θ(P1 , P2 , P3 ) formed by the two lines connecting the
consecutive points is greater than the calculated adaptive minimum acceptable
angle threshold λ(P1 , P2 , P3 ):
θ(P1 , P2 , P3 ) > λ(P1 , P2 , P3 ) ⇒ continuty
θ(P1 , P2 , P3 ) < λ(P1 , P2 , P3 ) ⇒ break

(3.23a)
(3.23b)

Determination of the parameters for continuity check by angle
To determine the value of θmin , the minimum angle formed by the lines connecting three consecutive points belonging to the same surface must be defined.
The minimum angle will be formed by the three points belonging to the cylindrical surface having the smallest radius for the given angle ψ as shown in
Figure 3.22. Therefore the value of the minimum angle θmin , which can be
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Figure 3.22: The minimum acceptable angle threshold for three consecutive points belonging to the same surface

Figure 3.23: Surface continuity check between three consecutive points

formed by three consecutive points belonging to the same surface S, is defined
by the following equations:
ξ = 90◦ − ψ

ξ
θmin = 2(90◦ − )
2
◦
θmin = 90 + ψ

(3.24a)
(3.24b)
(3.24c)

Surface continuity check between three consecutive points in a 2D
frame by distance and angle
To check the surface continuity between three consecutive points the combined
checks of the distances and the angle are evaluated. Each point in the 2D frame
has a continuity relationship with its previous and next scanned points. In
Figure 3.23 the C(P1 , P2 ) and C(P2 , P3 ) show the surface continuity between
the point P2 and its previous P1 and next P3 points, respectively; C (d) (P1 , P2 )
and C (d) (P2 , P3 ) show continuity based on the distance between P2 and its
neighbours P1 and P3 ; C (a) (P1 , P2 , P3 ) shows continuity based on the angle
formed by the lines connecting the point P2 with its neighbours P1 and P3 ;
d1,2 and d2,3 are the distances between the points P1 and P2 , and P2 and P3 ,
respectively.
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The combination of the two criteria has the following variants for the three
consecutive points in a row or column of an order matrix:
• In the case when point P2 is a surface edge point the continuity will be
based on the distance:
C(P1 , P2 ) = C (d) (P1 , P2 ) if P3 doesn’t exist;
C(P2 , P3 ) = C (d) (P2 , P3 ) if P1 doesn’t exist.
Otherwise, if all three points exist, the continuities are determined as follows:
• If there is a break by distance between P2 and P1 then it is recognized
that the surface is discontinuous between them. Analogously, if there is
a break by distance between P2 and P3 then it is recognized that the
surface is discontinuous between P2 and P3 :
if [C (d) (P1 , P2 ) and C (d) (P2 , P3 )] = f alse then
C(P1 , P2 ) = C (d) (P1 , P2 ) and C(P2 , P3 ) = C (d) (P2 , P3 ).
• If there is a distance continuity between P2 and its neighbour points, and
a continuity by angle, the surface is recognized to be continuous:
if [C (d) (P1 , P2 ) and C (d) (P2 , P3 ) and C (a) (P1 , P2 , P3 )] = true then
C(P1 , P2 ) = C(P2 , P3 ) = true.
• If there is a distance continuity between P2 and its neighbour points and
a discontinuity by angle there will be set a break between the points that
have maximal distance:
if ([C (d) (P1 , P2 ) and C (d) (P2 , P3 )] = true) and (C (a) (P1 , P2 , P3 ) = f alse)
then
C(P1 , P2 ) = f alse, C(P2 , P3 ) = true if d1,2 ≥ d2,3 ;
C(P2 , P3 ) = f alse, C(P1 , P2 ) = true if d1,2 < d2,3 .
The continuity matrix
In the 3D frame the continuity detection method is realized by checking the
continuity between consecutive points to a given point by row (i) and by column (j). Figure 3.24 shows the points and their surface continuity parameters
calculated using the continuity verification method for the 3D case described
above. The points order and indexes are taken from the order matrix. The presented segmentation method is very efficient since the continuity is evaluated
with thresholds in changes of the distance and angles between the neighbours
by row and column.
The scanned surface is considered continuous near the given point if it is
surrounded by points that are not further than the given maximum acceptable distance threshold (l) and if the angle made with its previous and next
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Figure 3.24: Surface continuity check between scanned points in 3D frame

Figure 3.25: Surface continuity matrix

neighbouring points by row and column is greater than the given minimum
acceptable angle threshold (λ).
Using the equality of information about surface continuity between the
points (C(Pn , Pn+1 ) = C(Pn+1 , Pn )) a continuity matrix is created. A continuity matrix is a two-dimensional matrix that represents the surface continuity
between the point pairs formed by a point and its consecutive point by row
and column. Figure 3.25 shows the continuity matrix where the relationship
between each point and the next is marked with 0 for breaks and with 1 for
surface continuity between the points. The continuity matrix has the same
points order and dimensions as the order matrix. Its elements require only
two bits in order to represent the surface continuity in the 2D order matrix.

3.3.5

Regions formation based on a continuity matrix:
the region matrix

The region matrix is created by grouping the points having surface continuity
with each other as shown in Figure 3.26. A region matrix is a two-dimensional
matrix that represents groups of mutually connected points.
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Figure 3.26: Region groups based on the surface continuity information
between points from continuity matrix

Figure 3.27: Region matrix

In Figure 3.27 each region in the matrix is numerated by assigning a unique
identifier. The region matrix inherits the dimensions and the points’ order from
the continuity matrix.
During the creation of the region matrix raw 3D frame is filtered by ignoring
tiny isolated and single-point regions. The removal of these few points regions
doesn’t affect the accuracy of the scene representation as they are mostly the
result of noisy and erroneous measurements. After the regions formation, the
points in the 3D frame are grouped into individual surfaces based on the region
matrix information.

3.4

Homogenous Representation of the Surfaces

The non-homogenous representation of surfaces results in incorrect representations of the relationship of surfaces, as in the relationship the high density
sections have greater weight than the low density sections. The surface-based
map relies on data-association and correspondence of the surfaces. Surface
data association is used in the map-update formation stage when the set of
observation-surfaces is aligned relative to the map. Johnson and Hebert [1997]
show that alignment algorithms work well when the density of the points in
the aligning sets are roughly equal. The surface correspondence is used for
detecting and unifying the same object’s surfaces in the map-unification stage.
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Due to the type of volumetric laser scanner used in the navigation applications, the acquired 3D frame has a non-homogenous distribution of points
on the scanned surfaces in the Cartesian coordinate system. The surfaces extracted from the 3D frame inherit its non-homogenous representation. Surface
representation via a set of acquisition points has a non-homogenous distribution if the sensor is of a range-and-bearing type. Since the 3D laser that is used
to scan the environment is of a range-and-bearing type with a fixed angular
resolution, the obtained range image has a very big variety of points’ density.
The rotation of the 2D laser also leads to the accumulation of scan points
along the rotation axis of the 2D laser scanner. The density is minimal for
laser beams orthogonal to the rotation axis and maximal for beams parallel to
this axis. The points’ distribution on the surfaces can also be affected by three
other factors. The first one is the orientation of the scanned surface relative
to the laser beam. The second is the movement of the vehicle during the scan
as a result of which the points can be shifted relative to each other. The third
factor is the dimensions of the scanned surface: the bigger the surface, the
bigger the difference in orientation between far away sections of the surface.
The non-homogenous representation of the surfaces complicates the algorithms
that are based on surface correspondence, as the high density sections in the
correspondence will have greater weight than the low density sections. The
unequally formed correspondence will force the high density sections to match
together by ignoring the correspondence in the low density sections. Besides
making the correspondence unbalanced, the high density sections require additional storage and computational resources.

3.4.1

Algorithms used for homogenization of the representation of the range data

A number of algorithms used for the homogenization of the representation of
a range data are reviewed below.
One of methods for solving the non-homogeneity problem in 3D range data
is the representation of the scanned surfaces via planar patches. Viejo and
Cazorla [2007] propose an approach that presents an image with a few planar
patches. They used a method proposed by Martı́n Nevado et al. [2004], which
is about estimating surface directions. The specified size of the planar patches
depends on the distance between a point in the 3D scene and the coordinate
origin (viewpoint). The minimum number of points in the window is taken
in order to do reliable Singular Value Decomposition. They use an automatic
seeded selection algorithm to perform an efficient planar patch extraction from
the whole 3D scene. Weingarten and Siegwart [2006] use a feature-based representation of 3D range data. A planar segment is composed of (infinite) plane
model parameters and associated segment information, which is chosen to be
a set of polygons for each plane. A planar segment is firstly composed of an
infinite plane and modelled by the Hessian plane model. Secondly, the feature
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is composed of segment information, which essentially is a set of polygons.
In general the surfaces that cannot be modelled via geometrical primitives
are represented via points clouds. The method for solving the non-homogeneity
problem in a 3D cloud of points is based on the reduction of the number of
points in the high density areas by removing or joining the points. Nuchter
et al. [2007] replace multiple data points located close together with their
mean using a standard reduction filter. In order to remove the noisy data but
leave the remaining scan points untouched, the filtering algorithm replaces a
data point with the corresponding median value if and only if the Euclidian
distance between the two is larger than a fixed threshold (e.g., 200 cm). Without filtering, a few outliers may lead to multiple wrong point pairs during
the 3D matching phase. The removing/joining policy only affects the areas
where the points’ density is higher than a certain fixed threshold while the
low density sections remain unchanged. The selection of the correct removing/joining threshold value is problematic and difficult to obtain adaptively
for non-homogenous points clouds.
The next method of surface representation is via triangle meshes. The triangles formed from consecutive points having a surface continuity with each
other will represent the scanned surface homogenously. As the surface triangulation is based on the non-homogenously distributed points the formed
triangles will vary in their size and shape. The triangles belonging to the same
’flat’ surface can have different inclinations as even a small deviation of the
vertex point from the surface will change the orientation of the formed triangle. Another drawback of triangulation is the complexity of the determination
of the association and correspondence between the triangulated surfaces, as
the surfaces are formed from triangles having variations in size, shape and
inclination. The formation of the data association between the triangulated
surfaces becomes more complex if taking into account the case when a singles
triangle from one surface is partially associated with a triangle or set of triangles from another surface. As mentioned above, the surface triangulation will
represent the surfaces homogenously, however in general it will complicate the
work with triangulated surfaces. The solution to the homogenous representation of surfaces in this thesis is found by representing the surface via a set of
patches.

3.4.2

Homogenization of the surface representation via
a set of circular patches

In this thesis the solution of the homogenization problem is found by representing the extracted surface via a set of circular patches. The surface representation via a set of homogenously distributed patches reduces the storage
and computational requirements and makes the surface relationship balanced.
To make surface representation homogenous the scanned surfaces are tri-
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Figure 3.28: Surface triangulation

angulated using the scanned points as vertexes and the triangles’ surfaces are
represented via homogenously distributed circular patches. The triangulation
of the scanned surface is done by forming flat triangular surfaces using scanned
points. Each of these triangles is defined by three neighbouring points by row
and column that have surface continuity between each other and that belong
to the same surface. The surface continuity between the points is checked
using the continuity matrix. Whether the triangle vertex points belong to the
same surface region is checked using the region matrix. The condition that
the vertex points belong to the same surface guarantees that no inter-region
interpolations are performed. To accelerate the triangle formation process,
the search of the neighbouring points for the given point by row and column is
done using the order matrix. The quadrilaterals formed by the four adjacent
points that define squares in the order matrix are divided into two triangles.
For example, the quadrilateral ABDC in Figure 3.28 is divided into the triangles ABC and CBD. The triangulation is performed individually for each
surface region and at the point level.
After triangulation the triangle surfaces are covered with circular patches
so that centre-points of the triangle vertex patches correspond to the vertex
points of the triangle as shown in Figure 2.8. The distribution of the patches
on the triangle surface starts from the left vertex if the triangle is orientated as
the triangle CBD in Figure 3.28 or from the upper left vertex if the triangle’s
two vertexes are located in the left side of the triangle such as the ABC triangle
in Figure 3.28. Having the same direction of patch distribution line for the two
triangles divided from the quadrilaterals makes the surface of the quadrilaterals
more homogenously covered. Before adding the new circular patch on the
triangulated surface the existence of a patch in the area of the new patch is
checked. If the surface already has a circular patch which intersect the new
patch, the new patch is ignored in order not to make a duplicate representation
of the same section of the surface. The two triangles having a common edge
can have different planes therefore the intersection determination for patches
crossing the common edge of two triangles is not necessarily easy as they can
belong to different planes. Therefore, to check for the existence of a patch on
the triangulated surface the intersection between the spheres having the same
centre-points and radius as the patch is checked, instead. The check of the
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circular patch intersection via the intersection of spheres is acceptable as the
minimum angle that the planes of two triangles with a common edge can have
more than 90◦ . The existence check of a patch’s sphere which intersects with
the new patch’s sphere can be accelerated using the kD-tree data structure
with a fixed radius search.
The circular shape of the patch is chosen considering the fact that the
consecutive triangles formed from the scanned points can have very dissimilar
shapes. The variety of the triangular shapes on the surface is conditioned by
the inequality of distances between the consecutive scanned points. The direction of the line according to which the patches are distributed on the triangle
surface is parallel to the edge of the triangle. Since the edges of consecutive
triangles are not parallel this results in the difference in the direction of the
patch distribution lines of neighbouring triangles. The difference in the patch
distribution lines’ directions requires that the patch does not express the direction of the line according to which it was distributed. For that reason the
patches with shapes such as a square or a polygon cannot be used.

Sr
For the homogenously represented surface the approximate
area
A
of

(p)
and the number
the surface
is determined as a product of the patch area A

(Sr)
of patches on the surface, where the radius of the patch is equal to h:
N
A(Sr) = N (Sr) ∙ A(p)

(3.25)

where A(p) = π(h)2 .
As the area of the circular patch is acceptably small, the difference between
the surface area and the area calculated as a sum of the patchs’ areas will be
minor. The accuracy of the calculated area will be determined by the radius
of the patch. The smaller the radius the more precise the calculated area but
the higher the computational and the storage requirements. The radius of the
patch is determined by taking into consideration parameters such as details
of the map, the scanner’s angular resolution and the general distance of the
scanned surfaces from scanner.
Homogenization with a given patch size enables the density of the represented surfaces in the map to be managed. As a result of the processing, the
surface represented as a set of non-homogenously distributed points becomes
represented as a homogenous set of patches’ centre-points.
Distribution of patches on the free form triangle surface
The distribution of the circular patches on the triangle surface is implemented
by adding new patches to the surface so that patches will cover maximum area
without intersecting with each other. The patch distribution starts from left
vertex point and has a direction parallel to the line that connect two laser
2D frame points together. In Figure 3.29, for the triangle ABC having two
vertexes (A, C) in it left side the patch’s distribution starts from the upper
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Figure 3.29: Distribution of circular patches on the triangle surface

Figure 3.30: Distribution of circular patches’ centre-points on the triangle
surface

left vertex A to vertex C and has direction parallel to AB line; for the triangle
CBD having one vertex (C) in it left side the patch’s distribution starts from
the left vertex C and has direction parallel to CD line.
The distribution of circular patches on the free form triangle surface is
implemented as follows.
Given the coordinates of the triangle vertex points and the radius of the
circular patch, required to calculate the centre-points coordinates of the distributed circular patches, as shown in Figure 3.30.

A(xA , yA , zA ), B(xB , yB , zB ), C(xC , yC , zC )

~e1 =

~
~
~
BC
AB
AC
; ~e2 =
; ~e3 =
~
~
~
|AB|
|AC|
|BC|

(3.26a)

(3.26b)
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~ = (xB − xA , yB − yA , zB − zA )
AB
p
~ = (xB − xA )2 + (yB − yA )2 + (zB − zA )2
|AB|

~ = (xC − xA , yC − yA , zC − zA )
AC
p
~ = (xC − xA )2 + (yC − yA )2 + (zC − zA )2
|AC|
~ = (xC − xB , yC − yB , zC − zB )
BC
p
~ = (xC − xB )2 + (yC − yB )2 + (zC − zB )2
|BC|
a = ~e1~e2 = ~e1x~e2x + ~e1y~e2y + ~e1z~e2z
b = ~e1~e3 = ~e1x~e3x + ~e1y~e3y + ~e1z~e3z

~en =

~e2 − a~e1
(~e2x − a~e1x , ~e2y − a~e1y , ~e2z − a~e1z )
=p
|~e2 − a~e1 |
(~e2x − a~e1x )2 + (~e2y − a~e1y )2 + (~e2z − a~e1z )2
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(3.26c)
(3.26d)
(3.26e)
(3.26f)
(3.26g)
(3.26h)
(3.26i)
(3.26j)

(3.26k)

where A, B and C are the triangle vertexes; ~e1 , ~e1 and ~e3 are unit vectors of the
AB, AC and BC edges, respectively; ~en is unit vector that is perpendicular to
the AB line; a is the inner product of ~e1 and ~e2 ; end b is the inner product of
~e1 and ~e3 .
Figure 3.30 shows the distribution line of the circular patches that is parallel to AB line and is located at the distance h from it. The distribution line
belongs to the ABC plane. Intersections of distribution line with AC and BC
are denoted by F and G, respectively and determined with following equation:
AF = √

h
h
, BG = √
1 − a2
1 − b2

(3.27)

The location of the arbitrary centre-point M on the segment F G of the
distribution line is determined with following equation:
~ = OA
~ + AM
~ = OA
~ + h~en + t~e1
OM
where aAF ≤ t ≤ AB + bBG

(3.28a)
(3.28b)

To make the dependence on h explicit the expression of AF and BG must
be substituted, after which the expression for OM becomes:
OM = OA + h~en + t~e1
a
b
h ≤ t ≤ AB + √
h
where √
1 − a2
1 − b2

(3.29a)
(3.29b)

In order to include only centre-points that are located on the triangle surface the following limitation is applied to the h:
√
0 ≤ h < AC 1 − a2
(3.30)
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Figure 3.31: Determination of circular patches’ centre-points coordinates
on the triangle surface

Figure 3.31 shows the centre-point P of the k th circular patch located on
the ith distribution line. The coordinates of the centre-point are determined
by following equation:
√
OP = OA + ((i − 1)d + 2dk)~e1 + (i − 1) 3d~en
(3.31a)
where k is an integer number
(3.31b)
The parameters of the OP determination equation must satisfy the above
mentioned conditions in order to include only the centre-points that belong to
the triangle surface. Thus, the following inequalities must be satisfied:
√
√
(3.32a)
(i − 1) 3d < AC 1 − a2
√
√
a
b
√
(i − 1) 3d ≤ (i − 1)d + 2dk ≤ AB + √
(i − 1) 3d (3.32b)
1 − a2
1 − b2
this after simplification can be formulated as:
r
AC 1 − a2
i<1+
;
d
3
!
!
√
√
AB
b 3
i−1
i−1
a 3
√
≤k≤
+ √
−1
−1
2
2
2
2d
2
1−a
1−b

(3.33a)
(3.33b)

Taking into consideration that i and k are integers the formulation will
become as follows:
"
#
r
AC 1 − a2
i=1: 1+
(3.34a)
d
3
and for each i
!
"
#! "
√
i−1
a 3
AB
−1
k= − − √
:
+
2
2d
1 − a2

(3.34b)
!
#
√
i−1
b 3
√
−1
2
1 − b2
(3.34c)

where the square brackets [x] denote the greatest integer which is not greater
than x.
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Formation of a set of observation-surfaces
from raw 3D data

The first stage of the surface-based map is the formation of a set of observationsurfaces. Each surface in the observation represents some part of the scanned
object. To separate the surfaces of different objects in the range data the
surface extraction method is used. In order to process the range data, it is
separated into unit images called 3D frames. The surface extraction method is
based on the 3D frame segmentation algorithm. The segmentation algorithm
forms surface representations by grouping the points that belong to the same
scanned surface. Detection of the same surface points is realized by checking
the surface continuity between the points. From the set of points belonging to
the same surface triangle surfaces are formed. The extracted surface is then
represented via a set of circular patches that cover the surfaces of the triangles.
Figure 3.32 shows steps that are performed to extract 3D surfaces and make
their representation homogenous with a given patch’s radius (h).
Surface extraction from a raw 3D frame consists of the following four stages:
• The order matrix is created based on a 3D frame, i.e., the points’ scanning
order information received from the 3D laser scanner.
• The continuity matrix is created by checking the surface continuity between consecutive point pairs by row and column from the order matrix.
• The region matrix is formed by grouping the points that have surface
continuity with each other. Regions with few points and tiny isolated
regions are removed.
• The surface representation homogenization procedure is performed for
each surface region of the 3D frame.
Surface representation homogenization consists of the following steps:
• For each point in the surface’s region the surface continuity condition is
checked with its next and previous points by the row and column.
• If the surface is continuous between the current point and its consecutive
points by row and column, then the triangle is determined.
• On the surface of each triangle circular patches are distributed.
• All the centre-points from circular patches belonging to the same region
are grouped into a single-surface points set.
Figure 3.33 shows the original points cloud of a 3D frame in a local map.
Figure 3.34 demonstrates the same 3D frame after surface extraction and filtering processes. Figure 3.35 shows the boundary points for each extracted surface. These boundary points would usually be ignored by other segmentation
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Figure 3.33: Raw 3D frame

Figure 3.34: 3D frame after segmentation and filtration

algorithms that are not using information about surface continuity between
consecutive point pairs.
Figure 3.36 (a) shows a section of the extracted surface. Figure 3.36 (b)
visualizes the surface representation homogenization process, where the red
are the points that will be removed as their circular patches have intersections
with others; the black are centre-points of the patches with centre-points that
correspond to the scanned points; and the green points are the centre-points
of the patches that are added on to the triangulated surfaces. Figure 3.36 (c)
shows the homogenous representation of the scanned surface via a set of the
circular patches’ centre-points.
The surface homogenous representation algorithm presented in this thesis
is very efficient and can be used in online applications. The surface extraction
algorithm is adaptive as the segmentation and error compensation parameters
are functions of the points range and distribution. The order matrix and continuity matrix can be created during the scan; the matrixes can be filled after
each 2D laser frame is received from the scanner. The region matrix can be
formed after the last 2D frame of the 3D frame is received. The surface homog-

Figure 3.35: 3D points that belong to boundaries of the surfaces
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Figure 3.36: Raw non-homogenous cloud (a); processing of the nonhomogenous cloud (b) (black - scanned points, red - removed points, green
- added points); and final homogenous cloud (c)

enization process can be done parallel to the scanning of the next 3D frame.
The introduced matrixes (order matrix, continuity matrix and region matrix)
have the same dimensions and points order. During the implementation the
matrixes can be joined into property structure for each point in a single 2D
array.

3.6

Summary

This chapter presents new algorithms for surface extraction from raw range
data and for representation of extracted non-homogenously sampled surfaces
via homogenous sets of circular patches. It covers all the steps required for
forming the set of observation-surfaces including the 3D data acquisition, surface extraction and patch distribution on triangulated surfaces of the scanned
objects.
The other advantages of the presented methods, besides robustness and
accuracy, are the ability to implement them online and do part of the processing
without waiting for the acquisition of the complete range data of the scene.

Chapter 4
Map-update
Autonomy for a mobile robot in previously unknown environment requires the
ability to build and understand a map of its environment. Mapping of an
unknown environment is performed by incrementally updating the map with
new observations. In different observations representations of the same object
can have significant shifts relative to each other due to the registration error
of the observations in the map coordinate system. A map constructed with a
set of misaligned observations can quickly become useless for the localization
task due to multiple representations of the same object in different locations.
The main source of registration error is the accumulated error in the vehicle
pose prediction that is used for the registration of the observation in the map.
Many factors such as slippage of the tyres or shaking of the vehicle can affect
the reliability of the pose prediction and lead to localization error, which then
accumulates and becomes significant. Although the formation of the acquired
observations is practically independent of the vehicle location, the registration of the observation in the map is fully dependent on the vehicle’s pose
information.
To create an accurate map of the environment the new observation needs
to be aligned relative to the map before adding it to the map. Observation
alignment information is used for correcting the registration error of the misaligned observation and to update the vehicle pose information. The common
technique for aligning one observation relative to another is to represent the
observations via sets of 3D points and do an alignment between two local observations using the iterative closest point (ICP) algorithm [Besl and McKay,
1992].
This chapter presents a new surface-based alignment algorithm for correction of the registration error in the surface-based map. This aligning method
is based on a technique that iteratively minimizes the distance between the
observation-surfaces and their overlap on the map-surfaces relative to which
the observation is being aligned. During the alignment of the observation the
whole associated information of the map is used, which significantly increases
the robustness and the accuracy of the alignment results. The alignment of
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the observation-surfaces relative to the map-surfaces that have an association
with the observation surfaces keeps the computational cost of the alignment
algorithm independent of the map size.
This chapter is organized as follows:
Section 4.1 reviews the existing methods used for registration error correction and details the type of maps that are used in navigation applications.
Section 4.2 presents a new surface-based alignment algorithm.
Section 4.3 details the algorithm for alignment of the observation relative to
the map.
Section 4.4 presents a comparison of the surface-based alignment and the
iterative closest point algorithms in terms of robustness and efficiency.
Section 4.5 summaries the surface-based alignment algorithm.

4.1
4.1.1

Related Work
Localization and mapping

In order to operate reliably, a robot first needs to be able to self-localize and
sense its environment accurately. The ability of a mobile robot to determine its
location in the environment is a fundamental competence for autonomous navigation. Localization is the process of determining the position and orientation
of the vehicle within the operating environment. Knowledge of self-location
and the location of other objects in the surroundings is the basic foundation
on which all high level navigation operations are built.
The most basic approach to localization is dead reckoning, which is simply
prediction of the vehicle pose by integrating motion information over a period
of time. Odometry and the inertial navigation system (INS) are widely used
dead-reckoning methods for vehicle positioning. The drawback of odometry is
that the predicted vehicle position at a given instant depends on the previous
estimate. This makes it difficult to eliminate errors associated with the previous cycle due to the sensor inaccuracies, the assumption that the heading
remains constant over the sampling interval, wheel slippage and quantization
effects. As a consequence, the vehicle position and especially the orientation
become less and less certain and the errors associated with the pose grow
without bound. When the information from an inertial measurement unit is
appropriately integrated, the inertial navigation system can be used to determine vehicle pose. However, integration of these noisy signals will result in a
gradual growth or drift in pose estimate error.
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The main problem with dead reckoning is that each change-in-pose estimate includes a component of error and these errors accumulate as part of
the integration process. Thus, the uncertainty in the pose estimate increases
monotonically with time, and improving sensor and motion model accuracy
can serve only to slow down the speed of growth of the error. Eventually, the
pose prediction becomes so uncertain that it can serve no useful purpose and,
for this reason, dead reckoning is an insufficient mechanism for localization in
large-scale mapping. Dead reckoning, however, can be useful as an auxiliary
information source in conjunction with map-based localization.
Accurate pose estimation is possible through the availability of absolute
rather than incremental pose measurements. A map of the environment defined
by the locations of scene objects provides such a source of absolute information.
Thus, the robot can obtain absolute pose estimates by aligning the current
image of surrounding with the volumetric map. The problem with a priori mapbased localization is that the environment needs to be explored in advance, i.e.,
before the robot can start to navigate in that environment. The motivation
for online map construction and map-based localization is to overcome the
need for a priori maps as the mechanism for a bounded pose uncertainty.
Online mapping is performed by storing scene images in a map as they are
acquired and aligned. Parallel to acquisition, the aligned 3D image and the
map information are used to improve the robot pose estimate, which is used
for creating a new 3D image of the scene. The idea of online mapping is to
allow immediate navigation capabilities in completely unknown environments,
so that a robot might be placed in a new environment and left to explore and
map the environment autonomously.
In localization and navigation tasks the creation of an accurate map of the
environment is a goal in itself, while in many other applications the maps are
used as a tool for performing other higher level tasks. Given accurate positioning information, the creation of a map of the environment is a straightforward
undertaking. Given a current position estimate and an observation of the environment, the observation can be fused into the existing map to create an
updated map estimate. Many grid-based approaches have relied on this type
of map-building in order to generate an occupancy map of the environment
[Fox et al., 1999]. A number of other mapping techniques rely on the extraction of the relevant environmental features with which to build maps [Chong
and Kleeman, 1999, Leonard et al., 1990]. Most feature maps consist of a set
of features and encode some relationship between the features contained in the
maps.
Another approach to solve the problem of localization and mapping is
feature-based map. Due to the small quantity of data required to represent
features in the feature-based map, the resulting map is compact and the associated algorithms efficient in comparison to mapping methods that use more
memory, such as occupancy grids. On the other hand, feature-based mapping
requires a reliable feature extraction mechanism, which depends on the chosen
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feature type and quality of the sensor data. One fundamental problem is that
a model for each feature is needed. Secondly, in the feature-based approach,
the data association or correspondence problem has to be solved, which is the
problem of finding features in the scans that are taken from different locations
but correspond to the same physical entity. As the true displacement of the
robot between these locations is generally unknown, dead-reckoning information is used for initial pose estimation. Meanwhile the dead-reckoning error
has to be compensated as its accumulation can lead to a considerable offset
between the newly observed features and the old features contained in the
map.
Third general approach is the scan-matching, which has also been used to
address the localization and mapping problem. The idea is to align the consecutive scans taken by the external sensors of the robot at different locations
and thereby estimate its trajectory as well as create a consistent map. Lu
and Milios [1997] present a 2D version, and Besl and McKay [1992] present a
version for 3D space of the popular Iterative Closest Point (ICP) algorithm.
ICP looks for closest point pairs in two different scans and iteratively minimizes their relative transformation. Surmann et al. [2003] use the latter to
create precise 3D maps using a mobile robot with a rotating laser scanner and
also present a method for generating globally consistent maps by a subsequent
off-line refinement.

4.1.2

Correction of registration error in a map

Registration error in a map is generated as a result of the registration of
the observations in the map coordinate system using incorrect localization
information. In many mapping algorithms the localization information of the
previously unknown viewpoint cannot be corrected until the new observation
of that viewpoint has been acquired. The acquired observation then is used
for updating localization information by aligning it relative to the set of the
aligned observation, i.e., the map. Thus, the correctness of the resulting map
becomes a function of the correctness of the alignment of the new observation
relative to the map.
The problem of accurate map formation becomes a problem of aligning two
sets of observations after each new observation is acquired.
Alignment of two 3D sets
A fundamental 3D alignment problem is the estimation of the relative pose
between the two sets of points in which point association are defined. The
terms M odel and Data refer to the two sets used to perform registration. In
the alignment process the Data moves to be aligned relative to the M odel.
There are two general categories of solution methods for the alignment problem: quaternion-based and Singular Value Decomposition-based (SVD-based).
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Both types of solution methods are formulated as least-squares minimization
problems. In quaternion-based methods [Faugeras and Hebert, 1986, Horn
et al., 1987], rotations are represented as quaternions in order to simplify the
problem of enforcing the orthonormality constraint, which arises when using
matrixes to represent rotations.
A solution method for the 3D shapes alignment problem [Besl and McKay,
1992] describes the iterative closest point (ICP) algorithm. Katz et al. [2006]
deployed ICP based integrated sensing system for 3D mapping in outdoor environments. Chen and Medioni [1991] use a ICP approach, which minimizes
the point-to-plane distance between the views instead of the point-to-points’
distance. Censi [2008] presents a simple ICP variant which uses a point-toline metric (PLICP), the presented algorithm converges quadratically and in
a finite number of steps, but requires a good first guess. Granger and Pennec
[2002] also extended the ICP and formulated the problem as a general maximum likelihood estimation that also incorporates the sensor noise variance and
the use of expectation maximization (EM) for the registration. In addition,
several authors have considered registering all the local views of a 3D object
at once. Pulli [1999] presents a multi-view registration algorithm based on the
constraints that are derived from pairwise view matches. Huber and Hebert
[2003] build up a model graph of single views and perform the global registration on a spanning tree of this graph. In a similar way, the global registration
of the 3D range scans is done by Stamos and Leordeanu [2003], where each
scan is aligned to a common anchor scan and Dijkstras algorithm is used to
find a transformation path. Nuchter et al. [2005] align a set of 3D indoor range
scans by applying the pairwise standard ICP and use a region-growing technique to register overlapping neighbour scans. There has also been some work
on incorporating colour information during the registration, such as the colour
ICP Johnson and Bing Kang [1999] present, or the extension using illuminance
and gradient information Weik [1997] proposes. Both of these approaches estimate the registration from the camera images only. Newman et al. [2006] use
a combination of laser and vision information. They use sequences of images
from the camera to detect the loop closure event.
A number of other methods have been used to solve the variants of the 3D
registration problem. These methods differ in the selected cost function and
in the search mechanism used to find optimal pose transformations. Wheeler
[1996] proposes a robust method for matching the 3D range images to the 3D
surface models in a manner which reduces the effect of noise and outliers. This
method uses M-estimation and dynamic recomputation of correspondences to
achieve robustness.
In any complex multi-dimensional search problem it is possible to get
trapped in the local minima of the search space. In alignment, there are
two possible types of local minima: those close to the global minimum and
those distant from it. When the distant local minima are problematic, there
are various techniques which attempt to guide the search towards the global
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minimum [Besl and McKay, 1992]. Johnson and Hebert [1997] describe an
approach to this problem based on geometric hashing.
The alignment of 3D sets requires a minimum of three points to solve the
3D corresponding point problem. The presence of additional points gives the
ability to filter the correspondence from the outlier points. Outlier elimination
requires the specification of points to eliminate. Most methods for identifying
the outliers use a residual error threshold, which partitions the point set into
inliers and outliers. Zhang [1992] and Zhuang and Huang [1994] describe robust
statistical methods for determining the appropriate residual thresholds.
A key assumption made by alignment algorithms is that for each point or
region described by the Data, there must be a corresponding point or region
in the M odel. The data which violate this assumption are outliers to the
registration process. Outliers can result from several factors including: data
collection in non-overlapping regions, points that are placed too far from the
model, or noise in the data collection process. In the ICP algorithm, robust
3D corresponding point methods can be used to eliminate outliers [Haralick
et al., 1989, Zhang, 1992, Zhuang and Huang, 1994]. Some researchers have
suggested the use of a least median of squares estimator [Masuda and Yokoya,
1994]; however, the computation time required to implement this technique
is high. A robust approach which uses M-estimation based on the Lorentzian
function to reduce the effect of the outliers is described in Wheeler [1996]. In
this approach, the correspondences with small errors are weighted more heavily
than those with large errors. Approach presented by Johnson and Hebert
[1997] appears to work well when the density of the points in the M odel and
Data are roughly equal, and the connectivity information is available for both.
Another research approach uses simple thresholds to eliminate the outliers
[Zhang, 1992].
To form correspondence between sets most alignment algorithms require
the computation of a Euclidean distance between the geometric entities of the
sets. This computation is usually the most time consuming portion of the
alignment process. Therefore, many researchers have attempted to accelerate
distance computation using a variety of methods. Barrow et al. [1977] use
chamfer matching with a pre-computed distance map to accelerate registration.
kD-trees have been also used to reduce the time required to calculate distances
[Friedman et al., 1977]. Besl and McKay [1992] propose an extrapolation
process, which uses a variation of line search optimization to accelerate the
convergence of the ICP algorithm.
In this thesis, the presented surface-based alignment algorithm realizes the
alignment of the two sets of 3D surfaces, which are represented with a set
of homogenously distributed circular patches. In the surface-based alignment
algorithm the correction transformation of the misaligned Data surface is determined by iteratively minimizing the distance between the Data surface and
its overlap on the M odel surface. In the alignment process, the weight of the
transformations within the iterations is used for detecting the final alignment.
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Problem definition
Sets alignment or pairwise registration is the problem with matching two sets
when the exact pose for one of the sets is unknown. When two overlapping sets
and an initial guess at a transformation that will bring the aligning set (the
Data) to the correct pose in the coordinate system of the reference set (the
M odel) are given, the output of the alignment will be a correction transformation. In the navigation applications the position and orientation of the sets is
determined by choosing a M odel set coordinate system as an origin where the
Data set is aligned by changing its location. To find the correct alignment of
the sets, a close starting location of the aligning set relative to the reference
set is very important. For that reason, the starting location of the aligning set
is determined using odometry data.
In the sets alignment problem, two independently acquired point sets and
their associated correspondences are given and the problem is to find a transformation, which minimizes a cost function. The cost function can be minimized
following the least-squared distance metric:
X
kPo(M ) − (RPo(D) + t)k2
(4.1)
min
R,t

(D)

o

(M )

where Po represents points in the Data; Po represents points in the M odel;
and R and t are the rotation and translation matrixes of the transformation,
which minimize the least-squared distance between the points.
The given minimization problem can be solved directly (i.e., noniteratively) using either the quaternion-based methods Faugeras and Hebert
[1986], Horn et al. [1987], or the singular value decomposition (SVD) based
methods of Arun et al. [1987], Haralick et al. [1989].
One of the most common algorithms based on the point-to-point method
is the ICP algorithm, where individual points in both sets are matched to each
other. For structured environments, where certain shapes are known to be
common, features such as line segments or other geometrical shapes can be
extracted in order to simplify the alignment procedure [Cox, 1991]. In the
HAYAI algorithm [Lingemann et al., 2004], extreme values, corresponding to
the corners, are extracted from the polar coordinates of each 2D scan and
matched to each other. Another alternative is to extract more general features, as in the Normal Distributions Transform method (NDT). In Hauser
and Taylor [1990] it is suggested that if the M odel and Data are both surface descriptions, then solving the cost function is approximately equivalent to
minimizing the volume between the surfaces.
Normal distributions transform method (NDT)
The Normal Distributions Transform method (NDT) for the alignment of 2D
data was introduced by Biber and Strasser [2003]. The key element in the
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NDT algorithm is a new representation where the target points cloud is represented by the combination of the normal distributions, instead of using the
points directly [Magnusson et al., 2007]. This gives a piecewise smooth representation of the M odel, with continuous first and second order derivatives.
Consequently, it is possible to apply standard and time-tested numerical optimization methods, such as Newtons method, for registration. By using this
representation of the set’s data there is no need for the computationally expensive nearest-neighbour search. Computing the normal distributions is a quick
one-time task that is done during a single pass through the points of the target
set.
The first step of the algorithm is to subdivide the space occupied by the
target set into regularly sized cells (cubes). Then, for each cell b that contains
more than some minimum number of points, the mean vector ~q of the points
in the cell and the covariance matrix C are calculated as:
n
1X
xk
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n k=1
n
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where χ
~ k = 1, ..., n are the points contained in the cell b.
The probability that there is a point at the position χ
~ k in the cell b can
then be modelled by the normal distribution N (~q, C). The probability density
function (PDF) is formulated as:
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where ~q and C are the average and covariance for the cell that contains the
point χ
~.
The parameters to be optimized, the rotation and translation of the current
pose estimate, can be encoded in the vector p~. For the 2D registration, there
are three transformation parameters to optimize. Let p~ = [tx , ty , φ] be the
parameter vector, where tx and ty are the translation parameters and φ is
the rotation angle. Using counter-clockwise rotation, the 2D transformation
function is:
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The algorithm measures the fitness of a particular pose by evaluating the
sum of the PDFs at all points of the source set. The function value is called
the score of the pose. Since the optimization problems are generally formulated as minimization problems, the score function is defined so that the good
parameters yield a large negative number.
Mitra et al. [2004] use an approach to 3D scan registration similar to the
NDT.
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Figure 4.1: Simplified version of the ICP algorithm

Iterative closest points algorithm (ICP)
The Iterative Closest Points algorithm (ICP) suggested by Besl and McKay
[1992] is another approach to solving alignment problems. Due to its simplicity, the ICP algorithm is well suited to high-speed implementation. In
particular, unlike some other alignment methods [Hauser and Taylor, 1990],
time-consuming gradient calculations are not required. The ICP algorithm
is widely used for the alignment of 3D point clouds and has been extended
into many areas by various researchers. The ICP iteratively updates and refines the relative pose by minimizing the sum of squared distances between
corresponding points in two sets. In essence, the ICP algorithm consist of iteratively determining the points in the M odel closest to the points in the Data,
computing the 3D transform Δτ = [ΔR, Δt] and applying the Δτ to the Data
points.
Figure 4.1 shows the flowchart of the simplified version of the ICP algorithm. The ICP algorithm consists of the following main steps:
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1. Initialize the accumulative transformation parameters R and t to the
identity transformation. Reset the iteration counter, (k = 0).
2. For each discrete point P (D) in the Data, compute the closest point (in
terms of Euclidean distance) P (M ) from the M odel.
3. Using the correspondences in step 2, find a rotation, ΔR(k) , and a translation, Δt(k) , by minimizing the least-squared distance metric.
4. Apply the incremental transformation from step 3 to all the Data points,
P (D) .
5. Update the accumulative transformation parameters R and t based upon
the incremental transformations, ΔR(k) and Δt(k) .
6. If a stopping criterion is satisfied, terminate, otherwise go to step 2.
Sets correspondences
In step 2 the points correspondences are formed. The points correspondence
formation is the one of the computationally most expensive steps of the ICP
algorithm. For each point in the current Data points cloud its nearest point
in the M odel cloud is required. To increase the accuracy of the alignment
process the selection of a subset of the comparing points is needed, i.e., the
selection of the Data points for which the correspondences are formed. The
easiest way to make the correspondence points selection is to use either a
uniform subsample, where every nth point from the Data is selected, or to
pick a random selection of the points. If the topology data in the set of the
mesh faces or the surface normals at the points are available, it is also possible
to subsample by choosing the points where the normal gradient is high, or
by choosing the points which distributions of the normal directions is large.
After the correspondence candidate points have been chosen from the Data, the
algorithm proceeds to find their corresponding points in the M odel. The naive
way to do this is to pick for each point its closest neighbour by the Euclidean
distance. This will not, in general, be the correct correspondence for distant
points sets, especially in the beginning of the alignment process but after few
iterations of the algorithm a convergence to the correct alignment usually will
be found. To make the correspondence more robust, different weights can be
assigned to different point pairs. This can be done, for example, by setting a
high weight to the point-to-point neighbouring pairs and/or by rejecting the
pairs where the points are far apart.
Computation of the 3D transformation
In step 3 the alignment transformation is calculated based on the points correspondence formed in step 2. The rotation matrix ΔR and the translation
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vector Δt are determined such that they minimize the mean-squared distance
between the points in the Data and their corresponding points in the M odel,
thus minimizing the E function:
O

E

(k)

1 X (M )
(ΔR , Δt ) =
kPo − (ΔR(k) Po(D) + Δt(k) )k2
O o
(k)

(k)

(M )

(4.5)

(D)

where O is the number of the corresponding points; and (Po , Po ) is the
corresponding point pair.
The minimization can be performed in several ways. Horn et al. [1987], Besl
and McKay [1992] present a closed form solution for determining the transformation that minimizes the total point-to-points error using the quaternions
to represent the 3D rotation ΔR. Umeyama [1991] uses the Singular Value
Decomposition (SVD) to compute the rotation.
After the measured distances between the point pairs are minimized, the
process is repeated again with a new selection of points, until the algorithm
has converged.
Termination of the alignment loop
In step 5, the alignment loop of the ICP algorithm is terminated when one of
the following criteria is satisfied:
1. If the incremental transformation weight becomes negligible:
(k)
Wtr (ΔR(k) , Δt) → 0. Later in this chapter a new method for detecting
the final alignment of the ICP algorithm based on transformation weight
is presented. Instead of the number of iterations being specified allowing
the alignment algorithm to continue after the convergence or to be
terminated without the correct alignment, in presented method the final
alignment detection ends the algorithm when alignment is reached.
2. If the incremental rotation and translation absolute magnitudes are both
less than the stated thresholds: ΔR(k) < R and Δt(k) < t .
3. If the change in residual error is less than the stated threshold: E (k) < E .
4. If the total number of iterations exceeds the stated threshold: k > K.
This condition is usually logically or-ed with one of the above.
Variants of the ICP algorithm
A series of different variants of the ICP algorithm has been discussed by
Rusinkiewicz and Levoy [2001]. The authors compare the existing approaches
with respect to the following aspects:
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• Point set selection: The algorithms that use the whole points sets
from the Data and the M odel, and that apply different types of sampling
strategies to reduce the complexity of the input data.
• Point matching strategy: This refers to different ways of defining a
pair of corresponding points.
• Correspondence pair weighting: Approaches that additionally define
the weights for each corresponding point pair. These weights can, for
example, be dependent on the point-to-point distance.
• Correspondence rejection: Similar to the weighting of correspondence pairs, this is an attempt to classify correspondences into good and
bad. For example, pairs of points that are far away from each other
might be rejected in order to obtain a more accurate estimation of the
alignment transformation.
• Error metric assignment: Different additional error metrics are used.
For example, the colour information at each data point may be included
in the metric.
• Minimization approach: Apart from the standard minimization presented in the above, the new 3D transform can be found by extrapolating
the last three transforms at each iteration either linearly or quadratically.
Spatial data structures used for a nearest-neighbour points search
The bottleneck of the ICP algorithm is the frequent nearest-neighbour point
searches in the correspondence formation step for each iteration. To accelerate
the implementation of the ICP algorithm, it is necessary to add several speed
enhancements to the basic algorithm, such as the spatial data structure.
If there are N (D) points in the Data, and the nearest-neighbour point for
each Data point is needed from the M odel which has N (M ) points, then a naive
search requires O(N (D) N (M ) ) time. The average complexity of a nearest point
query can be reduced by the use of a k-dimensional binary tree [Bentley, 1975b].
To accelerate the nearest-neighbour search in the correspondence formation
step, the points in the M odel set are stored in a kD-tree structure. The kDtree is a strictly binary tree where each internal node represents a partition
of the k-dimensional input space. The root node represents the entire space,
and each leaf node represents a subspace that contains a subset of the points
in the input data. At each node of the tree, a test is performed to decide on
which side of the hyperplane the nearest point will lay. Using this method,
large regions of the search space can be pruned at each level in the search.
The expected search time for the nearest matches using the kD-tree is equal
to O(N (D) log N (M ) ). Building the tree structure also requires some additional
time, proportional to O(N (M ) log N (M ) ).
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Several researchers have looked into improving the performance of the
nearest-neighbour search in the ICP algorithm. Greenspan and Godin [2001]
develop a point search method specifically tailored for the ICP. They report
that, where the two sets that are being matched are identical, their method
performs around five times faster than the kD-tree search on one sample data
set. It is possible to reduce the running time further by considering approximate nearest neighbours instead of searching exhaustively for the actual closest
neighbour [Mount and Arya, 1997, Greenspan and Yurick, 2003]. If the demands are relaxed even further, the linear search through the points in the
bin leaves can also be skipped and the mean or the median value of the points
within each bin can be computed when the tree is created, and used as an
approximation of the nearest-neighbour [Nuchter et al., 2004]. Nuchter et al.
[2007] use a cached kD-tree to accelerate the ICP algorithm. The performance
of the cached kD-tree search depends on the alignment error: more time is
required if the distance between the sets is large. Furthermore, the cached
kD-tree search needs extra memory for storing the pointers to the tree leaves.
Another speed improvement method is the caching of the M odel’s nearest
points for each Data point. If the M odel point P (M ) and the Data point P (D)
are the nearest points at the iteration k, then they are highly likely to be the
nearest at the iteration k+1, too. Thus, rather than finding the single closest
point in P (M ) for a given Data point P (D) , the number of closest points in
the M odel can be found and cached together with the point P (D) . The overall
result of caching is that the closest points can often be found without requiring
a full search of the kD-tree. Rather, only the points in the cached sets must
be tested.

4.1.3

Types of maps used in navigation applications

There are three main types of map forms that are most commonly used in mobile robot navigation systems: occupancy grids, feature maps and topological
maps. A basic functional description of each type of map is given below.
Occupancy grids
An occupancy grid or evidence grid [Schultz and Adams, 1998], is a discrete
2D or 3D grid in which each cell stores information about the probability of
that area or volume being occupied by some object. The result is typically a
low-resolution representation of the surface shape, such as a matrix of cells.
Each cell describes a small rectangular area in the environment and indicates
the probability that the area is occupied by a value in the range between 0
and 1. The localization is accomplished by registering the observation data
with the map using cross-correlation methods. The first approaches to robotic
mapping were based on such occupancy grids [Moravec and Elfes, 1985]. They
are well suited to integrate the noisy and low-resolution input that is provided
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by sonar range finders, and this is one major reason why occupancy grids were
used before laser range finders became more common.
For small environments, occupancy grids are an effective localization
method. Typically, the observation data are accumulated in the short-term
occupancy grid before being registered with the main map [Moravec and Elfes,
1985, Thrun, 1998, Yamauchi et al., 1998]. This enables data fusion in a uniform occupancy representation - to filter noisy sensor data over a short time
period, or to combine the data from multiple sensors and from different sensor
modalities. Occupancy grids also offer an explicit representation of both occupied and free space, which is useful for path planning. For large environments
the trade-off between grid resolution and computational complexity must be
made as the computation increases in proportion to the number of grid cells.
To capture the environmental detail and to facilitate accurate pose estimation
and path planning, the grid size must be as small as possible. Burgard et al.
[1998], Nebot and Pagac [1995] present methods to obtain variable granularity
and to focus resources at regions of environmental complexity. The occupancy
grids are not very scalable to the increase of the resolution.
One difficulty concerning occupancy grids is the data association. The
cross-correlation search, within the region of the vehicle pose uncertainty, is
expensive if the search-space is large (although fast search methods have been
presented, e.g., Konolige and Chou [1999]). Also, if the cross-correlation result
is multi-modal within the search-space region, a maximum likelihood correlation search may fail by converging to the wrong mode. This problem might be
addressed by employing a Monte Carlo localization procedure, as introduced
in [Dellaert et al., 1999].
Schultz et al. [1999], Yamauchi et al. [1998] use occupancy-grid SLAM to
interleave the steps of localization and map update by first registering the
short-term map with the global map (localization), and then updating the
perceived occupancy of the global map grid cells (map building).
Cycle detection provides the main instance for examining the failings of the
occupancy grid SLAM. First, without a reasonable estimate of the global map
uncertainty, the search-space for cycle detection is undefined and must either
cover the whole space or be limited by ad-hoc bounds. Second, for large cycles,
the minimal search-space may become too large for real-time cross-correlation.
Third, given a large search-space, the possibility of multiple correlation modes
is high, and the data association failure becomes increasingly likely. Finally,
and most importantly, even if a correct correspondence between the observed
data and the old map region is made, there is still no mechanism for offsetting
the error accumulated in the map loop, and any large error in a map cycle will
certainly result in an inconsistent map.
In comparison with the feature-based map the grid-based representation is
a discretization of the space which, generally requires more memory. Another
drawback of an occupancy grid is that because of a space decomposition the
detail of the representation is limited by the size of a grid cell.
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Feature maps
Feature maps represent the environment by the global location of parametric
features (such as points, lines and planes) [Leonard et al., 1990, Stevens et al.,
1995]. In a feature map a combination of several orthogonal planar features
can describe the environment, e.g., the planar features with a certain surface
area and orientation could be interpreted as doors, walls etc. For structured
environments like building interiors or cities, it is more advantageous to use
feature-based maps for the following reasons:
• firstly, generated feature-based maps are compact as they consist of a set
of features, which can be described by a few parameters.
• secondly, feature-based approaches can lead to more precise maps and
robot localization as no space discretization occurs.
• thirdly, during the mapping the robot extracts and analyses features by
gathering higher-level knowledge about its environment, which can be
used in later processing steps.
• fourthly, because of the feature extraction the noisy measurements are
filtered, e.g., a plane composed of a thousand data points is likely to
actually exist, whereas a single data point can be an outlier.
In a feature-based map localization is performed by extracting features from
the observation data and associating them with features in the map. The differences between the predicted feature locations and the measured locations are
then used to update the vehicle pose information. In this way, the localization
is very much like a multiple-target tracking problem but, unlike normal target
tracking, the targets are static and the observer is in motion. The feature locations in a priori feature-based maps are assumed to be perfectly known and so
each feature is entirely defined by its parameter set. Only the location information is directly useful for localization but the other information serves to assist
feature recognition for the data association. Since each feature is represented
by a limited set of parameters, the feature-based map is very efficient in environment representation. Unlike occupancy grids, where a dense environmental
description is maintained, feature-based maps form a sparse representation of
the selected features. In particular, the free space is not represented and does
not incur any cost in the localization process. For this reason, feature-based
maps don’t facilitate path planning or obstacle avoidance, and these must be
performed as separate operations. Localization using a feature-based map is
a parameter estimation problem to determine the vehicle pose when given the
feature-based map and a set of feature observations. Assuming the measurements are correctly associated with the appropriate map features, the vehicle
pose can be tracked using feature alignment algorithms.
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Dissanayake et al. [2001] present feature map SLAM, which comprises the
dual task of adding observed features to the map using the vehicle pose as
a reference, while using existing map features to estimate the vehicle pose.
The uncertainty of sensor measurements results in uncertain estimates of both
the vehicle pose and the map feature locations, and these uncertainties are
highly correlated. The correlated uncertainty has important consequences for
the feature-based SLAM as it couples the individual features to each other and
the vehicle to the map.
Data association is the main weakness of feature-based map localization.
Correct pose estimation relies on finding the correct correspondence between
the feature observation and its associated map feature. The significant false
associations dramatically increase the pose-estimate error and prevent any subsequent map registration. A dramatic increase in robustness is possible using
combined data association, where a set of observations is assigned at once,
as this enables association distinction, based on their combined association
likelihoods, effectively utilizing the geometric character of the local region.
Data association failure is a much more serious problem for SLAM than for
a priori map localization. Simple localization may be able to recover from a
minor disassociation, because only the vehicle pose estimate is affected, but
with the SLAM the map is also altered and these inconsistencies tend to be
self-propagating, causing divergence. A further data association problem concerns the management of non-associated observations. These are either new
map features, outlier measurements, or observations of dynamic objects, and
discerning the latter two is essential to prevent cluttering up the map. The
most difficult data association complication arises during the cycle detection.
This is difficult because, not only is the vehicle pose uncertain, but the new
and old portions of the map are also uncertain in relation to each other, which
even reduces the reliability of the combined data association.
The main disadvantage of the feature-based approach is that depending
on the feature type that is used, a big effort has to be summoned in order to
extract this feature in a robust way. The second limitation of feature-based
maps is that they are suitable only for environments where the observed objects
can be reasonably depicted by basic geometric feature models. This is often
not the case in unstructured environments where the observed objects might
appear as free-form objects, e.g., trees. For unstructured environments, it is
very hard to obtain the necessary parametric feature models that can describe
general objects sufficiently well for consistent extraction and classification.
Topological maps
Topological maps illustrate a major conceptual shift in environmental representation [Kuipers and Byun, 1991]. Occupancy grids and feature maps are both
metric maps where the location is defined as a set of coordinates in Cartesian
space. Topological maps, however, don’t rely on metric measurements and in-
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stead represent the environment in terms of places and connecting paths. They
are generally depicted by a graph structure where the graph nodes define particular locations in the environment and the graph edges define procedural
information for travelling between the nodes. Thus, the navigation between
two non-adjacent locations is determined by a sequence of transitions between
intermediate place nodes. The concept works on the assumptions that distinctive places are locally distinguishable from the surrounding area and that
the procedural information is sufficient to enable the robot to travel within a
recognized distance of a specified place.
Place recognition is a form of data association where the observation-tomap correspondence is based on the apparent similarity between two data sets,
in this case between the observed information and a graph node description.
This appearance-based association, which relies on locally unique data, can be
contrasted with the metric proximity constraints of feature maps, which enable association in the presence of identical feature data. For place recognition
to function correctly, a node description must be unique along the connecting path regions from its adjacent nodes. This allows the robot to compare
the observed data with the node template while travelling towards it and to
determine being at the place location once a positive match is made. Most
topological localization systems use one of two basic types of place recognition. The first is based on range-and-bearing measurements, such as sonar or
laser, and involves defining the place nodes at locations fitting certain geometric qualities and then matching the measured data to these place descriptions.
For example, these descriptions might be observation criteria such as equidistance from nearby objects [Kuipers and Byun, 1991, Choset and Nagatani,
2001] or simple models of indoor structures like doors and corridor intersections [Kortenkamp et al., 1992, Aycard et al., 1997]. The second recognition
method is based on vision data and involves defining each place node with
images obtained from its (arbitrary) location and then matching observed images to the node according to the prescribed similarity measure [Engelson and
McDermott, 1992, Argamon-Engelson, 1998, Ulrich and Nourbakhsh, 2000].
The primary weakness of topological maps concerns ensuring reliable navigation between places, and subsequent place recognition, without the aid of
some form of metric location measure. Travelling between the nodes using
purely qualitative trajectory information, such as wall following [Kuipers and
Byun, 1991], is often sufficient for static structured environments but, in more
complex and dynamic environments, may fail to guide the robot to the appropriate place vicinity. The most critical weakness, however, is place recognition.
If a place is not recognized (false negative) or an alternate location is mistaken
for a place (false positive) then the topological sequence is broken and the
robot becomes lost. The false negatives occur because of the alteration in
place appearance through circumstances such as viewpoint variation, occlusion, structural change, dynamic objects or changed lighting conditions. Both
geometric and visual recognition methods are sensitive to this form of failure.
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The false positives can be generated if another portion of the environment
appears similar to the place definition, meaning that the place is not locally
unique. This is common in highly structured environments (such as rows of
office cubicles) but can also be a symptom of inadequate place definition. For
the simple descriptions offered by most geometric recognition methods, ambiguous associations may be created even by the presence of transient objects.
Vision-based recognition is probably more immune to false positives because
of the increased level of information defining the node.
One further problem with topological maps is their limitation to way pointbased navigation. The robot is constrained to follow specific trajectories and to
pass through (or very near) each place location. Effectively, control is directly
tied to the localization process (i.e., the robot must perform active localization). While this situation is adequate for many autonomous vehicle systems,
there are applications where the robot trajectory should be independent of
discrete place locations and passive localization is necessary.
Topological SLAM operates by performing an exploration of the environment guided by a set of path-following criteria, and recording place descriptions
at appropriate locations. For geometric place recognition, these would be the
locations affecting certain patterns in the sensory data and, for vision-based
recognition, they could be either regularly-spaced locations or locations where
a given distinctiveness metric is maximized. As each new place is found, it
is connected to the previous place according to the path-following specifications required to reach it. In this way, the map is built as a linear sequence
of places, which continues until a place is observed that matches a previously
stored place description (presuming the robot is not simply traversing old sections of the map). This matching place description is generated by either a
new region of similar appearance or by observing the old place reached via an
alternate route. If the match can be identified unequivocally as the old place
location, then a cycle is created, linking the topological sequence back upon
itself to form a closed path.
A priori map problems of qualitative path following and sequential data
association remain significant for the topological SLAM, but the most prominent concern is cycle detection. By avoiding metric location measurement, the
topological SLAM removes the difficulties of uncertainty representation and
non-linearity but, instead, places full responsibility for the robust operation
upon data association. In the case of cycle detection, where an observed place
is found to resemble a previous place (or perhaps several previous places), data
association becomes ambiguous, and the observed place could be one of the
stored locations or a newly discovered location. Discerning the correct association can be found by a method of rehearsal [Kuipers and Byun, 1991], where
the ensuing sequence of places is tracked until the number of candidate cycles is
reduced to one (a cycle) or none (a new place). This method is appropriate if a
globally unique place, or place sequence, exists in the map [Basye et al., 1997].
However, in many environments, such uniqueness cannot be ascertained, and
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the cycle cannot be confirmed since the matching sequence could actually represent a similar, but previously unexplored, region of the environment. Dudek
et al. [1997] propose an approach for artificially creating unique locations by
having the robot drop coloured markers but this method is not practical for
many robot applications. In general, the observation of an expected place
sequence serves to increase the confidence of cycle detection but cannot definitely confirm this hypothesis. Essentially, unless the environment possesses
at least one globally unique sequence of places, cycle detection must always be
ambiguous. This is the key weakness in the topological map paradigm as environmental similarity may eventually produce a consistently similar sequence
of places and result in data association failure. The solution to this problem
is to introduce metric information, which would enable the estimation of pose
uncertainty between the places bounding the cycle search-space so that the
place sequences need only be locally unique.

4.2
4.2.1

Surface-based Alignment
Introduction

In surface-based maps the alignment of the observation is a problem of determining the relative localization between two descriptions of the same object,
i.e., object representation surfaces. By aligning the new set of observationsurfaces relative to the previously aligned surfaces in the map, the observation
registration error and the vehicles pose information are updated. In the observation and in the map each surface is a volumetric representation of the
scene object and contains information about the shape, location and size of
the object’s surface.
The aim of the surface-based alignment is to find a transformation which
brings the aligning surface into alignment relative to the reference surface.
In the alignment process the surfaces are considered as rigid bodies and the
problem of rigid registration of a 3D geometric object is studied. In this thesis
the alignment rotation and translation of the aligned surface is determined by
minimizing the distances between the associated surfaces of the observation
and the map. The set of the associated parts of the surfaces from which a 3D
transformation is computed is determined using the overlap of the observationsurfaces on the map-surfaces, namely the fact that the objects from the scene
that have been scanned in the overlap area must appear in both surfaces. The
associated surfaces can be acquired from different viewpoints but in order to
be aligned they must represent the same portion of the scanned scene.
In this thesis, a new, accurate and robust method of surface-based alignment is used for updating a map with a new observation. The set of
observation-surfaces that is correctly registered in the map coordinate system
is called the set of update-surfaces or simply map-update.
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The presented surface-based alignment algorithm iteratively minimizes the
distances between the aligning surface and its overlap area on the reference
surface, relative to which the alignment transformation is determined. This
algorithm extends the existing Iterative Closest Point (ICP) algorithm by using
a new method for data association formation between the surfaces. Compared
to the standard ICP where the aligning set must be presented as a set of points,
while the reference set can be represented as a set of points, lines and surfaces,
in the presented algorithm the aligned and the reference sets are represented
as surfaces. The new method of forming and weighting the surface association
increases the accuracy of the alignment by making it a reliable algorithm for
outdoor navigation tasks.
The presented surface-based algorithm states that: if the initial guess for
a relative transform is given and the correct association between the two surfaces is determined, the relative alignment transformation can be found by
iteratively minimizing the distances between the aligning surface and the reference surface. During the alignment process the data association between the
aligning and the reference surfaces is formed and the least-squares transformation is calculated by minimizing the distance between the associated sets.
Figure 4.2 shows the flowchart of the surface alignment algorithm. The
presented algorithm consists of the following steps:
a) Two surfaces are considered, a DataSurf ace and a M odelSurf ace, where
the DataSurf ace is misaligned relative to the M odelSurf ace.
b) At the beginning of the algorithm the accumulative transformation τ and
the iteration count k are initialized.
c) In the next step, the data association of the surfaces is determined.
d) After the determination of the association of the surfaces the alignment
transformation Δτ (k) of the current iteration is determined by minimizing
the distance between the association sets.
e) The DataSurf ace is aligned using the current alignment transformation
Δτ (k) .
f ) The current alignment transformation Δτ (k) is added to the accumulative
transformation τ .
g) The weight W tr(k) of the current alignment transformation Δτ (k) is calculated for detecting the final alignment.
h) The loop is terminated if the transformation weight W tr(k) has become
negligible or the maximum number of iterations has been reached, otherwise the new association between the M odelSurf ace and the currently
aligned DataSurf ace is formed and a new alignment transformation is
calculated.
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The originality of the presented algorithm is in the new method applied
for the data association formation between the surfaces and in the ability to
detect the final alignment by weighting the alignment transformation Δτ (k) .

4.2.2

Data association of surfaces

In order to form a data association the associated sections of the surfaces that
will represent the misalignment between the surfaces needs to be determined.
In this thesis, the misalignment of the surfaces is represented via the distance
between the aligning surface and its overlap on the reference surface.
To correctly project the association of the surfaces, the aligning and the
reference surfaces must be homogenously represented. The homogenous representation makes the association of the surfaces equally distributed on the
common area of the surfaces by allowing the aligning surface to easily shift
and find the correct alignment relative to the reference surface.
Although in the observation formation stage the extracted surfaces are
already represented via a set of homogenously distributed circular patches, the
determination of the distance between surface and its overlap onto the reference
surface is still a complex issue. The complexity of the formation of the data
association using the overlap area comes from the orientation differences of the
circular patches belonging to the same surface. The patches belonging to the
same surface have different orientations as their surface is the representation
of the free-form object from the scene. To simplify the problem of association
for the surfaces formed by differently orientated circular patches the following
solution is found. As the area of the taken patch is acceptably small the patches
can be considered as points. In this case the data association is formed with
the set of patches’ centre-points.
Thus, the required data association is formed by determining the centrepoints in the overlap area of the DataSurf ac on the M odelSurf ace, where
the surfaces are represented via a set of the centre-points of the homogenously
distributed circular patches. The mutual nearest-neighbour search algorithm
[Pickard, 1982, Cox, 1981] is used for determination of the centre-points in the
overlap area of the DataSurf ace on the M odelSurf ace.
Figure 4.3 shows the associated area of two line segments determined using
the mutual nearest-neighbour search. As shown in the example the line connecting point in the M odelLine found as a mutual nearest-neighbour point to
the DataLine point, is perpendicular to the M odelLine, which shows that the
association overlap area is the projection of the DataLine on the M odelLine.
In Figure 4.4 the associated area (red) is the overlap area of the
DataSurf ace (blue) onto the M odelSurf ace (green) and the distance between the surfaces is represented via the lines (red) connecting the neighbouring centre-points of the two surfaces.
The following notation is used to describe the data association between
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Figure 4.3: Associated area of two line segments. The associated overlap
area is the projection of Data on the M odel

Figure 4.4: The associated area (red) is the overlap area of Data (blue)
onto the M odel (green). Distance between the surfaces is represented via
the lines (red) connecting the neighbouring centre-points of the two surfaces
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Figure 4.5: Maximum distance threshold for nearest-neighbour search

surfaces. The aligned surface is called the DataSurf ace (DSr) and the surface that serves as a reference for the unaligned DataSurf ace is called the
M odelSurf ace (M Sr).
The surface association presented via centre-points has the following formulation:
M Sr = {CPm(M ) }, m = 1...N (M )

(4.6a)

(D)

(4.6b)

M Sr(M (D)) = {CPo(M ) }, o = 1...O (M (D))

(4.6c)

DSr = {CPd }, d = 1...N (D)

DSr(M (D)) = {CPo(D) }, o = 1...O (M (D))

(4.6d)

where M Sr and DSr are the M odel and the Data surfaces, respectively, represented via the set of homogenously distributed circular patches’ centre-points;
CP (M ) and CP (D) are centre-points on the M odel and the Data surfaces, respectively; N (M ) and N (D) are the number of circular patches on the M odel and
the Data surfaces, respectively; M Sr(M (D)) and DSr(M (D)) are those sections
in the M odel and Data surfaces that have mutual-nearest neighbour centre(M )
(D)
points, respectively; CPo and CPo are the mutual nearest-neighbour pair
points forming the M odel and the Data surfaces, respectively; and O(M (D)) is
the number of the mutual centre-point pairs when the DSr overlaps on the
M Sr.
The association between the surfaces will become more valuable if it is
filtered from the outliers. The surface association can be filtered by limiting
the distance between the neighbouring centre-points. The neighbouring points’
distance threshold must be chosen based on the initial misalignment of the
DataSurf ace relative to the M odelSurf ace, as the small threshold will make
the association very weak by ignoring the good centre-point pairs, meanwhile
a large threshold will not filter the outliers at all. The use of points’ distance
threshold will also accelerate the performance of the data association formation
as in the beginning of the search, an approximate set of the near points of the
M odelSurf ace can be defined. The neighbouring points’ distance threshold
will have significant influence during the first iterations of the alignment as
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Figure 4.6: Sets association formed using surface-based (a) and standard
(b) association methods

after a few iterations the DataSurf ace becomes close to the M odelSurf ace
so that less and less point pairs will go beyond the given threshold, as shown
in Figure 4.5.
Comparison between the proposed and the standard association formation methods
In the proposed association formation method the aligning sets, i.e., the surfaces, are represented via homogenously distributed points, i.e., the patch
centre-points and at the points level the association is formed by finding the
mutual nearest-neighbour point pairs in the two homogenous sets.
The sets association in the standard ICP algorithm is formed based on
a nearest-neighbour point search for each aligning set point in the reference
set. In the resulting association, the same reference point can be the nearestneighbour point for many points in the aligning set. The repetition of the same
reference point relationship will increase the weight of that point in the sets
association and can lead to a wrong alignment. The one-to-many relationship
will be stronger in the high-density areas of the non-homogenously presented
sets, as is the case for range images acquired using rang-and-bearing scanners.
Figure 4.6 shows the association formed by the proposed and the standard
ICP algorithms. In the proposed method the associated points have equal
weight which enables parallel displacement of the surfaces during alignment by
reducing the chance of getting stuck in the local minimum. In the association
formed using the standard method, the high weight points and the points from
the surface boundaries and non-overlapping sections of the sets may cause a
systematic pulling affect.

4.2.3

Alignment transformation calculation

During the alignment process, a data association between the aligning and the
reference surfaces is formed and the alignment transformation is determined by

4.2 Surface-based Alignment

108

minimizing the distance between the associated sections. The mentioned distance minimization problem is formulated as a rigid-body transform problem
since the surfaces remain unscaled during the alignment process.
In each iteration of the algorithm the alignment transformation (Δτ ) brings
the aligning surface DSr close to the reference surface M Sr. The alignment
rotation matrix ΔR and the translation vector Δt are calculated by minimizing
the cost function ΔE:
ΔE =

(D))
O (M
X

o=1

kM Sr(M (D)) − (ΔR ∙ DSr(M (D)) + Δt)k2

M Sr(M (D)) = {CPo(M ) }, o = 1...O(M (D))
DSr(M (D)) = {CPo(D) }, o = 1...O (M (D))

(4.7a)
(4.7b)
(4.7c)

where ΔE is the cost function; ΔR and Δt are the alignment rotation matrix and translation vector, respectively; M Sr and DSr are the M odel and
the Data surfaces, respectively; M Sr(M (D)) and DSr(M (D)) are the associated
(M )
(D)
sections in the M odel and the Data surfaces, respectively; CPo and CPo
are the mutual nearest-neighbour pair points from the M odel and the Data
surfaces, respectively; and O(M (D)) is the number of the mutual centre-point
pairs when the DSr overlaps on the M Sr.
To minimize the cost function the alignment transformation ([ΔR, Δt])
is calculated using the quaternion-based method.
A quaternion unit
t
is presented as a four-vector set ~qΔR = [q0 , qx , qy , qz ] , where q0 ≥ 0 and
q02 + qx2 + qy2 + qz2 = 1. The quaternion unit describes the rotation axis and
the angle of rotation around that axis.
The rotation matrix ΔR is a 3x3 matrix and is calculated using the following equation:
 2

q0 + qx2 − qy2 − qz2
2(qx qy − q0 qz )
2(qx qz + q0 qy )
2(qy qz − q0 qx ) 
ΔR =  2(qx qy + q0 qz ) q02 − qx2 + qy2 − qz2
(4.8)
2
2(qy qz + q0 qx ) q0 − qx2 − qy2 + qz2
2(qx qz − q0 qy )
The alignment translation vector Δt is calculated using the following equation:
Δt = mean(M Sr(M (D)) ) − mean(ΔR ∙ DSr(M (D)) )

(4.9)

The alignment of surfaces is implemented by repeatedly minimizing the
distances between the associated sections of the surfaces. These surfaces are
formed by the centre-points of the aligned DSr and their mutual nearestneighbour centre-points in the overlap areas on the M Sr, until the final alignment is reached. Convergence of the algorithm occurs when the change of the
surface association between the iterations becomes negligible and the iteration
transformation (Δτ [ΔR, Δt]) becomes very small.
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The final alignment transformation τ determined as the result of k iterations has the following formulation:
ΔE

(k)

=

(D)),k−1
O(MX

o=1

kM Sr(M (D)),k−1 − (ΔR(k) ∙ DSr(M (D)),k−1 + Δt(k) )k2 ,

k = 1...K

(4.10a)

R(k) = ΔR(k) ∙ R(k−1) ; t(k) = Δt(k) + ΔR(k) ∙ t(k−1)

DSr(k) = ΔR(k) ∙ DSr(k−1) + Δt(k)

M Sr(M (D)),k = {CPo(M ),k }, o = 1...O (M (D)),k

(4.10b)
(4.10c)
(4.10d)

DSr(M (D)),k = {CPo(D),k }, o = 1...O(M (D)),k

(4.10e)

where
DSr(0) = DSr; R(0) = I3 ; t(0) = 03×1
M Sr =
DSr =

{CPm(M ) },
(D)
{CPd },

m = 1...N

(M )

d = 1...N (D)

(4.10f)
(4.10g)
(4.10h)

where ΔE (k) and Δτ (k) [ΔR(k) , Δt(k) ] are the cost function and the alignment transformation of the k iteration, respectively; τ (k) [R(k) , t(k) ] is the accumulative transformation of the k iterations; M Sr is the reference surface;
DSr(k) is the aligning surface after an alignment using the Δτ (k) transformation; DSr(0) is the given aligning surface without the alignment correction;
(M ),k
(D),k
{CPo
, CPo
} is the association between the M Sr and the DSr(k) formed
by the mutual nearest-neighbour centre-point pairs; O(M (D)),k−1 is the number
of the mutual centre-point pairs in the associated sections when the current
(M )
(D)
DSr(k) overlaps on the M Sr; CPm and CPd are the centre-points on the
M Sr and DSr surfaces, respectively; N (M ) and N (D) are the number of circular patches on the M Sr and the DSr surfaces, respectively; k is the current
iteration number; and K is the number of the iterations that are required for
the final alignment.
The alignment transformation τ is obtained when the cost function gets its
minimal value after the required K iterative minimizations:
τ [R(K) , t(K) ] when ΔE (K) is minimized

4.2.4

(4.11)

Alignment transformation weight

In the alignment algorithm, the alignment loop must be repeated until the
cost function reaches its minimal value. The number of iterations that is
required for convergence is very dependent on the correspondence and the
initial alignment of the sets. It is very hard to determine a priori the number
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Figure 4.7: Weight of the transformation

of iterations that will be required for the final alignment, and for that reason
in many implementations of alignment algorithms, a fixed number of iterations
is specified. The drawback of using a fixed number of iterations is that the
alignment loop can continue after the final alignment is reached or the loop
can be terminated in the middle of the alignment process.
One of the methods of controlling the alignment loop without specifying
the maximum number of iterations is to track the transformation changes
within the iterations. In the algorithm the transformation is calculated using
the quaternion-based method and is a function of correspondence between the
M odel and the Data sets. The value of the transformation changes in every
iteration of the loop as the Data changes its location relative to the M odel. In
order to measure the transformations a method for weighting the transformations caused by the 3 × 3 rotation matrix (ΔR) and the 3D translation vector
(Δt) is needed. A method for presenting the transformation via a single value
parameter is required in order to weight the changes caused by the transformations in each iteration, as the rotation matrix and the translation vector
cannot be directly used for that purpose.
In this thesis, a new transformation weighting method is introduced for the
convergence detection in the alignment algorithm when the Data reaches its
nearest location relative to the M odel. The method
 detects the final alignment
(k)
by weighting the alignment transformation τ
after each iteration of the
alignment loop. The method is based on the fact that after the Data has found
its nearest location relative to the M odel the distance between the associated
sections of the sets cannot be further minimized. Therefore, the convergence of
the algorithm can be detected when the weight of the transformation becomes
negligible.
In the presented method as a weighting parameter for the k th transformation, the unit triangle vertex points coordinates’ change caused by the
[ΔR(k) , Δt(k) ] transformation is evaluated. The unit triangle is formed by the
unit points on the X, Y and Z axes, as shown in Figure 4.7.
(k)
The transformation weighting parameter Wtr , which is the maximum dis-
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tance between the corresponding vertex points of the unit triangle and the
transformation of the unit triangle, is calculated according to the following
equations:




(k)
(k)
(k)
(k)
ΔR11 ΔR12 ΔR13
Δtx

 (k) 
(k)
(k)
(k) 
(4.12a)
ΔR(k) = ΔR21
ΔR22 ΔR23  ; Δt(k) = Δty  ;
(k)
(k)
(k)
(k)
ΔR31 ΔR32 ΔR33
Δtz
O(cr)

(u)

P1




x(cr)
= y (cr)  ;
z (cr)

(4.12b)

 
 
 
1
0
0
(u)
(u)
= O(cr) + 0 ; P2 = O(cr) + 1 ; P3 = O(cr) + 0
0
0
1
P (u)


 (tr) 
(u)
xn
xn




= yn(u)  ; Pn(tr) = yn(tr)  ; n = 1, 2, 3
(u)
(tr)
zn
zn


Δn = |Pn(u) − Pn(tr) |; where Pn(tr) = ΔR(k) ∙ Pn(u) + Δt(k)

Δn =
(k)
Wtr

|Pn(u)

− (ΔR

(k)

∙

Pn(u)

(k)

(4.12c)

(4.12d)

(4.12e)

+ Δt )|

(4.12f)

= max(Δn ) = max(Δ1 , Δ2 , Δ3 )

(4.12g)

(u)

(tr)

where O(cr) is the centre of the rotation; Pn and Pn are the three vertex
points of the unit and the transformed triangles, respectively; Δ n is the dis(u)
(tr)
(k)
tance between the Pn and Pn vertex points; and Wtr is the weight of the
[ΔR(k) , Δt(k) ] transformation in the k th iteration.


(k)
In the alignment algorithm the transformation weight Wtr
changes

show how significant the alignment transformation is in each k th iteration.
Figure 4.8 shows the transformation weight versus the iteration number and
demonstrates how the transformation weight becomes negligible after a few
iterations as the Data gets close to the M odel.
The alignment process can be considered as completed if the transformation
weight for the current iteration is lower than the given threshold. After that
iteration the alignment transformation will remain under that range for all the
next iterations:
(K)

Wtr

≤ Ŵtr

(4.13)
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Figure 4.8: Transformation weight versus iteration number

where Ŵtr is the given threshold for the alignment transformation weight; and
K is the iteration number for which the transformation weight is smaller than
the given threshold.
In the example shown in Figure 4.8, the iteration number that is required
for the final alignment is 20, as after that iteration the alignment weight becomes very small:
(k)

k > 20 ⇒ Wtr ≤ 18 × 10−10

(4.14)

The most common convergence pattern for the ICP is to take large steps
towards the solution during the first few iterations, and then take smaller and
smaller steps as it gets close an optimum.
The method presented for the alignment convergence detection based on
the weight of the transformation is independent of aligning sets and of the way
the sets data association is formed. Therefore, the method can be used for
detecting the final alignment in different variants of the ICP algorithm.

4.3

Observation Alignment

To build a map of an environment, the observation of the new scene needs
to be acquired and integrated with an existing map. Because of error in the
localization information, the registered observation can have a misalignment
relative to its previous observation. The misalignment error can grow over time
and become very significant. The main source of the registration error is the
accumulative error of the measurements acquired from different sensors that
are used for dead reckoning. The method used for minimizing the registration
error in maps is the gradual alignment of the new observation relative to the
previous one(s).
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Figure 4.9: Formation of the map-update by aligning observation-surfaces
relative to map

In a surface-based map the observation and the map are sets of individual
surfaces. The registration error of the observation-surfaces can be corrected
by aligning each individual surface from the observation with its associated
surface in the map. In this case the alignment correction can be inaccurate if
the common area of the associated surfaces is small. Taking into account the
fact that a single set of observation-surfaces is extracted from the same 3D
frame, a significant increase in robustness can be achieved by using combined
data association and by effectively utilizing the geometric characteristic of the
whole observation. During the combined data association a set of observationsurfaces is assigned at once, which enables association distinction based on
their combined association likelihoods.
The correction of the registration error of the observation can be done by
aligning the set of observation-surfaces relative to the set of map-surfaces that
is associated with the misaligned observation.
The aim of observation alignment is to determine a transformation, which
brings the set of observation-surfaces into alignment relative to their reference
map-surfaces. In the alignment process the set of surfaces is considered as
a rigid body and relative locations of the surfaces in the same set remain
unchanged. Each set of surfaces from the observation and the map is integrated
into two surfaces and the presented surface-based alignment algorithm is used.
The flowchart of the observation alignment steps is shown in Figure 4.9.
The following steps are performed for the map-update formation, which is the
result of the alignment of the observation relative to the map:
a) The inputs of the algorithm are the sets of homogenously represented observation and map surfaces.
b) In order to bring the new observation close to its previous aligned obser-
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Figure 4.10: Vehicle position in the map coordinate system based on
alignment transformation (a) and dead-reckoning information (b)

vation, the set of observation-surfaces is aligned using the accumulative
alignment transformation of all previous observations.
c) The part of the map that is associated with the set of observation surfaces
is defined in the alignment-submap (ASMap).
d) The alignment transformation is calculated by using the surface-based
alignment algorithm for the set of observation-surfaces relative to the
ASMap-surfaces.
e) The calculated alignment transformation is used for the formation of the
map-update and for vehicle pose correction during the time of observation acquisition.

4.3.1

Initial alignment of observation

The alignment of the observation can fail if its misalignment is significant. The
misalignment of the observation can be large as the observation is formed from
a set of surfaces, which is extracted from the 3D frame. For the registration
of the 3D frame points during the scanning process, the dead-reckoning information is used. As dead-reckoning information starts its calculations from the
beginning of the map and continues during the whole mapping process, the
difference between the corrected pose and the dead-reckoning information is
growing starting from the second observation and becomes significant after a
few observations. The vehicle position in the map coordinate system based
on the alignment transformation (a) and the dead-reckoning information (b)
is shown in Figure 4.10.
Taking into account the fact that the dead-reckoning error between consecutive 3D frames is small, the aligning observation can be brought close to
its previously aligned observation by initially aligning it with the alignment
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transformation of its previous observation. To align the observation registered
in the map using the dead-reckoning information the accumulated transformation of all the previous observations needs to be applied, using the following
equation:
(Init)

Obsrvf

(DR)

= {Rf −1 ∙ Obsrvf

R0 = I3 ; t0 = 03×1

+ tf −1 }; f = 1, 2, ..., N (F )

(4.15a)
(4.15b)

where Obsrv (DR) is the set of observation-surfaces extracted from the f th 3D
(Init)
frame; Obsrvf
is the same observation (f ) after applying the accumulative

correction transformation [R(f −1) , t(f −1) ] ; [R(f −1) , t(f −1) ] is the accumulative
correction transformation starting from the first observation up to f − 1 observations; and N (F ) is the number of the 3D frames of observation in the
map.

4.3.2

Formation of the alignment-submap (ASMap)

The alignment of the new observation relative to the map instead of aligning it
with its previous aligned observation makes the alignment results more robust.
For that reason, in the surface-based map the information of all the aligned observations is integrated in order to align the new observation. The set of aligned
observations, i.e., the surface-based map, grows after each observation that is
why the alignment of the new observation can become computationally very
expensive. The cost of the alignment can be reduced significantly by defining
the submap of the map that is associated with a set of the new observationsurfaces and performing the alignment relative to that submap. The set of
sections of the map-surfaces that are associated with the new observationsurfaces is called the alignment-submap (ASMap). The alignment-submap
can be formed by searching for map-surfaces that have common areas with the
new observation-surfaces. In the surface-based map, the surfaces are individually presented and therefore the set of associated map-surfaces can be easily
formed. The scene objects representing surfaces in the map are formed by
unifying all the surfaces from the observations that belong to the same object.
Therefore, the map-surface can have very big sizes, e.g., in the case of long
buildings. For that reason, the ASMap is formed only from the associated
sections of the map-surfaces instead of including the whole surface.
The formation of the ASMap from the sections of the map-surfaces that are
associated with the initially aligned observation surfaces, can be insufficient
for the alignment. This is because during the alignment process the observation changes its location relative to ASMap resulting in a change of associated
area of the surfaces that are served as a reference. The solution of the associated area change problem is found by including all the possible areas that
can serve as reference during the alignment. Therefore, maximum magnitude
of the associated area is specified for extending the included sections of the
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map-surfaces that form the ASMap. The specified magnitude must be defined by considering the maximum displacement between the initially aligned
observation-surfaces and their reference map-surfaces.
The alignment-submap formation algorithm consists of the following steps:
a) The enclosing cuboid for each observation and map surface is defined by
finding the minimum and the maximum vertex points of the surface
representation centre-points’ cloud.
b) The sizes of the observation-surface cuboids are extended by a given magnitude in order to ensure that all associated areas that can be used during
the alignment process are included.
c) The intersection between the extended observation-surface cuboids and the
map surface cuboids is checked, and the list of intersecting map-surfaces
is formed.
d) The sections of the listed map-surfaces that intersect the extended
observation-surfaces’ cuboids form the ASMap.
Because of the ASMap the computational cost of the observation alignment
will be kept at the same level for all the next alignments as the ASMap is
formed based on the size of observation and does not grow with map.

4.3.3

Alignment of the observation relative to the
alignment-submap

The alignment transformation of the observation relative to the alignmentsubmap is determined by using the presented surface-based alignment algorithm.
During the alignment, all surfaces from the observation and the alignmentsubmap are integrated into single homogenously represented sets with the following formulation:
(Obsrv)

Obsrv = {CPd

}, d = 1...N (Obsrv)

ASM ap = {CPm(ASM ap) }, m = 1...N (ASM ap)

(4.16a)
(4.16b)

where Obsrv and ASMap are the set of the observation and the alignmentsubmap surfaces represented as sets of homogenously distributed circular
patches’ centre-points; CP (Obsrv) and CP (ASM ap) are centre-points in the observation and the ASMap sets; and N (Obsrv) and N (ASM ap) are the number of
circular patches in the observation and the ASMap sets.
To simplify the notation in the alignment algorithm the set of the centrepoints of the observation surfaces and the ASMap surfaces are denoted with
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D and M , respectively:
D = Obsrv
M = ASM ap

(4.17a)
(4.17b)

To align the D (i.e., observation) relative to M (i.e., ASMap), the D is
initially aligned by using the alignment transformation of the previous observation, and the distance between the associated areas of the sets is iteratively
minimized until the alignment transformation becomes negligible.
The alignment of the set of the observation-surfaces extracted from the f th
3D frame relative to the alignment-submap has the following formulation:
a) Initialization
R(1) = Rf −1 ; t(1) = tf −1 ; R0 = I3 ; t0 = 03x1 ; k = 1, 2, K
D

(1)

=

(Init)
Obsrvf
(1...K)

M =M

= {Rf −1 ∙

(DR)
Obsrvf

= ASM apf

+ tf −1 }

(4.18a)
(4.18b)
(4.18c)

b) Data association of the D(k) set relative to the M set in the k th iteration
(D),k

D(k) = {CPd

M

(k)

=

}, d = 1...N (D) ;

{CPm(M ) },

m = 1...N

D(M (D)),k = {CPo(D),k };

M

(M (D)),k

=

{CPo(M ),k },

(M )

(4.19a)
(4.19b)
(4.19c)

o = 1...O

(M (D))

(4.19d)

c) Cost function E (k+1) for the k th iteration
ΔE

(k+1)

=

(D)),k
O(M
X

o=1

kM (M (D)),k − (ΔR(k+1) ∙ D(M (D)),k + Δt(k+1) )k2
(4.20)

d) Determination of the new alignment transformation [ΔR(k+1) , Δt(k+1) ] in
the k th iteration
~qΔR(k+1) = [q0 , qx , qy , qz ]t ;
where q0 ≥ 0 and q02 + qx2 + qy2 + qz2 = 1

(4.21a)

Δt(k+1) = M (M (D)),k − ΔR ∙ D(M (D)),k

(4.21b)
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e) Update of the D(k)
[ΔR(k+1) , Δt(k+1) ]

using

the

new

alignment

transformation

D(k+1) = {ΔR(k+1) ∙ D(k) + Δt(k+1) }

(4.22)


f ) Update of the accumulative alignment transformation [R(k+1) , t(k+1) ] with
the new alignment transformation [ΔR(k+1) , Δt(k+1) ]
R(k+1) = ΔR(k+1) ΔR(k) ;

t(k+1) = Δt(k+1) + ΔR(k+1) t(k)

(4.23a)

(4.23b)

g) Determination of the
 weight of the new alignment transformation
[ΔR(k+1) , Δt(k+1) ] of the k th iteration
W tr(k+1) (ΔR(k+1) , Δt(k+1) )

(4.24)

h) End the alignment if the transformation weight W tr(k+1) is smaller than
the given threshold Ŵ tr or if the specified maximum number of iterations
is done:
W tr(k+1) < Ŵ tr or k = K

(4.25)

i) Finalize the alignment results
Rf = R(k+1) ; tf = t(k+1)
M apU pdate = {Rf ∙ Obsrv + tf }

(4.26a)
(4.26b)

where D and M are the aligning and reference surfaces represented via the set
(D)
(M )
of homogenously distributed circular patches’ centre-points; CPd and CPm
are the centre-points on the aligning and the reference surfaces, respectively;
N (D) and N (M ) are the number of circular patches on the aligning and the
reference surfaces, respectively; M (M (D)) and D(M (D)) are the sections in the
reference and aligning surfaces that have mutual nearest-neighbour centre(D)
(M )
points, respectively; CPo and CPo are the mutual nearest neighbour pair
points from the aligning and the reference surfaces, respectively; O(M (D)) is
the number of the mutual centre-point pairs when the D overlaps onto the
M ; [Rf −1 , tf −1 ] is the accumulative alignment transformation of the previous
f − 1 observation; [Rf , tf ] is the final accumulative alignment transformation
of the f observation; [ΔR(k+1) , Δt(k+1) ] is the alignment transformation of the
k th iteration; [Rk , tk ] is the accumulative alignment transformation of the f
observation in the k th iteration; D(k+1) is the aligning surface after applying
the alignment transformation of the k th iteration; ΔE (k+1) is the cost function
of the k th iteration; W tr(k+1) is the alignment transformation weight of the
k th iteration; Ŵ tr is the minimum threshold of the alignment transformation
weight; and M apU pdate is the observation f after the final alignment.
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Figure 4.11: 3D frames of the misaligned (blue) and reference (green) sets

4.4

Comparison of the Surface-based and ICP
Alignment Algorithms

To evaluate the robustness and efficiency of the presented surface-based alignment algorithm the results obtained from the alignment of the same sets using
the presented and the standard ICP alignment algorithms are compared.

4.4.1

Formation of aligning and reference sets

To estimate the alignment accuracy of the algorithms, the aligning and the reference sets are taken from the same 3D frame. In order to minimize the overlap
area between the sets, different objects’ surfaces have been removed from each
set. To avoid having points in the same locations in the sets, noise has been
added to the centre-points coordinates. After modifications the aligning set is
represented with 10577 points and the reference set with 18242 points. The
aligning set was then misaligned with a given transformation. The aligning
(blue) and reference (green) sets are shown in Figure 4.11.
In order to align the misaligned surfaces using the surface-based alignment
algorithm, the extracted surfaces of the scene objects are represented via a
set of homogenously distributed circular patches’ centre-points. Figure 4.12
shows the homogenously represented centre-points sets of the misaligned and
the reference surfaces. The number of centre-points in the aligning and the
reference surfaces are 3179 and 4244, respectively. In this example, the radius
of the circular patch is specified 12 cm.
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Figure 4.12: Sets of misaligned (blue) and reference (green) surfaces represented via sets of homogenously distributed circular patches’ centre-points

Table 4.4.1 lists the properties of the aligning and the reference surfaces
with and without homogenous representation.

4.4.2

Comparison of the alignment results

To evaluate the accuracy, robustness and efficiency of the presented surfacebased alignment algorithm the results obtained from the alignment of the same
sets using the presented and the ICP alignment algorithms are compared. In
both algorithms, the sets are considered as rigid bodies and the transformation is calculated using the quaternion-based method. The main difference of
the presented surface-based alignment algorithm compared with standard ICP
Properties of the aligning and reference surfaces
Surface representation
Representation type homogenous
non-homogenous
Circular patch radius 12 cm
N/A
Number of centre-points Number of points
Aligning surface
4244
18242
Reference surface
3179
10577
Added noise
Noise deviation
5 cm
Table 4.1: Properties of the aligning and reference surfaces
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R-rotation matrix

Initial misalignment

Surface-based algorithm

Standard ICP algorithm

0.9907
0.107
-0.0845
0.9906
-0.1072
0.0839
0.9880
-0.1367
0.0715

-0.1072 0.0842
0.9942
0.0067
0.0024
0.9964
0.1070 -0.0842
0.9942
0.0021
0.0069
0.9964
0.1360 -0.0729
0.9905 -0.0047
0.0147
0.9973
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t-translation
vector(cm)
300
-100
-50
-290.93
131.54
25.88
-292.40
81.38
42.26

Table 4.2: Alignment results from the surface-based and standard ICP alignment
algorithms. The alignment result of the standard ICP algorithm is less accurate
because of the rotation component of the alignment transformation

algorithm is how the association between the sets is formed.
In the presented surface-based algorithm the data association is presented
via the association between the sections in the aligning surface and their overlap areas on the reference surface. At the points level this association is presented via point pairs formed by the centre-points on the aligning surface and
their mutual nearest-neighbour centre-points in the overlap areas of the reference surface.
In the standard ICP algorithm the association is formed by searching the
nearest-neighbour points in the reference points cloud for each point in the
aligning points cloud. In the data-association formed for the standard ICP
a single reference point can be the nearest neighbour for many points in the
aligning set.
In both algorithms, the alignment is realized by iteratively minimizing the
distance between the associated sets until the convergence occurs. The results
of the alignment using the surface-based and the standard ICP algorithms
are listed in Table 4.4.2. Although the translation vector of the standard
ICP algorithm is closer to the inverse values of the misalignment translation
than that of the surface-based algorithm, because of the incorrect rotation
correction the final transformation is less accurate. The comparison shows
that the rotation alignment obtained using the surface-based algorithm is much
closer to the inverse of the misalignment rotation than that of the standard
ICP.
The alignment results of the surface-based and the ICP algorithms are
shown in Figure 4.13 and Figure 4.14, respectively. In the both figures, some
of the places where the alignment accuracy of the misaligned surface (blue)
relative to the reference surface (green) are more visible are marked with ovals
(red).
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Figure 4.13: The misaligned surface (blue) aligned relative to the reference
surface (green) using the surface-based alignment algorithm

Figure 4.14: The misaligned surface (blue) aligned relative to the reference
surface (green) using the standard ICP alignment algorithm. Red ovals
mark places where misalignment becomes more visible
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Figure 4.15: The distances between corresponding vertex points of the
unit (blue) and misaligned (green) then realigned (red) triangles

The alignment results of the presented experiment show that the surfacebased alignment algorithm is more robust compared to the standard ICP algorithm. The robustness of the alignment algorithm is increased because of
the introduced surface-based data association.

4.4.3

Evaluation of alignment accuracy

The accuracy of the presented surface-based and the standard ICP alignment
algorithms is evaluated by calculating the difference between the given initial
misalignment and the obtained alignment transformations.
As an accuracy evaluation-parameter the maximum distance has been calculated between the corresponding vertex points of the unit triangle and the
triangle that has been obtained from the unit triangle by misaligning it with
the given transformation and then realigning it using the determined alignment
transformation. The alignment transformation is determined as a result of the
alignment of the misaligned set using the alignment algorithm. Figure 4.15
shows the unit (blue), the misaligned (green) and the realigned (red) triangles
and the distances between the corresponding vertexes of the unit triangle and
the misaligned and realigned unit triangle.
The alignment accuracy parameter is determined via the following equations:

T
O(cr) = x(cr) y (cr) z (cr) ;
(4.27a)
(u)

P1


T

T

T
(u)
(u)
= O(cr) + 1 0 0 ; P2 = O(cr) + 0 1 0 ; P3 = O(cr) + 0 0 1
(4.27b)
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Surface-based
algorithm
0.6276
AccICP /95

Alignment accuracy (Acc)
Comparison
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Standard ICP
algorithm
60.0904
AccICP

Table 4.3: Alignment accuracy of the surface-based and standard ICP alignment
algorithms

Pn(u)



 (m) 
 (r) 

(u)
xn
xn
xn
 (u)  (m)  (m)  (r)  (r) 
= yn  ; Pn = yn  ; Pn = yn  ; n = 1, 2, 3
(u)
(m)
(r)
zn
zn
zn
Δn = |Pn(u) − Pn(r) |

(4.27d)

Pn(m) = R(m) ∙ Pn(u) + t(m)
Pn(r)

=R

(r)

∙
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Pn(u)

(u)

(m)

+t
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(4.27g)
(4.27h)

(r)

where O(cr) is the centre of the rotation; Pn , Pn and Pn are the three
vertex points of the unit, the misaligned and the realigned triangles, respectively; [R(m) , t(m) ] is the given misalignment transformation; [R(r) , t(r) ] is the
realignment transformation obtained as a result of alignment of the misaligned
(u)
(r)
set; Δn is the distance between the Pn and Pn vertex points; and Acc is the
alignment accuracy parameter.
Table 4.3 demonstrates the relation of the alignment accuracy parameters
calculated for the alignment transformation that was obtained from the alignment of the same misaligned surface using the surface-based and the standard
ICP algorithms. The accuracy of the presented surface-based algorithm is
almost hundred times greater than the accuracy of the standard ICP algorithm for this particular experiment. Besides having greater accuracy, the
surface-based alignment also requires a much smaller number of iterations for
convergence. Figure 4.16 shows the variation of the alignment accuracy versus the iteration number. In both algorithms, the alignment accuracy does
not improve after the transformation weight becomes negligible, even if the
alignment loop is continued.

4.4.4

Transformation weight

The comparison of the presented surface-based and the standard ICP alignment algorithms shows that they exhibit completely different behaviours
during the alignment. In the both alignment algorithms, the convergence
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Figure 4.16: Change of the alignment accuracy between iterations in
surface-based (a) and standard ICP (b) algorithms

Figure 4.17: Behaviour of the transformation weight in surface-based (a)
and standard ICP (b) alignment algorithms. The surface-based alignment
algorithm requires almost the half of the number of iterations required for
the standard ICP algorithm

is detected by weighting the alignment transformation for each iteration.
Figure 4.17 shows the variation of the transformation weight versus the iteration number. The number of iterations required for the alignment using
the standard ICP is 65, which is about two times greater than the iterations
number required for the alignment via the surface-based algorithm. The peak
of the transformation weight at the 32nd iteration of the surface-based alignment algorithm shows that the convergence is found immediately after good
correspondence has been formed. Therefore, the alignment with the surfacebased algorithm is faster compared to the standard ICP, which oscillates near
the final alignment before converging.

4.4.5

Computational cost

The surface-based alignment algorithm requires less storage and computational
power than the standard ICP algorithm. Because of the homogenous representation, the scanned surface can be presented with less number of patches’
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Surface-based
algorithm
33

Standard ICP
algorithm
65

3179 ∙ O(log4244)

10577 ∙ O(log18242)

Cost of data association formation

= 11532
33 ∙ 3179 ∙ O(log4244)

= 45069
65 ∙ 10577 ∙ O(log18242)

Cost comparison

= 380556
CICP /7.7

= 2929485
CICP

Number of iterations required for
convergence
Cost of nearestneighbour search

Table 4.4: Computational cost of surface-based and standard ICP alignment algorithms

centre-points than the number of points that are acquired for the same surface from the 3D laser scanner. The density of the homogenously represented
surface is controlled via the circular patch’s radius. The radius of the patch
is specified taking into account the scanning conditions and the detail of the
constructed map. As a result of the homogenisation, the surfaces are represented approximately via the third of the number of points, bringing an
overall reduction of the data to be processed. The number of points describing the association between the sets is also reduced because of the mutual
nearest-neighbour search, which brings a reduction of the quaternion matrix
size. Although the homogenization reduces the amount of processed data, the
main accelerating factor of the surface-based alignment algorithm is the new
method of association formation. Because of the surface-based association, the
surface alignment is realized with fewer iterations.
Table 4.4 shows information about the overall computational costs of the
algorithms. The surface-based algorithm requires nearly eight times less computations than the standard ICP algorithm.

4.5

Summary

This chapter describes the existing alignment algorithms and presents a new
algorithm for surface-based alignment. In the presented algorithm, the alignment is realized by iteratively minimizing the distance between the aligning
surface and its overlap on the reference surface, and the association between
the homogenously represented aligning and reference surfaces is described via
the set of mutual nearest-neighbour centre-points from the overlap area.
The comparison of the experimental results obtained from the alignment
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of the same set of surfaces with the presented surface-based algorithm and the
standard ICP algorithm shows that the presented algorithm is almost hundred
times more accurate and eight times more efficient than the standard ICP
algorithm.

Chapter 5
Surface Unification
Data correspondence is one of the key components of the mapping algorithm.
In surface-based mapping, correspondence is the problem of finding the surfaces in different observations that correspond to the same scanned objects
surface. The determination of same scanned surface representations can be
carried out via the evaluation of the degree of correspondence between surfaces.
In the map, the number of same-surface representations increases after
processing each observation of the same surface. Multiple representations of
the same surface affect the surface correspondence in the map by increasing the
weight of the duplicated sections of the surfaces in the surface correspondence
presentation.
In this thesis, the problem of multiple representations is solved by unifying
the surfaces representing the same scanned surface. Finding the surfaces that
belong to the same scanned surface is complex, as surfaces may have relative
shifts and can be partially represented in consecutive observations.
This chapter concerns to the problem of determination of representations
of the same scanned surface in the map and the methods of their unification.
This chapter is organized as follows:
Section 5.1 presents a method for evaluating the degree of correspondence
between two surfaces and the criteria which the surfaces must satisfy in
order to be unified. This section also presents the method of unification
of two surfaces.
Section 5.2 presents an algorithm for surface unification in the large-scale
surface-based map. This section presents the method of reduction of the
computational cost of the surface unification algorithm by using submaps
of the surface-based map.
Section 5.3 summaries the surface unification algorithm for surface-based
maps.
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Figure 5.1: Scanned surface of the building has separate representations
in observations acquired from different viewpoints because of the tree that
blocks the view

5.1

Unification of Two Surfaces

Two surfaces registered in the same coordinate system can be unified if they
are located very close and have significant common area. Thus, correlation of
the surfaces can be described and evaluated based on the overlap and distance
of surfaces. In this thesis, the degree of correspondence is used to describe the
correlation of two surfaces.
In the surface unification algorithm, degree of the correspondence of surfaces is evaluated for finding surfaces belonging to the same object. To ensure
the correct unification of surfaces, their degree of correspondence must satisfy
the unification criteria. The unification criteria limits degree of correspondence
of surfaces so that only the surfaces belonging to the same scanned surface are
unified. In the process of unification the surface that has highest degree of
correspondence completes the missing sections of the surface, relative to which
the correspondence is determined. The common area of the unified surface can
also be updated if the evaluated surface has more accurate data.
To simplify the notation in the algorithms the surface for which the unification algorithm is processed is called the DataSurf ace (DSr) and the surface
relative to which the unification of the DataSurf ace is processed is called the
M odelSurf ace (M Sr).

5.1.1

Determination of the degree of correspondence

The determination of the degree of correspondence between surfaces acquired
during vehicle movement is complicated because of partial and not identical representations in the consecutive observations. In the example shown
in Figure 5.1, a single object (the building) has a separate representation in
the observation, because the other object (the tree) in the scene is partially
blocking the view.
Although the scanned surfaces may be partially represented in the different observations, they usually have significant common areas. Based on the
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common area of the surfaces, the degree of correspondence between surfaces
is evaluated. As the surfaces belonging to the same scanned surface may also
have misalignment in the map, the degree of correspondence must represent
not only the size of the common area but also the gap between surfaces.
The degree of correspondence of the DataSurf ace relative to the
M odelSurf ace is determined based on:
1. Overlap area size: The size of the overlap area of the DataSurf ace
on the M odelSurf ace;
2. Overlap area percentage: The percentage of the overlap area of the
DataSurf ace in its area;
3. Distance: The distance between the DataSurf ace and its overlap on
the M odelSurf ace.
From the degree of correspondence follows that the identity level of the
DataSurf ace relative to its reference M odelSurf ace is as high as the overlap
area percentage is big and the distance is small.
The degree of correspondence of two surfaces is determined based on the
overlap area; therefore, the degree of correspondence of surfaces is not commutative.
Determination of the overlap area size
In the observation formation stage of the surface-based map, the surfaces of
the objects are representation via set of homogenously distributed circular
patches. The homogenous representation of the surfaces generally simplifies
the overlap area determination, but it still remains a difficult problem because
of the orientation differences of the circular patches belonging to the same
surface.
In this thesis, the problem of overlap area determination is solved by representing the circular patches via their centre-points and the surfaces via set
of homogenously distributed centre-points. Thus, the approximate area of the
surface will be equal to the product of the patch’s area and the number of
centre-points on the surface.
Based on the new representation of surfaces via centre-points, the overlap
area of the surface on its reference is determined using the mutual nearestneighbour search algorithm. Therefore, the approximate overlap area will be
equal to the product of the patch’s area and the number of centre-points in
the overlap area.
The overlap area of the DataSurf ace on the reference M odelSurf ace is
the area in which the centre-points of the M odelSurf ace have their mutual
(point-to-point) nearest-neighbour centre-points for the DataSurf ace.
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Figure 5.2: Determination of overlap area of the DataSurf ace onto the
M odelSurf ace using the mutual nearest-neighbour search method

Figure 5.2 shows the overlap area (red) of the triangulated DataSurf ace
(blue) onto the triangulated M odelSurf ace (green) where the surfaces are
represented via the sets of patch centre-points and the overlap area (red) is
determined using the mutual nearest-neighbour search algorithm.
The determination of the overlap area of the DataSurf ace (DSr) onto the
M odelSurf ace (M Sr) has the following formulation:
(D)

DSr = {CPd }, d = 1...N (D)

(5.1a)

M Sr = {CPm(M ) }, m = 1...N (M )

(5.1b)

DSr(M (D)) = {CPo(D) }, o = 1...O (M (D))

(5.1c)

M Sr

(M (D))

=

{CPo(M ) },

o = 1...O

(M (D))

(5.1d)

A(D) = A(p) ∙ N (D)

(5.1e)

A(p) = π ∙ (l(p) )2

(5.1g)

A(M (D)) = O(M (D)) ∙ A(p)
O(M (D)) ≤ N (D) , O(M (D)) ≤ N (M )

(5.1f)
(5.1h)

where DSr and M Sr are the Data and the M odel surfaces, respectively, represented via the set of centre-points; CP (D) and CP (M ) are the centre-points
on the Data and the M odel surfaces, respectively; N (D) and N (M ) are the
number of circular patches on the Data and the M odel surfaces, respectively;
DSr(M (D)) and M Sr(M (D)) are the sections in the Data and the M odel sur(D)
faces that have mutual nearest-neighbour centre-points, respectively; CPo
(M )
and CPo are the mutual nearest-neighbour pair centre-points from the Data
and the M odel surfaces, respectively; O(M (D)) is the number of mutual centrepoint pairs when the DataSurf ace overlaps onto the M odelSurf ace; A(D) is
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the approximate area of the DataSurf ace; A(M (D)) is the approximate area of
the overlap. A(p) is the area of the circular patch; and l(p) is the radius of the
circular patch.
Determination of the overlap area percentage
To determine the overlap area percentage of the DataSurf ace, the ratio of
DataSurf ace area A(D) and its overlap area A(M (D)) is calculated:
A(D) = A(p) ∙ N (D)

A(M (D)) = O(M (D)) ∙ A(p)
(M (D))

PD

=

A(M (D))
O(M (D))
∙
100%
=
∙ 100%
A(D)
N (D)

(5.2a)
(5.2b)
(5.2c)

where A(D) is the approximate area of the DataSurf ace; A(M (D)) is the approximate area of the overlap; A(p) is the area of the circular patch; N (D) is
the number of circular patch centre-points on the DataSurf ace; O(M (D)) is the
(M (D))
number of centre-point pairs in the overlap area; and PD
is the overlap
area percentage of the DataSurf ace relative to the reference M odelSurf ace.
From the definition it follows that the determination of the overlap area
(M (D))
in the DataSurf ace is independent of the circular patch’s
percentage PD
(D
in the DataSurf ace
size, as only the ratio of the
 centre-points number N
(M (D))
of mutual centre-point pairs is used. Although the
and the number O
area of the patch isn’t used during the overlap area percentage determination,
the size of the patch has direct influence on the accuracy of the determined
percentage. The smaller the patch the higher the accuracy but the costlier the
calculation becomes. In applications where the percentage of the overlap or
the comparison of the areas is required, the determination of the area can be
skipped.
Calculation of the distance between surfaces
The gap between the slightly misaligned surfaces is evaluated via the distance
between the common sections of the surfaces. In this thesis, the commonsections distance is introduced via the distance between the surface and its
overlap on the reference surface. Thus, the distance between the sections of
the overlap area on the M odelSurf ace and the sections on the DataSurf ace
that is common with its overlap is presented via distances between mutual
nearest-neighbour centre-points.
Figure 5.3 shows centre-points of the DataSurf ace and their distances
from neighbouring centre-points of the overlap area on the M odelSurf ace. In
Figure 5.3 (a) the horizontal coordinate is the centre-point’s ID number in the
overlap area and the vertical coordinate is the distance from its neighbouring
centre-point. To make it easier to see how the points’ distances are distributed
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Figure 5.3: Distances between the DataSurf ace centre-points and their
mutual-neighbouring centre-points from the M odelSurf ace. Presented versus the centre-points ID number in the Data (a) and versus the number of
centre-points under a distance (b)

in the overlap area, the point pair distances have been sorted in ascending
order, as shown in Figure 5.3 (b). In the presented example, the number of
centre-points that have distances less than 20 cm is 450, as shown in Figure 5.3
(b). From the graph, it can be seen that the degree of correspondence of the
DataSurf ace relative to the M odelSurf ace is as high as the distance value is
smaller and the number of centre-points under that distance is bigger.
To represent the distance between the DataSurf ace and its reference
M odelSurf ace, the mean value of the mutual nearest-neighbour centre-point
pairs’ distances is taken:
ˉ (M (D))

D

=

1
O(M (D))

(D))
O(M
X

go

(5.3)

o(D) =1

ˉ (M (D)) is the mean value of the mutual nearest-neighbour centre-points’
where D
distances from the overlap area of the DataSurf ace on the M odelSurf ace;
O(M (D)) is the number of centre-point pairs in the overlap area; o(D) is the
centre-point’s sequence ID number in the DataSurf ace; and go is the distance
between the centre-point o and its mutual nearest-neighbour centre-point.

5.1.2

Unification criteria

In the surface unification algorithm the DataSurf ace can be unified with the
M odelSurf ace if its degree of correspondence satisfies the unification criteria.
Unification criteria is used to limit the allowed degree of correspondence between the unified surfaces in order to insure the correctness of determination
of the surfaces that belong to same object. The unification criteria is formed
based on the following information from the degree of correspondence: the
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overlap area size, the overlap area percentage and the distance between the
surface and its overlap area.
As the surfaces are represented via a set of centre-points, the surface correspondence information is also presented via the number of centre-points. Thus,
the limiting thresholds of the unification criteria is formulated as follows:
1. The overlap area size:
O(M (D)) ≥ Ô
2. The overlap area percentage in the DataSurf ace:
(M (D))
PD
≥ P̂
3. The distance between the DataSurf ace and its overlap:
ˉ (M (D)) ≤ D̂
D
D
Where Ô, P̂ and D̂ are the thresholds for the overlap area size, the overlap
area percentage and the distance between the surfaces, respectively; O(M (D))
(M (D))
is the number of centre-points in the overlap area; PD
is the percentage of
(M
(D))
ˉ
is the mean distance
the overlap area in the DataSurf ace area; and D
D
between the DataSurf ace and its overlap onto the M odelSurf ace.
The flowchart of the unification criteria check algorithm is shown in
Figure 5.4. The algorithm has the following steps:
a) The input to the algorithm is the correspondence degree information of the
DataSurf ace relative to the M odelSurf ace.
b) In the first step, the algorithm checks if the surfaces are
 located closer to
(M
(D))
ˉ
each other than the required distance D
≤ D̂ .
D

c, d) In the second step it checks if the overlap
area percentage
is greater than


(M (D))
the required percentage threshold PD
≥ P̂
or if the number of the centre-points in the overlap
 area is greater than
(M (D))
≥ Ô .
the required overlap area threshold O

e, f ) The DataSurf ace is unified with the M odelSurf ace if the above-listed
criteria are satisfied, otherwise the surfaces are left unchanged.
The check of the overlap area size after the overlap percentage check is
required for cases where the DataSurf ace is very large and therefore the
overlap area percentage can be unsatisfied even if the overlap area is significant.
The required overlap area threshold is used for unifying big surfaces which have
the required overlap but their overlap percentage is small.
In the unification criteria check it is safe to specify the overlap percentage
threshold equal to or greater than 50%, in order to insure that the surfaces
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represent a large portion of the same scanned surface. The accuracy of the
registration of surfaces in the map must be considered when specifying the
mean distance threshold, as a big threshold can lead to wrongful unification
of surfaces representing different objects in a scene.

5.1.3

Initial unification criteria

In order to unify surfaces, their degree of correspondence must satisfy the unification criteria. This means that the unification algorithm can be accelerated
by skipping the determination of the degrees of correspondence for the surfaces
that are located very far from each other or have very small common area.
The initial unification criteria check is performed by:
• Initial evaluation of the distance between the surfaces.
• Initial check of the common area of the M odelSurf ace with
DataSurf ace.
Initial evaluation of the distance between surfaces
The initial distance evaluation is realized by checking if the cuboid of the
M odelSurf ace has intersection with the extended cuboid of the DataSurf ace.
The DataSurf ace’s cuboid is extended in order to compensate the gap between the surfaces acquired because of the registration error. The cuboid of
the surface is described via two vertex points of the surface centre-point cloud.
Initial check of the common area
In order to unify the DataSurf ace with the M odelSurf ace the two surfaces
must have a common area of the required size. The minimum required size of
the overlap area is determined by calculating the required overlap percentage
from the DataSurf ace area. The minimum percentage area presented via the
centre-points is determined using following equation:
(M (D))

A(D) ∙ P̂D
100%
(pr)
A
= (p)
A

A(pr) =

(5.4a)

O(pr)

(5.4b)

where A(D) is the approximate area of the DataSurf ace; A(pr) is the minimum
percentage area of the DataSurf ace; O(pr) is the number of the centre-point
pairs in the minimum percentage area; and P̂ is the required overlap area
percentage threshold.
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The common area of the M odelSurf ace with the DataSurf ace is determined via the size of section of the M odelSurf ace that intersects with the
extended cuboid of the DataSurf ace.
Thus, the M odelSurf ace will satisfy the initial unification criteria if its
intersection section is larger than the required overlap area or the calculated
minimum percentage area.

5.1.4

Unification of surfaces

In the process of integration of the surfaces, the direct merge of the surface will
increase the amount of the duplicate sections of the surfaces. This will result
in non-homogeneity of the surface representation and information redundancy
in the map. The information redundancy will also increase the ungrounded
computational and storage requirements of the map.
In this thesis, the problem of the section duplication is solved by adding
only the sections from the DataSurf ace to its reference M odelSurf ace, that
the M odelSurf ace is missing. At the centre-points level, the addition of the
DataSurf ace centre-points to the set of the M odelSurf ace centre-points is
done only after checking the existence of centre-points in the M odelSurf ace
set located closer than the circular patch diameter to the DataSurf ace centrepoint that is being added. If the M odelSurf ace already has such a close
located centre-point, the addition of the DataSurf ace centre-point is skipped.
The centre-point existence check in the M odelSurf ace set is implemented by
using kD-tree with a fixed radius search.

5.1.5

Algorithm for unification of two surface

In order to unify the surfaces, one of the surfaces must satisfy the unification
criteria relative to the other surface. If the unification criteria are satisfied by
both surfaces, the surface with higher degree of correspondence is unified with
the other surface by completing it with the missing sections. Surface unification
is a process where two surfaces having a very high degree of correspondence, are
integrated into one without making duplicated representations of the common
sections. In the process of unification the overlap area of the unified surface
can also be updated by using information from both surfaces.
The flowchart of the surface unification algorithm evaluated for the
DataSurf ace is shown in Figure 5.5.
The unification of the DataSurf ace relative to the M odelSurf ace has the
following steps:
a) The inputs to the algorithm are the DataSurf ace and the M odelSurf ace.
b) The determination of the correspondence degree is skipped if the
M odelSurf ace doesn’t satisfy the initial unification criteria, i.e., is lo-
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Figure 5.5: Unification of the DataSurf ace with M odelSurf ace

cated too far from the DataSurf ace or doesn’t have enough common
area with it.
c) Degree of correspondence of
M odelSurf ace is determined.

the

DataSurf ace

relative

to

the

d) A check is made to see if the correspondence degree of the DataSurf ace
satisfies the unification criteria.
e) The DataSurf ace is unified with the M odelSurf ace if the unification criteria are satisfied and the DataSurf ace has higher degree of correspondence than M odelSurf ace has.
f ) The DataSurf ace cannot be unified with the M odelSurf ace. The unification of the surfaces can be done only if the M odelSurf ace satisfies the
unification criteria.

5.2

Unification of a Surface-based Map

Mapping of a large-scale environment requires the integration of numerous
observations. The observation-surfaces registered in the map using the deadreckoning information may have misalignment relative to each other. The
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Figure 5.6: Unification of the surfaces of the building. Because of the tree,
the building is represented via two separate surfaces in each observation
(a); after unification of surfaces, the full representation of the building is
recovered (b)

correction of the registration error in the map is carried out by aligning the
newly acquired surfaces relative to the map. To perform an accurate alignment
of surfaces, the alignment algorithm requires a large area of overlap between
the surfaces. The overlap area of surfaces becomes duplicated after each new
observation-surface is added to the map. The redundancy of the same scanned
surface representation increased with each observation of the same scene.
In this thesis, the solution to fast growing redundancy problem is found
by unifying the same object representing surfaces after each map update. The
incremental unification of the surface-based map has the following formulation:
M apf = U nif y(M apf −1 , U Srf ); where M ap1 = U Sr1

(5.5)

where M apf is the map which is created as a result of the unification of f
consecutive map-updates; U Srf is the set of the map-update surfaces that are
formed from observation-surfaces, which are extracted from the f th 3D frame
and accurately registered in the map coordinate system; and U S1 is the first
observation of the map.
The surface unification example shown in Figure 5.6 describes the unification of the same-object surfaces in the map. In this example, the map is
built from a number of map-updates acquired from different viewpoints. In
the map, the building is represented via two surfaces in each map-update, because the tree is partially blocking the view. Figure 5.6 (b) shows the overlap
areas of the building representation surfaces. Because of the unification of the
surfaces, the full representation of the building is recovered and the building
is represented via a single individual surface (red) on the map.

5.2.1

Unification of surfaces in the map

In order to unify surfaces in the map the evaluation of the degree of correspondence for each surface relative to all other surfaces in the map is required.

5.2 Unification of a Surface-based Map

140

Figure 5.7: Surface unification algorithm with the use of unificationsubmap

In the unification process, the unified surface is complemented with new sections. Therefore, redetermination of the degree of correspondence is requires
after each surface unification. Redetermination is required, because after size
increase more surfaces may have the required degree of correspondence with
unified surface, which they didn’t have before.
The cost of the unification algorithm increases significantly with the increase of the number of surfaces in the map. In order to reduce the number
of surfaces that are evaluated in the unification algorithm, the map-surfaces
that have correspondence with the current set of the map-update surfaces
are collected in submap that is called unification-submap (USMap). As the
surfaces included in the USMap are changed during the unification, the set
of the USMap surfaces is separated from the map before processing and reunited with the remaining map-surfaces after the unification. In the process of
USMap unification the surfaces of the USMap change their sizes which results
in the change of the degrees of correspondence between unified surfaces of the
USMap and the surfaces that remained in the map. To evaluate all surfaces
in the map the surface unification is repeated for the surfaces that are unified
in the USMap until no surface is unified in the USMap.
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The flowchart of the unification of surfaces in the surface-based map with
the use of the unification-submap is shown in Figure 5.7. The substages of the
surface unification algorithm are:
a) As an input to the algorithm the sets of map and update surfaces are given.
b) From the update-surface the list of evaluated surfaces is formed.
c) The surfaces from map-update are joined with the map.
d) To reduce the number of surfaces needing to be processed, the unificationsubmap is formed from the surfaces in the map that have correspondence
with evaluated surfaces.
e) The surfaces of the unification-submap are separated from the map.
f ) The unification-submap is processed with surface unification algorithm and
the list of unified surfaces is formed.
g) All surfaces of the processed unification-submap are added back to the
map.
h) To evaluate the unification of the unified surfaces of the unification-submap
relative to the map, the list of the unified surfaces is checked.
i) If the unified surface list is not empty, the evaluation surface list is formed
from the unified surfaces list and the algorithm continues from the step
d).
j) If no surface is unified in the unification-submap the algorithm ends and
in the resulting map all the individual surfaces are represented without
duplications.

5.2.2

Formation of the unification-submap (USMap)

Based on the fact that the objects in the environment have different placements, it is possible to define the set of surfaces in the map that are located
close to the set of surfaces relative to which the unification performed. The set
of surfaces for which the surface unification is evaluated forms the unificationsubmap (USMap).
The distance check between evaluated surfaces and the surfaces from map
is realized by checking if cuboids of the map-surfaces are intersects with the
extended cuboids of the evaluated surfaces. The extension of the evaluated
surface cuboids is done in order to include also the map-surfaces that have
small misalignment with the evaluated surfaces.
The USMap formation algorithm consists of following steps:
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a) The cuboid for each evaluated and map surface is defined by finding the
minimum and the maximum vertex points of the surface representation
centre-point cloud.
b) The sizes of the evaluated-surface cuboids are extended with a given magnitude.
c) The intersection between the extended evaluated-surface cuboids and the
map-surface cuboids is checked.
d) From the list of intersecting map-surfaces the USMap is formed.
Although the USMap contains fewer surfaces than the map, the computational cost of the determination of the degree of correspondence for the single
evaluated surface remains high, if the USMap includes large surfaces. Therefore, the next optimization of the algorithm is done by defining the part of the
USMap that has required minimal correspondence with the evaluated surface,
for which the degree of correspondence is to be determined.

5.2.3

Formation of the partial-submap (PSMap)

The number of surfaces and the amount of data that must be processed in order
to find the surface from the unification-submap that belongs to the same object
as the evaluated surface is reduced significantly by using only the sections of
the closely located surfaces for determination of the degrees of correspondence.
As the map-surface with the highest degree of correspondence is required for
unification, the set of those sections of the surfaces from the USMap that satisfy
the initial unification criteria for the evaluated surface forms the submap that is
called partial-submap (PSMap). Since the PSMap contains only sections of the
surfaces that are necessary for determination of the degree of correspondence,
the PSMap is used only for determining the ID of the surface with which the
evaluated surface will be unified. The unification of the evaluated surface is
performed with a surface from the USMap that has the determined surface ID.
According to initial unification criteria, the surface with which the evaluated surface can be unified must have the required common area with it at
the required distance. The distance check is realized by checking if the cuboid
of the map-surface has intersection with the extended cuboid of the evaluated
surface. The common area check is realized by checking if the intersecting
section of the map-surface has the required area, i.e., the required number of
centre-points. In this case, too, the cuboid is extended in order to include
the section of the map-surfaces that have small misalignments relative to the
evaluated surface.
The flowchart of the partial-submap (PSMap) formation is shown in
Figure 5.8. The presented algorithm consists of the following steps:
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a) As an input to the algorithm the unification-submap and the evaluated
surface are given.
b) The minimum required area threshold is calculated using the required minimum overlap area percentage from the unification criteria.
c) The cuboid of the evaluated surface is determined from two vertex points
of its patches’ centre-points cloud.
d) The evaluated surface cuboid is extended with a range equal to the threshold of the nearest-neighbour search. The nearest-neighbour search is
used in the degree of correspondence determination stage.
e) The list of the unification-submap surfaces is created using the surface ID.
f ) The first surface is selected from the unification-submap list.
g) The cuboid of the selected unification-submap surface is determined from
two vertex points of its centre-points cloud.
h) The algorithm checks if the cuboids of the evaluated and selected surfaces
have intersection.
i) If cuboids of surfaces have intersection, then the set of the selected
unification-submap surface centre-points that are located in the area of
the extended cuboid of the evaluated surface is defined.
j) The algorithm checks if section of the selected unification-submap surface
defined in step i) has the required number of points from the unification
criteria.
k) If the condition in step j) is not satisfied, the intersected section size of
the selected surface is checked to see if it is greater than the calculated
percentage area of the evaluated surface.
l) If one of the conditions in steps j-k) is satisfied the section of the selected
unification-submap surface is added to the partial-submap.
m) The algorithm checks whether the selected surface is the last surface in
the unification-submap list.
n) The next surface in the unification-submap list is processed if the current
selected surface is not the last in the list.
o) The partial-submap formation ends when all the surfaces from the
unification-submap are checked relative to the evaluate surface.
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Unification of surfaces in the unification-submap

In the process of the unification of surfaces in the map, the unification-submap
is defined for the set of surfaces for which the unification is evaluated. The
unification-submap is processed with surface unification algorithm and rejoined
with the remaining map.
The flowchart of the unification of surfaces in the unification-submap is
shown in Figure 5.9. The presented algorithm consists of the following steps:
a) As an input to the algorithm the unification-submap is given.
b) The list of the unification-submap surfaces is created using surface IDs.
c) The unification-submap surface list is sorted in ascending order according
to the number of centre-points in the surface.
d) The first, i.e., the smallest, surface is evaluated from the list.
e) The partial-submap is formed from the USMap surfaces that satisfy the
initial unification criteria for the evaluated surface.
f ) The degree of correspondence between the evaluated and the partialsubmap surfaces is determined.
g) The ID of the surface having the highest degree of correspondence is selected from the partial-submap.
h) To find out if the evaluated surface can be unified with the surface that
has the selected surface ID, the unification criteria of the selected surface
are checked.
i) During the unification process the evaluated surface is removed from the
list and from the unification-submap.
j) In the process of unification the evaluated surface updates the selected
surface from the unification-submap by adding the missing sections.
k) After the unification the unified selected surface moves forward in the list
finding its position according to its new size.
l) To determine how the unification-submap has changed in the unification
process the maximum size change of all unified surfaces is calculated.
m) After the unification of the current evaluated and selected surfaces the next
surface in the list is chosen for evaluation and the algorithm continues
from step e).
n) If the evaluated surface cannot be unified and is not the last surface in the
list, the next surface from the list is evaluated from step m).
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Figure 5.10: A unification-submap before (a) and after (b) unification

o) The unification process starts from the step d) if the current evaluated
surface is the last surface in the list and if the maximum size change
of all the unified surfaces in the current pass is greater than the given
threshold.
p) If the unification-submap of the surface hasn’t been modified during the
unification the algorithm ends and the results of processing the surfaces
in the unification-submap become unified.
During the unification, the evaluated surface becomes part of the selected
surface, therefore the number of surfaces in the unification-submap and list
becomes less by one after each unification. If during the unification the surfaces
in the unification-submap change significantly the unification process must
start from the beginning of the list. The repetition of unification processing
with the processed unification-submap is necessary because after unification
the size of the unified surface increases and due to that new surfaces can now
be unified with it. Starting from the second pass the degree of correspondence
between the surfaces is determined again only if one of the surfaces has been
unified during the previous pass.
Figure 5.10 shows that a large number of surfaces are unified generating
a small group of bigger surfaces. Figure 5.10 (a) shows the set of surfaces
that is formed from 1382 surfaces acquired from seven map-updates. After the
unification the number of surfaces in the set has reduced to 196, as shown in
Figure 5.10 (b). Due to surface unification the number of centre-points has
also reduced by factor of six, from 46633 to 8128, practically without any loss
of information about the scene.

5.3

Summary

This chapter presents a new method for determination of degree of correspondence between two free-form surfaces, based on the overlap area and the
distance between surfaces. The presented correspondence evaluation method
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is used for determination of the surfaces in the map that belong to the same
scanned object. The surfaces belonging to the same object are unified.
The optimised algorithm for unification of the surfaces in the large-scale
map is also presented. The computational cost of the unification algorithm
remains low because of the submaps that are defined for each surface set and
evaluated surface.

Chapter 6
Experimental Results
This chapter presents an experiment of surface-based mapping in an outdoor
environment. The experiments are carried out with a utility vehicle equipped
with a custom-built 3D laser scanner, wheel encoder and inertia navigation
system. In this experiment, no absolute position information such as GPS is
used. This is done in order to make the system capable of working in isolated
environments such as mines, underwater, or other areas where GPS is not
always available.
During the experiments the vehicle continuously moves by dynamically
changing its speed and orientation relative to the environment objects. Although the movement of the vehicle complicates the 3D point registration
process, the undistorted 3D range image of the scene is acquired using the
correct synchronization of sensors’ measurements.
In order to get individual representations of the scene objects the acquired
3D range date is processed with the surface extraction algorithm. To homogenously represent the extracted non-homogenous surfaces, the extracted
surfaces are presented via a set of homogenously distributed circular patches.
The set of homogenously represented surfaces extracted from the same 3D
frame forms the scene observation.
As for registration of the 3D points in the map coordinate system the deadreckoning information is used, the misalignment between the last and the first
observations is growing with the time. In order to minimize the registration
error of the newly registered observation relative to the previous observations,
the observation alignment method is used. The registration error correction is
realized by aligning the newly obtained set of observation-surfaces relative to
the map. The set of observation-surfaces that are correctly registered in the
map coordinate system forms the map-update.
After each new observation is registered in the map, the number of the
same-object representing surfaces increases. The problem of growing redundancy of the map is solved by unifying the same-object representing surfaces
with each other after every map update.
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This chapter is organized as follows:
Section 6.1 presents results of the surface extraction and homogenization in
the observation formation stage.
Section 6.2 presents results of the registration error correction of the
observation-surfaces relative to the map in the map-update formation
stage.
Section 6.3 presents results of the surface unification on the map.
Section 6.4 presents the surface-based map of the environment built by using
the developed algorithms.

6.1

Observation

To obtain the observation of the scene the 3D range data is acquired and
processed with surface extraction and surface representation homogenization
stages. Each observation is a set of individual surfaces which represent scanned
surfaces of different objects from the same scene. Each individual surface represents a continuous piece of the actual scanned surface without any modelling.

6.1.1

3D data acquisition

In this thesis the sensors’ control and the measurements’ acquisition is carried
out via a dedicated mobile computer running the QNX real-time operating
system. In order to control sensors using their generic interfaces and to avoid
using additional hardware interface converters, which would lead to delays in
registration of the measurements’ time stamps, the sensors’ drivers are developed for the QNX real-time operating system. The control of the system is
realized via a specially developed program for the MS Windows XP operating
system running on the laptop computer. The laptop computer is connected
to the mobile computer via a local area network. The laptop computer is also
used for storing and processing the sensors’ measurements received from the
mobile computer. For visualization of the acquired 3D data, a special program
has been developed based on the OpenGl graphics library.
The 3D range data acquisition is realized by using a custom-built 3D laser
scanner (see Section 3.2). The registration of the scanned points in the map
coordinate system during vehicle movement is archived by fusing each 3D
laser measurement with its relative measurements from the inertia navigation
system and wheel encoder. The operational characteristics of the 3D scanner
system and utility vehicle are listed in Table 3.1.
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Figure 6.1: Three consecutive 3D frames acquired during vehicle movement

6.1.2

Surface Extraction

To process the 3D data generated from the fusion of the uninterrupted measurements, the subset of 3D points is defined. Each 3D points subset is processed with the surface extraction algorithm in order to form the set of surfaces
representing each scanned surface of individual objects (see Section 3.3).
3D frame
The subset of the 3D points is defined so that each subset represents a single
whole image of the scene. The subset of the 3D points acquired between
the servomotor rotational direction changes is called a 3D frame. Figure 6.1
shows the division of the continuous 3D range data into three 3D frames. In
the example, as the vehicle continuously turns during the scan the 3D frames
marked with a and b cover more than 180◦ in a horizontal plane.
Each 3D frame is a sequence of the consecutive 2D laser frames’ 3D points.
In the 3D frame the set of points belonging to a single 2D frame is called a
2D laser frame, as shown in Figure 6.2. The set of points having the same
scanning angle in the consecutive 2D laser frames is called a 2D motor frame,
Figure 6.3.
Surface extraction from 3D frame
The extraction of the object’s scanned surfaces from the 3D frame is realized
by grouping 3D points belonging to the same continuous scanned surface into
individual clusters. The formation of group of points is carried out by checking
the scanned surface continuity between consecutive points in the laser and the
motor 2D frames.
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Figure 6.2: 2D laser frame formed from the set of scanned points belonging
to a single 2D laser frame

Figure 6.3: 2D motor frame formed from the set of scanned points that
have the same scanning angle in a number of consecutive 2D laser frames
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Figure 6.4: The order of the scanned point in a 3D frame is described via
its sequence number in the laser and motor 2D frames

The points’ scanning order in the 3D frames remains unchanged during the
mapping process. The surface extraction algorithm is significantly improved
by using the fixed order of points in the 3D frame. Each point in the 3D frame
is described by its sequence number in the 2D laser frame and the sequence
number of its 2D laser frame in the 3D frame or in the 2D motor frame.
Figure 6.4 shows the sequence number of the scanned point in the laser and
motor 2D frames.
Based on the points order in the 3D frame, the properties of the points,
such as order, surface continuity between consecutive points and the surfaces
regions are presented via 2D matrix structures.
The order matrix
The order matrix presents the order of points in the 3D frames and is used
for finding the consecutive neighbouring points for the given point. Figure 6.5
shows the order matrix of the 3D frame. In the figure, the point’s colour corresponds to the measured scan range of the point. In the figure the white-marked
cells correspond to the empty spaces in the scene. In the order matrix the row
(i) and column (j) number of the cell corresponds to its point’s sequence number in the laser and motor 2D frames.
The surface continuity matrix
To form the group of points for each individual scanned surface the region of
surfaces is defined by checking the continuity of the scanned surface between
points. The continuity matrix presents the scanned surface continuity information between the point and its consecutive neighbour points by row and
column for each point in the order matrix. Figure 6.6 shows the continuity
matrix where the points are marked with green and the surface continuity between consecutive points by row and column are marked with red and blue,
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Figure 6.5: The order matrix of the 3D frame. The point’s colour corresponds to the measured scan range of the point. Each cell’s row (i) and
column (j) number corresponds to cell’s point’s sequence number in the
laser and motor 2D frames

respectively.
The region matrix
The region for each continuous surface is formed by using the information from
the continuity matrix about the surface continuity between points. Figure 6.7
shows the region matrix where the regions are coloured corresponding to the
number of points in the region group.
The set of extracted surfaces
In the observation, each individual surface is represented via a set of 3D points
from its region group. Figure 6.8 shows the set of surfaces extracted from a
single 3D frame.

6.1.3

Homogenization of the surface representation

To make the representations of non-homogenously sampled extracted surfaces
homogenous, the surfaces are triangulated and the triangle surfaces are represented via a set of homogenously distributed circular patches. Figure 6.9 shows
the triangulated area of one of the extracted surfaces. The triangles formed
with the points belonging to the sections that are located close to the scanner
have significantly smaller sizes than triangles formed in sections far from the
scanner. Although all triangles belong to the same wall, the orientation of the
triangles have deviations relative to each other. The orientation differences
of the triangles are caused by the fact that the wall surface is not ideally flat
and that is why two neighbouring scanned points may have differences in their
measured ranges.
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Figure 6.6: A section of the continuity matrix of the 3D frame. The
scanned points are marked with green, the surface continuity between consecutive points by row and column are marked with red and blue, respectively

Figure 6.7: The region matrix of the 3D frame. The colour of the regions
corresponds to the number of scanned points in them

Figure 6.8: A set of surfaces extracted from a single 3D frame
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Figure 6.9: The triangulated surface of the non-homogenously sampled
surface. The lines connecting the vertexes from the same row and column
are marked with red and blue, respectively

Figure 6.10 shows the non-homogenously sampled surface and its representation via set of homogenously distributed circular patches’ centre-points.

6.2

Map-update

The accuracy of the map formed by the set of observation-surfaces is reduced
with time because of the growing dead-reckoning error. The registration error
of the observations and the vehicle pose information are corrected by aligning
the newly acquired observations relative to the map. The map-update, i.e.,
the set of update surfaces, is formed from the set of observation-surfaces that
are aligned using the alignment correction transformation.

6.2.1

Initial alignment of observation surfaces

The alignment of the observation-surfaces relative to the map-surfaces can require a huge number of iterations and can even fail if the misalignment of the
observation is significant. Figure 6.11 shows how significant the misalignment
becomes after five observations. In the figure, the areas where the misalignments are more visible are marked with ovals.
The misalignment between the observation (formed based on the deadreckoning information) and the map (built from the set of aligned observations) starts its growth from the second observation. The misalignment of
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Figure 6.10: Non-homogenously sampled surface (a) and its representation
via set of homogenously distributed circular patches’ centre-points (b)

Figure 6.11: After each five observations the misalignment becomes significant
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Figure 6.12: The map (green) and the observation (red) without initial
alignment; the alignment algorithm required 185 iterations

Figure 6.13: The map (green) and the observation (red) with initial alignment; the alignment algorithm required 24 iterations

each observation includes the accumulative misalignment of all previous observations. The alignment of the observation shown in Figure 6.12 required
185 iterations for final convergence. Figure 6.13 shows the same observation
with initial alignment, using the alignment results of its previous observation.
After the initial alignment, the surface-based alignment algorithm required
only 24 iterations for the final alignment.

6.2.2

Alignment-submap

To reduce the size of the map that is used as a reference for the observation
alignment, an alignment-submap is used. The alignment-submap is formed
from the sections of the map-surfaces that intersect with the extended cuboids
of the observation-surfaces. Figure 6.14 shows the set of observation-surfaces
(red) and map-surfaces (green) with their cuboids. Figure 6.15 shows the set
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Figure 6.14: Set of observation-surfaces (red) and map-surfaces (green)
with their cuboids

of observation-surfaces (red) and alignment-submap surfaces (blue) and their
cuboids. The alignment-submap includes only 27% of the map’s centre-points.
In this example, the observation-surface cuboid extension is specified 50 cm.

6.2.3

Observation alignment

The alignment transformation that moves the initially aligned observation
in order to match it with an alignment-submap is determined by summing the transformations that iteratively minimize the distance between the
observation-surfaces and their overlap on the alignment-submap surfaces.
Alignment of observation requires four stages:
a) A set of observation-surfaces is registered in the map coordinate system
using dead-reckoning information, Figure 6.16.
b) The observation set is initially aligned using the accumulative alignment
transformation of its previous observations, Figure 6.17.
c) The alignment-submap is defined from the initially aligned observation,
Figure 6.18.
d) The initially aligned observation is aligned relative to the alignmentsubmap using the surface-based alignment algorithm. The set of
observation-surfaces that are accurately registered in the map forms the
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Figure 6.15: Set of observation-surfaces (red) and its related alignmentsubmap surfaces (blue) with their cuboids

Figure 6.16: The map (green) and the set of observation-surfaces (red)
registered using dead-reckoning information
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Figure 6.17: The map (green) and the set of observation-surfaces (red)
after initial alignment

Figure 6.18: The set of initially aligned observation-surfaces (red) and its
alignment-submap (blue)
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Figure 6.19: The map-update (red), the misaligned observation-surfaces
(purple) and the map (green)

map-update. Figure 6.19 shows the map-update (red), set of misaligned
observation-surfaces (purple) and the map (green).

6.3

Surface Unification

Mapping of the environment requires integration of numerous map-updates.
After each map-update, the number of partial or full representation of the
same scanned surface increases in the map. The redundancy of the scanned
surface representation is removed by unifying the surfaces representing the
same scanned surface. To find out if the two surfaces belong to the same object
the degree of correspondence between surfaces is determined. The surfaces
are unified if they satisfy the unification criteria. During unification of two
surfaces, the surface having a higher degree of correspondence complements
the other surface by adding to it the sections that it is missing. As for surface
unification the degrees of correspondence for each surface relative to other
surfaces in the map are calculated, the computational cost becomes high for
large-scale maps. Therefore, the unification of the map is realized after each
map-update is formed. To reduce the number of surfaces that are processed by
the unification algorithm, a unification-submap is formed for each map-update.
To reduce the amount of the processed data a partial-submap is formed for
each surface that is evaluated for unification.

6.3.1

Unification-submap

During the unification of the update-surfaces with the map-surfaces, a
unification-submap is defined for map-update. A unification-submap includes
all surfaces from the map that are correlated with the set of update-surfaces.
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Figure 6.20: The set of map-update (red) and map (green) surfaces with
their cuboids

The correlation of the surfaces is evaluated by checking if the distance between the cuboids of the surfaces is less than the given threshold. The distance threshold is taken to be equal to the maximum distance threshold of the
nearest-neighbour search, which is used for correspondence degree determination.
Figure 6.20 shows the set of map-update surfaces (red) and map-surfaces
(green) with their cuboids.
In the map unification process, the unification-submap is separated from
the map and processed with the surface unification algorithm. After unification
the unification-submap rejoins the remaining-submap to form a unified map.
Figure 6.21 shows the set of map-update (red), unification-submap (blue) and
remaining-submap (green) surfaces with their cuboids.

6.3.2

Partial-submap

The map unification algorithm requires correspondence degree determination
for each surface relative to all other surfaces in the unification-submap. The
partial-submap is used to define the set of candidate surfaces relative to which
the degree of correspondence will be determined. Based on the initial unification criteria (i.e., without correspondence degree determination) the mapsurfaces of the unification-submap are filtered from the surfaces that cannot
satisfy the unification criteria because they are placed far from the evaluating
surface or don’t have the required common area with the evaluating surface.
The partial-submap includes the sections of the surfaces from the unification-
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Figure 6.21: The set of map-update (red), unification-submap (blue) and
remaining-submap (green) surfaces, and their cuboids

submap that satisfied the initial unification criteria. The partial-submap is
used only to determine the ID of the surface that can be unified with the evaluated surface, but the real unification is processed with the unification-submap
surface that has the determined ID. Figure 6.22 shows the evaluating surface
(red) and its partial-submap (blue) with their surface cuboids. The size of
the partial-submap is very small as it includes the section of the map-surface
that intersects with the extended cuboid of the evaluation surface. In this
example the partial-submap includes only 1.05% of the unification-submap
centre-points.

6.3.3

Determination of correspondence degree

Because of the partial-submap, the number of the map-surfaces and the amount
of the data that is processed for determining the degree of correspondence of
the evaluating surface relative to the other surfaces in the map is reduced
significantly. The surface ID relative to which the evaluating surface has the
highest degree of correspondence is determined by calculating the degree of
correspondence of the evaluating surface relative to surfaces from the partialsubmap. The degree of correspondence of the evaluating surface relative to
the partial-submap surface is presented via overlap area size, percentage of
overlap area and the mean distance between the evaluating surface and its
overlap onto the reference surface.
The overlap area of the evaluated surface onto the reference partial-submap
surface is determined by finding the mutual nearest-neighbour centre-point
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Figure 6.22: The partial-submap (blue) of the evaluating surface (red)
formed from the sections of the map-surface (green) that intersects with the
extended cuboid of the surface

from the reference surface centre-points cloud for each evaluated surface centrepoint. Figure 6.23 shows the evaluating surface (red) and its overlap area
(yellow) on the partial-submap surface (blue) formed by using the mutual
nearest-neighbour search algorithm.
The degree of correspondence of the evaluated surface relative to the surfaces from the unification-submap are listed in Table 6.1, the surfaces not listed
in the list have no degree of correspondence, i.e., evaluated surface doesnt have
overlap area on these surfaces. The first surface in the table is the surface that
was included in the partial-submap based on the initial unification criteria
without correspondence degree determination.

6.3.4

Unification criteria

The evaluated surface will be unified with the reference surface if its degree
of correspondence satisfies the unification criteria. Although, the reference
surface with which the evaluated surface can be unified can be determined
from the list of degrees of correspondences, the unification criteria is necessary
for preventing unreliable unifications. For example, an evaluating surface of a
wall can have a very large overlap area with a reference surface of a parallel wall,
but will not satisfy the unification criteria because of the large mean distance
between the evaluating surface and its overlap. The unification criteria will
be unsatisfied also if the overlap area percentage is smaller than the given
overlap area percentage threshold, which means that the evaluated surface
doesn’t have enough common area with the reference surface. Thus to satisfy
the unification criteria the degree of correspondence must have a smaller mean
distance than the distance threshold, a greater overlap percentage than the
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Figure 6.23: The overlap area (yellow) of the evaluated surface (red) onto
the reference surface (blue) formed with mutual nearest-neighbour centrepoint pairs (green)

Reference
surface ID

Overlap area
percentage in
the evaluated
surface area

Number
of
centre-points
in
overlap
area

9090
10213
13036
13954
15270
15306
17036
17050
17057
25573
25699
26273

51.5444
1.9305
1.3513
2.5096
0.3861
1.5444
0.3861
0.5791
0.9652
3.8610
1.5444
0.1930

267
10
7
13
2
8
2
3
5
20
8
1

Mean distance
between
evaluated
surface
and its overlap
on the reference
surface (cm)
10.8945
12.5440
10.2596
13.0057
46.7426
9.3964
73.0941
85.2530
83.2681
24.4535
25.4899
67.6959

Table 6.1: Correspondence degree of the evaluated surface relative to the surfaces
from the unification-submap
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Figure 6.24: During the unification the reference surface (blue) complemented with the sections (green) from the evaluated surface (red) that was
missing

percentage threshold or a greater overlap area than the minimal area threshold.
The minimal area threshold is used for the cases when the evaluated surface
area is too big and therefore the overlap area percentage will remain small
even if the evaluated surface has significant overlap with the reference surface.
For the example presented in Table 6.1, the evaluated surface will be unified
with the first surface in the list as it has more than 50% of overlap area in a
mean distance of 11 cm.

6.3.5

Unification of two surfaces

In the process of unification of the evaluated surface with the reference surface the reference surface is completed with sections from the evaluated surface
that are missing. At the centre-points level the unification is realized by adding
centre-points of the evaluated surface to the reference surface if the reference
surface doesn’t have a centre-point’s sphere that can intersect with the evaluated surface’s centre-point’s sphere. The existence check of the intersecting
centre-point in the reference surface is implemented by using a kD-tree spatial
data structure with fixed radius search, where the fixed radius is equal to the
diameter of the circular patch.
Figure 6.24 shows the process of unification, where the reference surface
(blue) is complemented with a set of centre-points from the evaluated surface
(red) that was missing (green). Figure 6.25 shows the reference surface after
unification with evaluated surface.
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Figure 6.25: Reference surface after unification with evaluated surface

Figure 6.26: The vehicle pose information based on dead-reckoning information (blue) and after correction using the observation alignment transformation (red)

6.4

Surface-based map

Surface-based map represents the objects of an environment via set of individual surfaces. The objects’ surfaces are uniquely enumerated and can be used
by high-level algorithms. The registration error of the observation-surfaces
is corrected and an accurate map is built. Because of the unification, the
surface-based map represents the objects’ surfaces in a compact form.
Figure 6.26 shows the map (green) and the vehicle pose information based
on dead-reckoning information (blue) and after correction (red) using the observation alignment transformation.
Figure 6.27 shows the building of the Australian Centre for Field Robotics
in the University of Sydney with two palm trees that are selected from the
surface-based map.
Figure 6.28 shows the final surface-based map built with the presented
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Figure 6.27: Building of the Australian Centre for Field Robotics in the
University of Sydney in the surface-based map

algorithms. The surface-based map uses only 20% of the centre-points of the
scanned surfaces for detailed representation of the objects in the map.

6.4 Surface-based map

Figure 6.28: The surface-based map built with presented algorithms
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Chapter 7
Conclusion
This thesis addresses the theoretical and practical issues of environment representation and presents a surface-based mapping algorithm for representing
objects in the environment via a set of individual surfaces without geometrical
modelling.
This chapter presents a summary of the thesis contributions and discusses
areas of future research.
This chapter is organized as follows:
Section 7.1 presents a summary of the thesis contributions.
Section 7.2 discusses areas of future research.

7.1

Summary of Contributions

Traditionally, mapping of an unstructured environment is realized by presenting the environment as a set of aligned 3D images. A map built from a set
of 3D images has the following drawbacks: the environment objects are represented as unbreakable sections in the 3D images; the accuracy of the map
is reduced as the number of 3D images increases, because the newly acquired
3D image is aligned relative to its previous aligned observation; in a map built
with image-by-image alignment a single incorrectly aligned 3D image can become a starting point for the misalignment of all the following images; and the
memory requirement of such a map increases with the number of 3D images.
The contribution of this thesis is in the development of a mapping algorithm
that represents the environment via a set of the objects’ surfaces and that has
robust accuracy and memory efficiency. The design of the mapping algorithm
with the mentioned specifications required development of new methods for
extracting and homogenously representing the objects surfaces from the 3D
data, for correction of the registration error between the newly acquired set
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of extracted surfaces relative to the map, and for integration of the new set
of extracted surfaces within the map. The presented surface-based mapping
algorithm consists of the following three main stages: observation, map-update
and unification.

7.1.1

Observation

In the observation stage a set of the surfaces representing the scanned surfaces
of the scene objects is formed.
The subset of the 3D points representing the scanned surfaces without
duplication forms a 3D frame. The extraction of the objects’ surfaces from the
3D frame is realized by using a new segmentation algorithm based on a scanned
surface continuity check between three consecutive points in the horizontal
and vertical directions in the 3D frame. The scanned surface between three
consecutive points is considered continuous if the distance between the points
is less than the adaptive distance threshold, and the angle formed by lines
connecting the point to its previous and next points is greater than the adaptive
angle threshold.
To increase the robustness and the speed of the surface extraction algorithm, the scanning order of points in the 3D frame is used. The points order
is applied for representing the properties of the 3D points via a matrix structure. Three types of matrixes are presented: an order matrix, a continuity
matrix and a region matrix. The order matrix presents the scanned order of
points in the 3D frame and is used for determination of the neighbouring points
for the given point. The continuity matrix is used for representing the scanned
surface continuity between consecutive points in the order matrix. The region
matrix represents the group of points and their unique ID for each scanned
surface in the 3D frame. After formation of these matrixes, the triangulated
mesh of the scanned objects’ surfaces is formed by using scanned points as
triangle vertexes.
The sensor used for the 3D data acquisition is of a range-and-bearing type
and therefore the 3D range image and the extracted surfaces have a nonhomogenous distribution of scanned points in their cloud. The representation
homogenization of the extracted surfaces is realized by representing the triangulated surfaces of the scanned surfaces via a set of homogenously distributed
circular patches. The size of the circular patch is used to find the required
balance between the detail of the map and the computational and storage cost
of the map.
The use of the matrix structure in the surface extraction and representation
homogenization processes enables processing of the received data parallel to the
data acquisition in the online mode and finalizing the observation formation
after the last point of the current 3D frame is received.
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Map-update

The set of observation-surfaces extracted from different 3D range images have
misalignment relative to each other. The misalignment of registered observation is acquired because of the accumulated dead-reckoning error. The misalignment of the newly acquired observation relative to the map grows with the
number of observations and becomes very significant. To reduce the misalignment, the accumulative alignment transformation of the previous observation
is used for initial alignment of the next observation relative to the map.
The registration misalignment of the newly acquired observation in the
map is corrected by aligning the set of observation-surfaces relative to the set
of map-surfaces. To increase the robustness and the alignment accuracy, the
information of all the previously aligned observations, i.e., the map, is used for
alignment correction. As the surface-based map is a set of individual surfaces,
it gives the ability to select the sections of the surfaces that are correlated
with a newly acquired observation and use it as a reference. The set of the
correlated map-surface sections forms the alignment-submap. The advantage
of the alignment-submap lies in the reduction of the amount of the data that
is processed for the alignment correction. Because the alignment-submap is
formed based on the size of the observation, its size is independent from the
map size and does not increase with enlargement of the map. Therefore, the
surface-based alignment algorithm can be implemented in the online mode by
using a computer with the required computational power.
The determination of the correction transformation that will move the misaligned set of observation-surfaces in order to match it with surfaces from the
alignment-submap is done by using the presented surface-based alignment algorithm. In the surface-based alignment algorithm the alignment is realized
by iteratively minimizing the distance between observation-surfaces and their
overlap on the alignment-submap surfaces. The detection of the final alignment
in the surface-based alignment algorithm is done by evaluating the transformation weight within iterations. The transformation weight is determined using
the presented transformation weight calculation method.
After the alignment transformation determination, the alignment transformation is used for aligning the misaligned observation relative to the map and
for updating the vehicle pose information during the observation acquisition
time. The set of observation-surfaces that are accurately registered in the map
coordinate system forms the map-update.

7.1.3

Surface unification

After adding the set of update-surfaces to the map, they become partial or
full duplicates of their reference map-surfaces. The redundancy of the map
increases after each new observation is aligned and added to the map. In order
to make the representation of the same scanned surfaces single in the map,
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the surfaces representing the same object are unified. Association of the same
object’s surfaces is realized based on the presented method for determination
the degree of correspondence between two surfaces. In the presented method,
the degree of correspondence of a surface relative to its reference surface is
presented via the following three parameters: the distance between the surface
and its overlap on the reference surface, the area of the surface overlap, and the
percentage of the overlap in the surface. A surface is considered as belonging
to its reference surface if it has a smaller distance than the given threshold,
a larger overlap area than the required minimum overlap area or a higher
overlap percentage than the required threshold. In other words, the surface
must satisfy the unification criteria that specify the mentioned thresholds in
order to be unified with its reference surface.
During the unification of the surface with its reference surface, the reference
surface is completed with sections of the surface that are missing. As in the
unification process, the reference surface takes only the missing sections of the
surface, no duplicate representations of the same surface sections are created.
The unification of the surfaces in the map requires determination of the
degrees of correspondence for each surface relative to the other map-surfaces.
The number of determinations of the degrees of correspondence increases with
the increase of the number of surfaces in the map. Therefore, to keep the
number of surfaces in the map as small as possible, the surface unification is
processed after each new set of update-surfaces is added to the map.
Although the consecutive unification will keep the number of surfaces in
the map close to the number of objects in the environment, this number can
become large for a large-scale map that covers an environment with a large
number of objects in it. To reduce the number of surfaces for which the unification is processed, a unification-submap is formed. A unification-submap
includes the surfaces from the map-update and from the map, which has correspondence with the update-surfaces. During the map surface unification,
the unification-submap is separated from the map and rejoined with it after
processing with the unification algorithm.
The formation of the unification-submap reduces the number of processed
surfaces in the unification stage, but it does not reduce the amount of processed
data that is required for determination of the correspondence degree of each
surface. The amount of data can stay large if the surfaces of large objects,
such as long buildings, are included in the unification-submap. The reduction
of the amount of the processed data is realized by forming a partial-submap
for each evaluating surface. A partial submap includes all the parts of the
map-surfaces from the unification-submap that satisfied the initial unification
criteria. The initial unification criteria are formed based on the unification
criteria and require the reference surface to have required size of the common
area with the evaluating surface within the given distance. As the partialsubmap includes only partial information about the surfaces relative to which
the degree of correspondence is determined, the partial-submap is used only
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for determining the ID of the surface that will serve as a reference for the
unification of the evaluating surface. The unification of the evaluated surface
is realized with the surface in the unification-submap that has the determined
ID.
Because size of the unified surface can increase after each unification, the
degree of correspondence between the unified surface and other surfaces in
the unification-submap needs to be determined again. The unification of the
map surfaces becomes computationally expensive if after each unification the
whole unification process is restarted for all surfaces in the unification-submap.
Therefore, an optimized unification algorithm is presented which reduces the
number of redetermination of the degrees of correspondence between the same
pairs of surfaces. In the presented unification algorithm, the degree of correspondence is determined again only a few times and only if one of the surfaces
changes its size because of unification.
The increase of the sizes of the unified surfaces in the unification-submap
results in the change of the degrees of correspondence between unified surface of
the unification-submap and other surfaces in the map. Therefore, the unification process is repeated for the surfaces that are unified in the update-surfaces
unification stage.
The presented surface unification algorithm is well optimized and requires
steady computational cost because it is based on unification-submap and
partial-submap, which sizes don’t grow with the map.

7.1.4

Experiments

This thesis presents experimental results in order to validate the accuracy and
performance of the presented algorithms. Experimental results from surfacebased mapping of outdoor unstructured environment have been presented.
The experiments include all the stages of surface-based mapping, starting from
control and acquisition of the sensors measurements up to 3D visualisation of
built map.
The presented algorithms are implemented in Matlab with some modules
developed in C++. Although the processing of the acquired data is performed
in an offline mode, the experiments show that the computational requirements
don’t increase with the growth of the map, therefore, the presented algorithms
can be implemented for online applications by using multi-core processors with
multi-threaded algorithms.

7.2 Future Research
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Future Research
Estimation of uncertainty of the map

The estimation of the uncertainty of the surface-based map can be realized by
adding uncertainty information to the patches in the map. As the accuracy
of the scanned points decreases with the range, the far away scanned points
have higher uncertainty then close points. In the homogenisation stage the
uncertainty of the created patches also increases with the distance between
the created patch and the originally scanned points. Using the uncertainty
information of the patches the uncertainty-map of surface-based map can be
formed. By using information of the uncertainty-map the decision can be made
for rescanning the sections of the map that have high level of uncertainly.

7.2.2

Multi-robot mapping

One of the extensions of the presented surface-based mapping algorithm is
its multi-robot implementation. In the case of multi-robot mapping, a set
of observation-surfaces will be acquired at different times and can represent
completely different sections of the environment. The set of observations will
be stored without the order of acquisition. Each observation will wait until its
alignment-submap is formed from the surfaces in the map. After which the
evaluated observation will be aligned and unified with the map.

7.2.3

Integration with colour photographs

The ability of a surface-based map to represent environment objects’ surfaces
as a set of circular patches makes it possible to recreate the picture of the
scanned and photographed surfaces via image patches. Thus each circular
surface patch will represent the circular section of picture of the surfaces which
is taken from the photo image. The data association techniques used in the
surface-based map will be used for solving the problem of data association
between images, which are partially representing the same object with different
intensities of light and colour. The photographic images of the same object
may have different intensities because of changes of viewpoints or lighting
conditions. The difference in image intensity and partial representation of
objects in the images makes data association formation between images very
hard, and this can be simplified and solved with the integration of a 3D laser
scanner.

7.2.4

Real time implementation

It has become my dream to implement and develop the surface-based mapping
algorithm for online applications by using a fast 3D laser scanner.
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