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D8.6.1 IQmulus (FP7-ICT-2011-318787)

EXECUTIVE SUMMARY

New emerging data acquisition techniques provide fast and efficient means for multidimensional
spatial data collection. Systems and techniques like airborne LIDAR, SAR satellites, stereo-
photogrammetryand mobile mapping are increasingly used for digitally sampling
ourenvironment. All these systems provide point clouds and images, often enriched with other
sensor data, yielding high volumes of raw data. The IQmulus workshop was organized to
stimulate researchers from different fields such as Computer Vision, Computer Graphics,
Geomatics, Remote Sensing, working on the common goal of processing 3D data, to present
state-of-the-art work in the field. The workshop took place on July 8th, 2014 in Cardiff (UK), in
conjunction with SGP’14. The Symposium on Geometry Processing 2014, a Eurographics
symposium in cooperation with ACM SIGGRAPH, is one of the premier venues for the geometry
processing community.

The IQmulus workshop consisted of two keynotes, three presentations discussing a so-called
IQmulus contest track and three technical sessions, containing a total of ten technical
presentations that were selected based on a submitted extended abstract. The two keynotes
presented possible solutions on how to store and respectively process big spatial data. Peter
van Oosterom, from Delft University of Technology, gave a keynote presentation entitled Point
Cloud Data Manangement, discussing methodology for storing and querying a huge airborne
laser data archive. In his keynote, Mohamed Mokbel, from the University of Minnesota gave an
overview entitled SpatialHadoop: A MapReduce Framework for Spatial Data, of his solution to
process big spatial data by explicitly using the spatial locations of the data.

Within the IQmulus contest, research groups organize tracks in which different methods are
used to solve a given problem on a given data set on a given computer. As also ground truth is
available to the organizing group, a fair comparison of the performance of the different methods
can be given. At the workhop, three such tracks were presented, one on the urban modelling of a
high density airborne LIDAR data set sampling Dublin, one on the classification of a Laser Mobile
Mapping Data set sampling Paris, and a third one on the approximation of rainfal data over
Liguria.

What is notably presented in this proceedings are the accepted extended abstracts as submitted
to the workshop. This is not the final word on this workshop however. On behalve of the
workshop, a special issue on Processing of Large Geospatial Data for Elseviers journal of
Computers & Graphics is organized. At the time of this writing, the review of the submitted
manuscripts is still ongoing however.

October 2014

Genua, Michela Spagnuolo
London, Jan Bohm

Delft, Roderik Lindenbergh
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FOREWORD

[Qmulus is a 4-year Integrating Project (IP) partially funded by the European Commission under
the Grant Agreement FP7-ICT-2011-318787. It is positioned in the area of Intelligent
Information Management within the ICT 2011.4.4 Challenge 4: Technologies for Digital Content
and Languages. IQmulus started on November 1, 2012, and will finish on October 31, 2016.

The goal of IQmulus, which stands for A High-volume Fusion and Analysis Platform for
Geospatial Point Clouds, Coverages and Volumetric Data Sets, is to develop a platform that
provides the needed functionalities to integrate latest research results in data processing and
visualization to tackle important real-life challenges in geospatial applications. Given the wide
choice of different available sensors and the massive amounts of data thus obtained, combined
with the intent to provide useful knowledge in an appropriate period of time, the platform thus
has to be scalable in processing and storage, and capable of handling the four aspects of variety,
volume, velocity and analytics that are commonly associated with the term Big Data.

The IQmulus consortium is made up of 12 partners from 7 European countries, representing
university teams for basic research in geo-spatial information processing, applied research
institutes, an SME from the GIS industry as well as national and regional organizations such as
mapping agencies. You are cordially invited to find out more about the project at its website
www.igmulus.eu.

As part of the R&D efforts concerning the IQmulus platform, the consortium members are
strongly committed to the dissemination of the project results through publications and
presentations. This includes the organization of an annual scientific IQmulus Workshop, which
incorporates as one specific session the presentation of the results of the annual IQmulus
Processing Contest. The contest is meant to provide task-specific benchmarking of software
which is of interest for the application domain and which has been developed by the scientific
community, and not only by the project.

In the following, you will find the proceedings of the first such workshop, including also
contributions related to the processing contests. Please note that the workshop has led to a
special issue on Processing of Large Geospatial Data of the journal Computers & Graphics, which
is currently in preparation.

Finally, as a member of the coordinating team of IQmulus, I take this opportunity to thank all
participants for their valuable contributions, and especially the three workshop organizers for
[Qmulus, namely M. Spagnuolo, ]. Boehm and R. Lindenbergh, for making this event and the
upcoming special issue happen.

Special thanks also go to the two organizers of the Eurographics Symposium on Geometry
Processing 2014, Y.-K. Lai and R.R. Martin, for their cooperation in synchronizing the IQmulus
Workshop with SGP 2014 and its graduate school and the practical arrangements that this
format necessitated. Last but not least, our thanks go to Prof Joaquim Jorge, the Editor-in-Chief
of Computers & Graphics who has approved the special session on Processing of Large
Geospatial Data.

Oslo, Ewald Quak
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Recent Advances on LoD for Procedural Urban
Models

Gonzalo Besuievsky and Gustavo Patow

Abstract Procedural Urban Models have been proven to be an efficiemigue for gener-
ating detailed city models, and an increasing range of egitins, such as urban planning
and simulation, aside from visualization, are using thesértique for model generation.
However, the amount of geometry generated could be huge rapenby controlling it is
still a challenge.

This paper reviews our recent works for generating LoD ircBdural Urban Models, with
the aim to discuss new trends that should be tackled to exfheruse of this technique in
urban applications.

1 Introduction

Urban models are complex systems that need to be manageteatmti correlated scales
such as building-scale, district-scale or city-scale,emheling on the application require-
ments. These large-data sets are usually built from difteseurces like cadastral data,
digital images or CAD models. The treatment of the data corieg new techniques for
generating different scale-model is a current researdl toglomains like modeling sim-
ulation (Rob11; Bec12) and visualization (HBT12).

Concerning model generation, procedural modeling appesae efficient solution to
the labour-intensive modeling task of content creatiothéligh with this technique large
models with details can be generated, in many situatiorgimgrirom a single-user walk-
throughs up to urban simulations, there is no need of thegkdimetry. The generation of
level of detail (LoD) is essential for any kind of city modelhe concept of representing
models at different LoDs is well-known from Computer Gragzhand Visualization do-
mains. However, for procedural city models, the classiatsmh of processing an already
generated model by using reduction techniques to simgigyntodel from quality param-
eters (LWCO02) is not the best way to proceed. The full geomgénmyeration that could
contain several millions of polygons must be avoid. Als@mpmsals should take into ac-
count not only the complexity in terms of number of polygonst also their semantics
or physical meaning, depending on the requirements. Tlugrbcedural modeling, the
simplification should be generated automatically withie finocedural creation.

In this paper we report our recent effort for improving prdaeal techniques through
the development of more flexible and automatic control témisnodel generation.

Geometry and Graphics Group, Universitat de Girona, Spain
e-mail: gonzalo@imae.udg.edu



2 Gonzalo Besuievsky and Gustavo Patow

2 Level-of-Details Analysis

Specific works on level of detail for building models can berfd in different contexts.
For cartographic generalization, Anders (And05) propasedpproach for the aggregation
of linearly arranged building groups. Other works focus ailding simplification by col-
lapsing faces from known constructive structures as wallsraofs. Chang et al. (CBZ08)
presented a large scale simplification approach based daridegibility” intended for
better preserving understandability for complex urbarcepaat all levels of simplifica-
tion. Other LoD proposals like the CityGML schema (KolO9ifelientiates between five
consecutive LoD-levels, which become more detailed withdasing LoD regarding both
geometry and thematic functionality differentiation.

Although the initiatives for LoD definitions, the main quest for the conception and
generation is given from the criteria that drives the geoynewels. This criteria is always
attached to the particular requirements. For instancedata LoD in Computer Graphics
is driven by the complexity of the geometry, whereas for GNMJL the semantic is also
taken into account to define the levels.

3 LoD in Procedural Modeling

The seminal works by Wonka et al. (WWSRO03) andilMr et al. (MWHO06) introduced
Grammar-based procedural modeling for buildings. The neaimcept of this technique
is a shape grammar, which is based on a ruleset: starting dromitial axiom primitive
(e.g. a building outline), rules are iteratively applieeplacing shapes with other shapes.
A rule has a labeled shape on the left hand side, called pesdec and one or multiple
shapes (also called primitives) and commands on the righd Is&de, called successor:
predecessor~ CommandACommandB labelB;1abelB— CommandC labelC. The re-
sulting geometry is formed by shapes that can be optionakygaed new labels to be
further processed. The main commands, the macros thataneat shapes in the classic
approach, areSubdivisionthat performs a subdivision of the current shape into mielti
shapesRepeatthat performs a repeated subdivision of one shape mutiipkes; Compo-
nent split that creates new components shapes (faces or edges) fit@hviolumes; and
Insertcommand that replaces a pre-made asset on a current pregieces

Traditionally, grammars create a hierarchy of shapes bygasing each rule’s predeces-
sor shape, replacing it by its products. This process iswggdauntil only terminal shapes
are left. The whole production process can be seen as a &iréatyclic Graph (DAG),
where each node represents an operation applied to its ingay@ometry stream and the
leaf nodes are the geometry assets (see Figure 1) (Patl2)ofQhe strategies followed
for LoD generation in order to avoid simplification over thil imodel is to transform the
graph according to some specific criteria. In this sectiomeveew our recent contributions
to the subject, using the mentioned strategy.

3.1 LoD by Configurable Rules

One of the basic ways to achieve levels of detail for procaldenodeling is by directly
configuring rules. An initial proposal intended for city geation was presented by Parish
and Miller (PM01) based on the L-system recursive nature. AutizrhaD-generation can
be obtained by starting from the building envelope as axamd, where the output of each
iteration represents a refining step in the building geferaT his kind of approach can be
complemented by setting manually predefined LoD geometrifferent levels. Industrial
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Lot Lot
CreateBase : mass CreateBase : mass

mass
Comp: facade, sides, roof
facade
Subdiv: bottom, middle, top Roof
bouom
Subdiv: floor, door Repeat: floor
floor
Repeat: window

window window
Insert(window) Insert(frame)

door
Insert(door)

Fig. 1: A graph-based set of rules (top) is used to obtain a Imgjidiodel (bottom).

solutions, like CityEngine (Esrl2), provide this kind oflion (see Fig. 2). Within this
strategy, the final model is completed by manually introdggire-made assets at different
levels resolutions. The disadvantage here is that the merhaequires manual writing
rules for each case and also that the geometry is drasticadiyced without a smooth
transition between the different discrete levels.

Perspective Perspective

Fps 1000 Fps 333
Ohjects  2(D0) Objects  2(0)
Palygons 475 (0) Polygons 3699 (D)

Fig. 2: LoD produced by manually configuring rules with Cityftme.
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A more flexible configurable method, intended for specificidation purposes, is pre-
sented in (BBBP14). In this case, the geometric resolutgsetlevels are also defined
manually, but the replacements are done following a semarniteria. First, the user de-
cides the elements to be processed, such as windows, ddmatconies, and also provides
the final assets details for all the desired level of detail ékample, windows at the LoDO,
LoD1 and LoD2 levels). Then, the system searches and repéatematically the affected
elements (see Fig. 3). Although the geometry levels adenstihually set, different criteria
including distance to a Point of Interest, can be configured.

Type |windows

Vislualization Geometry and Color n

Murmber of LoD |3 |+|H|| Clear l

. Asset Obj | /obj/primitives/LoD2 |Elf;|
Color EHB ||u.45 “0.9 |

["] show Obj Properties

. Asset Obj | Jobj/primitives/LoD6 | &1 -y
los o o |
[T Show Obj Properties

Coler

% Asset Obj | /obj/primitives/LoD1 |6j =g

Fig. 3: Explicit LoD: interface configuration for the elemeavindow (top), geometry affected (middle) and
final replacements (bottom).

3.2 Automatic LoD

In automatic LoD techniques the simplifications should b&ioled from specific criteria
by processing the rules without user intervention. One iptessolution is to define new
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commands that can be inserted in the graph with the purpasebfating the geometry for
simplification. In (BP13b), this strategy is used in comkioawith programable criteria

that can account not only for viewing parameters but als@éomnantic ones. The method
processes the assets of the final graph using a system caehe avket of simplifications

are stored for a continuous representation of the model.edewy even with the use of an
efficient cache system, this operation can turn prohibifievaluated for all the assets in
all buildings of a large city.

Another possible strategy followed in order to processyaisito proceed hierarchically
through the implicit urban levels, such as block (or disjrievel, building level, facade
level and asset level (BP13a). The basic idea is to test frone meneral to more specific
all structures (see Figure 4). Block-level LoD selects kéofor minimum LoD. The blocks
that pass this test will be evaluated by the building-leveDLstep, classifying buildings
into those that fail the test and are set to a low LoD, and thlosepass the test. Finally,
the ones that passed are further processed for assetyalghion by the rewritten sets of
rules.

Fig. 4: The urban herarchy: districts, blocks, building, fasadnd final elements.

Block/Building level

The purpose of the block-oriented LoD verification is to glyaetermine whether a block
will be rendered at full LoD (i.e., 100%), at the lowest LoDspible (0%), or at any inter-
mediate LoD level. A maximum range of affectation that definevolume enclosed by a
sphere is defined based on a distance criteria.

Once a block has been chosen for further processing, eathmmfiidings are evaluated
in turn. The first test to perform is to evaluate the buildilmg\ex hull against the volume
range. If a building lies completely outside the volume Litd is set to 0% (see Fig. 5).
Otherwise, the facades and the containing assets are.tested
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Fig. 5: The affectation region on city models. The big red splefe encloses the affectation region, and
it is centered at the viewpoint shown with the small sphere (yight

Asset level

As shown in Figure 1 the geometry details are inserted atethiedf the DAG that repre-
sents the model (see Section 3). Thus, the main significayg@o reduction must be done
at this level. In (BP13b), a system that automatically reaine graph based on specific
criteria is presented. The resulted graph is further psExkto obtain the final LoD model.
For this purpose, new commands were introducashditionalLoD that evaluates the re-
duction that must be applied to the products from a givenityuaiteria, and thénsertLoD
command that is responsible for the insertion of geomesgtasat the corresponding level-
of-detail.

The ConditionalLoDcommand introduces a flexible way to evaluate how much to sim-
plify the shapes (i.e., kept at full resolution, reduced:emresented as a texture) depending
on quality criteria. In the case of reduction, it also congguthe percentage of polygons
that must be kept. The shape to be replaced is evaluatedhemdhtelnsertLoDcommand
applies the reduction on the geometry of the correspondisgtaThénsertLoDcommand
is responsible for the replacement of geometry assetsfatetit reduction levels. It works
like a switch-case scheme according to the three differieiskof replacement that can be
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obtained. In the case of reduction, it simplifies the geoynatcording to the percentage
of polygons to keep using an external polygon reductionremtiiat guarantees boundary
preservation. Any polygon simplification algorithm thatisfes these properties can be
used. Each time we require an asset reduction, we compuré gtare the resulting geom-
etry. We also provide a cache system that reuses alreadyutedthpssets. Figure 6 shows
several model resolution for an asset of a building that khloe replaced according to the
criteria used.

Fig. 6: Asset-level replacement. The system selects the correttresstition to use.

4 Challenges and Future Work

Although our promising results, completely automatic colfing the amount of geometry
generated it is still a challenge for procedural modelingpiding theGeometric Explosion
would benefit this technique for extending their use for odpgplications requiring urban
models.

Concerning next steps, we are currently working on a fadexds-generalization tech-
nigue. For example, a whole facade of a building could beaesa with a single texture
polygon if all assets that compose it are being simplified getely to textures.

Our future work also include LoD criteria definition and usAmong the more clas-
sical viewing criteria, LoD definitions can have specific pases, like for example solar
radiation simulation. In this case, the criteria for a higlewel does not imply geometry
complexity necessary but the real incidence the geomegyhthe simulation.

Acknowledgements

This work was partially funded by the TIN2010-20590-C02g0@ject from Ministerio de
Ciencia e Innovadin, Spain.
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Fig. 7: Four fully rendered frames integrating the full Lo tgrchy in the complex city model.
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Locally refined spline surfaces for shape
representation, and feature detection in large GIS
data sets

Oliver Barrowclough, Tor Dokken and Vibeke Skytt

Abstract GIS data sets are typically large and a major challenge istbeeduce Big Data

to small data. In this paper we describe the use of a novedseptation, namely, locally
refined (LR) spline surfaces, in GIS. The representatioersfh method to model various
data sets that exhibit relatively smooth behavior in a cahpay. We briefly describe the
properties of the LR B-spline representation, and disdusslétails of two approximation
methods.

1 Introduction

Traditional tensor-product spline surfaces (piecewidgrmmials) are a well established
representation in fields such as CAD, where they are usedaghnio model smooth
shapes. Their use has also previously been explored insesfiieg topographic data sets.
For example, spline approximations of data from the ShirRdear Topography Mission
(SRTM) have been used, particularly for the applicationlbh§ data voids (3). However,
for data which exhibits local detail, tensor-product reguglobal refinement, resulting in
large data sets. This means that such representationsrarediito globally smooth data
sets. Locally refined spline surfaces have, in contrastrteaieproduce spline surfaces, the
ability to represent local variations in shape without glibpincreasing the data size of
the surface. In this paper we describe the properties of l9plBe and discuss two meth-
ods of approximation; namely, least squares approximatithsmoothing and multilevel
B-spline approximation.

2 LR B-spline surface representations

In the past decades, a number of approaches to local refineigplines have been pur-
sued, including hierarchical splines (4), T-splines (6) &R B-splines (2). In this paper,
we restrict our attention to LR B-splines. An LR B-splinefage is a parameterized sur-
face and the parameter domain is rectangul®iriThe domain is composed of rectangular
boxes, not a regular grid, as is the case for tensor prodlicesurfaces. Figure 3 shows the

Oliver Barrowclough, Tor Dokken and Vibeke Skytt
SINTEF ICT, Forskningsveien 1, PO Box 124 Blindern, 0314 Oslanvixy,
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Fig. 1: A point cloud (left) covering a region of the island oéeVgy, Northern Norway (right). Points are
coloured according to the distance from sea level.

Fig. 2: An LR-B spline surface approximation of point cloud datem Veergy, Norway

parameter domain corresponding to a spline surface for aB-4sRline representation and
for a tensor-product representation. The surface, pidturd-igure 1, can be represented
by both spline formats.

An LR B-spline surface representation of geo-spatial dedgiges an approximation to
the data points. The representation is well suited to compadelling of mainly smooth
point data sets, possibly with local details. This congragth triangulations, which nor-
mally interpolate the point data and are better suited toetiod non-smooth and discon-
tinuous terrains, and features such as buildings or rockdtions.

LR B-spline surfaces possess most of the properties of atgmeduct spline surface
such as non-negative B-spline basis functions and partitianity, which ensure numeri-
cal stability and modelling accuracy. However, some mdi@ &k required to ensure linear
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independence of the B-spline functions. We refer the retad@) for a detailed description
of the LR-spline representation.

Fig. 3: Parameter domain meshes for an LR B-spline surface (leftpaensor-product surface with the
same level of detail. There are far fewer degrees of freedoimei.R case. The lines in the vertical and
horizontal directions are known as knot lines, and they defiagiecewise polynomial structure.
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3 Approximation methods for LR B-spline surfaces

An LR-B spline surfacé- is expressed with respect to parameteasndv as

K
F(u,v) = 'ZsP.Nidl’dz(u,v),
i=

where PR are the surface coefficientd} are the associated B-splines agdare scaling
factors that ensure partition of unity. The B-splines arfindel on a set of knots in both pa-
rameter directions and have polynomial degitgandd, in the first and second parameter
direction respectively. The B-splines have limited suppod the extent is given from the
polynomial degrees. In the context of GIS, the surface isnadly parameterized accord-
ing to thex, y-coordinates of the point cloud giving a height functiosogknown as a 2.5D
surface. However, in steep areas and areas with an overagragameterized 3D surface
may be beneficial.

Typically, an iterative approach is used to approximatepi@t cloud with an LR B-
spline surface. The cloud is initially approximated by aywkean surface. The surface is
then refined in regions where the distance between the paradtshe surface is not within
an acceptable tolerance. The surface is refined by inseréwngknot lines into the surface
description, thereby splitting one or more B-splines. Intcast to the tensor-product case
these knot lines do not need to cover the entire parameteaidarhthe surface. The local
nature of these refinements means that the number of addesedeyf freedom is kept to
a minimum.

We have implemented two methods, either of which can be eghgh compute the
surface coefficients at each iteration step. The methoddesmaibed below.

3.1 Least squares approximation

Least squares approximation is a global method for surfapeoaimation whereby the
following expression is minimized with respect to the caddintsk, over the entire surface
domain:

K
a13(0) +az 3 (F (4 Yi) — 2%
k=1

Here xx = (X, Yk, Z),k=1,...,K are the input data points. The approximation is weighted
(by the scalarsr; anday) in order to favour either the smoothing term or the leastsesi
approximation respectively. The smoothing term is given by

J(F) Z//Q '/OniiWi <aiF(uo+rCC;SrfiP7Vo+rsin(p)

The first, second and third partial derivatives of the swfacach point in the parameter
domain, are used to define directional derivatives whichrdegrated around a circle. The
result is integrated over the parameter domain. Experishows that the approximation
term must be prioritized in order to achieve a good approtionao the data points.

Elaborating the minimization functional gives a linear atijon system in the surface
coefficients.

) d@dugdvp.
r=0
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3.2 Locally refined multilevel B-spline approximation (LR-MB)

Multilevel B-spline approximation (MBA) is a local approwation method (5). This
method is applied in the functional case. Each coefficienipdated with respect to the
distance between the data points in its support and theiéumct

Let Xc = (X, Ye,Z),€c = 1,...,C be the data points in the support of a given B-spline.
The corresponding new coefficieBRtis determined by

b _ Ze(SN(x,Ye)) @
Y (sNI(Xe,¥e))?

wheregq; is computed for each data point as

_ SNi(Xe,Ye)Ze
* S NG Y

The sum in the previous denominator is taken over all B-sgliwhich contair{xc,yc) in
their support.

In the multilevel tensor-product setting, the differenedvizeen the function and the data
values is, at each step, used to compute a difference funatiproximating the error. The
final surface is evaluated by computing the sum of the instimface and all the difference
functions. In the LR B-splines setting, the computed dédfere function is added to the
initial surface at each step giving a unified expression auitha global increase in data
size.

3.3 Properties

The least squares approach is a global method with very gppeimation properties.
However, in particular if the data are non-smooth and a largight on the approximation
is chosen, it may oscillate in areas which are scarcely @oedlby data points to optimize
the accuracy with respect to data points in nearby areas.

The MBA approach is local and does not see the characteristithe point set outside
the current B-spline. The method does not give the same axgais least squares for the
same number of coefficients, but tends to produce well behsiwdaces in areas where the
initial data set is unevenly distributed.

4 Examples for GIS data sets

Two LR B-spline surface approximations to this point set@icdured in Figure 4, using
the methods outlined above. The first one is created as adgaates approximation of
the points while the second is created using the LR-MBA dtlgor. The second surface
is fitted within a tolerance of 0.5m with an exception of 5 fisiand the average distance
between the points and the surface is 0.02m. The least sgsianface is less accurate, but
also more lean. The point set is already thinned and quitdl §m2a00 000 points) so the
gain with respect to data size is small. For the MBA surfaoe data size is about half that
of the point set while for the least squares surface, thesiagas halved again.
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Fig. 4: The surfaces resulting from the approximation using ¢lastl squares method (left) and the LR-
MBA method (right)

5 Detection of features in point sets

Smooth spline surfaces can also be used to capture the tramabint cloud. By comparing
the distance between the points and the surface, featurdseaxtracted. Consider the less
accurate version of the Veergy point cloud shown in Figureiguré 5 shows this surface
together with the points that are less well approximatec gieen points lie below the
surface and the red points are above. In the overview picikeean find small rocks in the
sea. Also, on closer inspection of the hill, we see that tthgeris clearly identified.

Acknowledgements The research leading to these results is partly funded by thepEan Communitys
Seventh Framework Programme FP7/2007-2013 under grant agredlme318787 (IQmulus) and the
SESAR Joint Undertaking project 12.04.09 (Single Europdgn/SM Research).
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Fig. 5: The surface and points which are out-of-toleranchegtven level of approximation. Green points
are below the surface and red points lie above the surface.&igtire to the right, the ridgeline is clearly
identified.
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Automatic buildig reconstruction from digital
surface models using 3D active shape models

Beril Sirmacek and Roderik Lindenbergh

Abstract Recent technological developments help us to acquire higlityg 3D input data
sampling man- made objects and vegetation. However, ewshigiiest resolution 3D in-
put data does not contain information about the locatiodglag& 3D geometrical properties
(i.e. boundaries, heights, shapes) of the objects. Therefobust and fully automatic de-
tection and 3D reconstruction of the buildings is still arportant research topic. Herein,
we introduce an improved version of a previously proposéideashape fitting algorithm.
The new active shape fitting algorithm uses height inforamaithstead of 2D binary im-
ages which was the considered input for the earlier vers¢iat,leads us to achieve higher
accuracy in 3D modelling. For the first tests, we use airbdaiser scanning (ALS) data
of some buildings in Delft, The Netherlands. Our first resglhow us that the proposed
algorithm can be used for fast 3D reconstruction of urbaasamith very high accuracy
even if the building geometries are very complex. The 3D mstwiction results can also
be easily enhanced further, in order to represent rooftapdews and other construction
details, when it is necessary.

1 Introduction

Three-dimensional (3D) building models are useful esplgdiar 3D change detection and
quick map updating. Besides, the models can be used foratameB8D simulations of pos-
sible events (i.e. flood, earthquake, air pollution, eRRécent technological developments
help us to acquire high quality 3D input data. However, eterhighest resolution 3D data
does not clearly indicate where the buildings are and whnat &f 3D geometry they have.
In order to bring a solution to this problem, we introduce yfautomatic method using
digital elevation models (DSMs) as input. The quality arelghound sampling distance of
the DSMs can be different. Besides, they might contain neisieh makes the 3D repre-
sentation cluttered. If we also consider the high geonadtviariety of building structures, it
becomes very obvious that robust and intelligent algorithne needed. The earliest studies
in this field generally depend on edge, line and polygon ektva from grayscale images
or from DSMs [1, 2, 3, 4]. Sirmacek and Unsalan [5] developddsh method to detect
shapes of rectangular buildings which depends on growirgctamgular active shape in
two dimensions. The active shape tries to achieve the bistjfifosition on a binary mask
which contains the extracted building edges. Unfortuyatkey could not detect complex
building geometries, but only the rectangular ones. Inlafohg study Sirmacek et al. [6]
improved the algorithm in order to detect buildings with gdex footprint shapes. This is

Delft University of Technology, Department of Geoscience aethBte Sensing, Stevinweg 1, 2628CN,
Delft, The Netherlands, e-mail: B.Sirmacek@tudelft.atmail: R.C.Lindenbergh@tudelft.nl
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done by fitting a chain of active shape models on the inputwhteh is again a 2D binary
mask containing building edges. Although they achieveddgesults to show building
footprint shapes, building height values were not repriedime (only single height value
is assigned to each building model). They have tested padioce of this algorithm on six
different DSM sources and compared the reconstructionracms quantitatively [7].

The proposed method basically uses a virtual model whicbdatéd on the automat-
ically detected seed point locations. The virtual modelgrin 3D space and also tries
to fix its orientation in order to fit to the building informati in the input DSM. Model
based methods, as the name indicates, make use of a priot ofadeat is expected to
be found in the image and typically attempt to find the bestmaf the model to the data
in a new input image. Having the fitted models, one can appihén measurements, test
and verification steps to see whether the object of integeatc¢urately presented or not.
This is known as a top-down approach. In this study a 3D cubieeisnitial model which
tries to fit on the building segments with elongated shapeuaifdrm height. Using active
shape models, we achieve to high performances to cope witratiability of the input data
source and the geometry of the objects. Mathematical medilthis algorithm are simi-
lar to the previously proposed algorithm [7], however higludustness and reconstruction
accuracy is obtained by 3D active shape fitting instead @fgu8D active shape models.

2 Method and initial results

The proposed method basically works by following the stepsrgbelow.

2.1 Extracting approximate building footprint segments

This step applies local thresholding to the input DSM in ordedetect approximate lo-

cation and footprint shapes of the buildings in the input D$RMgure 1 (a), (b), (d), (e))

Segments are labelled with connected component analysisraall size components are
eliminated since they cannot represent buildings. Howeest of the segments do not
indicate the building footprints straightforward. The sm®in the input DSM might result
having fluctuations at the building boundaries. Besideght®uring trees might be de-
tected as parts of the buildings (as the building segmenigaré 1 (d)).

2.2 Assigning seed points

For each segment, which is obtained by the previous stepgath@stogram is generated
(as the example illustrated in Fig. 2 (h)). Local maxima & thistogram are used to dis-
tinguish building parts with uniform height. If the detedtearts together do not represent
the whole building segment, then more seed points are lbd@atehe mass centers of the
rest of the area. For each building part it is evaluated wardths elongated or not. If it is
not elongated, more seed points are located on the elonpetees as it is introduced in
the previous study [6]. For our showcase building, the autmaity extracted initial seed
points are shown in Fig. 2 (b) and (c).
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2.3 Fitting 3D active shape models

3D active shape models are fit on the input DSM, by growing te&arting from the seed
point locations (Figure 2 (d-g)). Active shape model fittimgone by growing a cube shape
starting from the detected seed points, till the 3D shapeatfodls the best orientation and
size which gives the best energy value.

In the previously introduced work [5], Sirmacek and Unsgbaoposed an automatic
rectangular shape approximation approach (called borgf)ttFirst they used color-invariant
features to extract possible building rooftop segmentsdwanters of the segments are as-
sumed as seed-points (as approximate building centersjl-&@int locations are used to
grow a virtual active rectangular shape based on an eneigyiar To fit box shapes to
buildings, they start to grow the active rectangular shapeaxh(xs,ys) seed point loca-
tion. When the active rectangular shape grow8 idirection and hits to the Canny edges,
the growing process is stop and they calculate an energy #&ju This process is re-
peated for the same seed point for differéndirections and each timgy energy value
is computed. This energy value is defined as the sum of minimiigtance between vir-
tual building edge pixels and the real building segment ldaoy pixels in perpendicular
direction as given below;

B = imm<sqrt<<xv<i> —xe(1))2 = (D) — yel(1))2)) M

Here, (x(i),(i)) represent coordinates fiah pixel on the edges of the virtual rectan-
gular shape(xe(]),Ye(])) represents thé¢th pixel on the Canny edges of the building seg-
ment. For the same seed-point, they apply growing procesdl®< [0, 11/6, 11/3, 11/2,211/3, ..., 211]
angles with8yi = 11/6 radian turning steps. As they redug;: step sizes here, they
can obtain more accurate approximations, however in thée tlaey need more compu-
tation time. This issue is discussed in their article in dlefdter calculatingEg for all 6
(6 € [0,m/6,11/3,11/2,211/3, ...,211]) angles, they pick the estimated box which exhibits
the smallesEg energy as detected building shape. Since most buildinggaeetangu-
lar shapes or generally they appear like composition ofrenilar building segments, it
makes sense to extract rectangular shapes on buildinganalmeadvantage of using the
box-fitting approach is that approximate building shap#san be found even if the build-
ing edges are not well-determined, or even if there is nobaed edge. However, other
region growing algorithms fail to extract an object shapthese cases, since the growing
region can flow out easily when the parameters are not seisphgc

In another earlier work [6], Sirmacek et al. have improveel Itlox-fitting approach to
detect complex building shapes. In their approach, thay with deciding if the building
segment is complex or not. If there are inner yards (holesfénof the segments, they
assume them as complex shape. They make this decision byutiognEuler number on
binary building segment. Euler number of a binary objectafired as the total number
of objects (equal to 1 when only one building segment is takeinus the total number
of holes in those objects. If Euler number is calculated agkqr less than zero, the
building is assumed as a complex shaped building. In thie,ahgy use the following
steps to estimate the shape. They divide the building segimienelongated pieces using
its skeleton. To do so, they detect junctions and endpofriteeduilding segment skeleton.
A junction is defined as a pixel which has more than two pixetlicating the building
skeleton in the neighborhood. An endpoint is defined as d pilkieh has one pixel in the
neighborhood.They divide the skeleton into pieces by rengpthese junction pixels from
the skeleton. For each obtained skeleton piece, they divédgin intol pixel length pieces
if it is longer thanl pixels. They assume center pixels of obtained skeletorepias their
seed-point locations to run the box-fitting algorithm.

Herein, we apply the similar approach by using the similgarapch by improving the
Equation 1 in order to consider height information as wetl.db so, at each growing it-
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eration mean height value of the internal virtual box pixatsl mean height value of the
immediate outer edge neighbourhoods of the virtual box drsrére compared to each
other. If this difference is less than 2 meters than growiracess is carried on as nor-
mal box-growing approach. Otherwise, the box growing ip stod the next orientation is
considered for trying to fit the virtual box.

After detecting building groundoor shapes, it is possibléry to fit coarse rooftop
models on the building models. To do so, it is possible to $oon classifying the
building rooftops as flat or gable simply. Obtained inforimatan be useful to insert
3D roof models. The classification can be done by checkingitlge-line informa-
tion. The ridge-line’s can be detected by using derivatierfilf there is not enough
ridge-line information detected then the rooftop can besifeed as 'flatroof’ oth-
erwise it can be classified as a 'gableroof’. The applicatiihbe discussed at the
workshop on real showcases.

3 Conclusions and future work

In the workshop, we will show accuracy assessments on hggdivith different geomet-

rical complexities. Besides, we will test the algorithm o8Nds which are generated by
different sensors and different techniques. We expecethjeantitative tests will provide

better understanding of qualities, capabilities and joil#ges for applications. In addition

to that, we would like to improve details of the 3D models byliad rooftop models as

shown in the example study presented by Xiong et al. [8].

@ (@

Fig. 1: (a) Airborne laser scanning DSM data taken over Deljt (o) an example building to illustrate the
steps of the proposed algorithm, (c) Canny edges of the DSM sho\),i (d) local thresholding result
for the DSM shown in (b), (e) connected components labelleld different colors for detected segments
shown in (d), (f) object of interest is chosen by removing the eoted components which are smaller than
a certain size threshold, (g) result obtained by using 2D acti@pesfitting approach which is presented in
the earlier work [8] (neighbour tree is also detected as agddite building).
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Fig. 2: (a) Gridded ALS data of an example TUDelft building), &d (c) show the automatically extracted
seed points, (d), (e) and (f) show the 3D active shape fitting sessihg the seed points which are shown in
(b) and (c), (g) all 3D active shape fitting results are showntteggeas a building model in 3D environment,

(h) histogram of heights for the input ALS shown in (a) here greeints indicate the detected local

minimums and red points indicate the detected local maximums dfetigt histogram.
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Describing Paris: Automated 3D Scene Analysis via
Distinctive Low-Level Geometric Features

Martin Weinmann, Boris Jutzi and &nhent Mallet

1 Introduction

The automated analysis of 3D point clouds has become a tdgiceat importance in
photogrammetry, remote sensing, computer vision and ictddne avenue of research
directly addresses the analysis of urban environmentsremeeent investigations focus
on 3D reconstruction (18; 33; 13), consolidation of impetfecan data (32; 5), object de-
tection (24; 28; 4), extraction of roads and curbstones ad markings (2; 34; 9), urban
accessibility analysis (25), recognition of power-lingeas (12), extraction of building
structures (27), vegetation mapping (31), large-scajernaitdeling (14), semantic percep-
tion for ground robotics (10) and semantization of compl& enes (1). A common
task for many of these different applications consists d@fifpcdoud classification (11; 19),
where each 3D point is assigned a specific class label.

Addressing the issue of urban point cloud classification -en@tthe spatial 3D data
may be collected via airborne, terrestrial and/or mobisefascanning — we face a variety
of challenges arising from the complexity of respective 8Brees caused by an irregular
sampling and very different types of objects. Since theltesd urban 3D scene analysis
may vary from one dataset to another, publicly availabladsiad datasets are desirable in
order to compare the performance of different methodok@i@ensequently, there has been
a steadily increasing availability of 3D point cloud datasa recent years (20). However,
urban point clouds with respective point-wise manual aatians in terms of semantic class
labels are still rarely available, although this represenprerequisite for supervised point
cloud classification. One of the most widely used datasetsei©akland 3D Point Cloud
Dataset (17) which contains approximately nillion labeled 3D points. This dataset
however is not tailored for designing large-scale procespipelines.

Due to the recent technological advancements, it is medewbssible to collect multi-
dimensional spatial data in a fast and efficient way via &ri@d and mobile laser scanning.
In order to foster research in advanced 3D point cloud psicgstwo publicly available
labeled point cloud datasets representing densely saropiech environments have been
presented (26; 22). These can be considered as a first stepitlarge geospatial datasets
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in terms of city-scale or even larger. The availability ofswatasets is important for com-
paring large-scale processing workflows which is the canedof a recent benchmark (22)
and addressed in this paper.

In the following, we first present a methodology which is elgslinked to recent in-
vestigations on 3D scene analysis involving optimal neaghbods and different classi-
fiers (30; 29). Based on these investigations with a veryiléetavaluation, we can directly
select the most appropriate solution with respect to urlias@ne analysis. The consid-
ered criteria address feasibility in terms of simplicitydareproducibility of the involved
components as well as performance in terms of accuracy amgwtational effort. Sub-
sequently, in order to extend the applicability of the seddanethodology, an adaptation
for large-scale urban point cloud classification is preserin this paper which does not
affect the quality of the results, but allows a successiegssing of huge point clouds
with billions of points in reasonable time.

2 Methodology

For 3D scene analysis in terms of uniquely assigning each@it p semantic label, we
propose a fully automatic and non-parametric methodolobickvconsists of three suc-
cessive steps as shown in Fig. 1. In the first step, each théiVBD point is characterized
with a local 3D neighborhood of optimal size (Section 2.1hisTallows an extraction of
highly distinctive features which is pursued in the secote,swhere various geometric
3D and 2D features are taken into consideration (Section Bially, in the third step,
the distinctive features and a small set of training exaspke provided to a supervised
classification scheme (Section 2.3).

3D Point
Cloud Data

¥

Neighborhood
Selection

\4

Feature
Extraction

\4

Classification =» Section 2.3

¥

Labeled 3D Point
Cloud Data

= Section 2.1

= Section 2.2

Fig. 1. The proposed methodology consisting of three compondntselection of optimal neighborhoods,
(2) low-level geometric feature extraction and (3) indivatipoint classification.



Automated 3D Scene Analysis via Distinctive Low-Level Geonegfeatures 27

2.1 Selection of Optimal Neighborhoods

In general, there are very different opportunities to defimelocal 3D neighborhood of
a given 3D point such as a spherical or a cylindrical neighbod with fixed radius. A
further definition accounting for more flexibility in casewvafrying point density is based on
selecting thek closest neighbors of the respective 3D point. Howeverhal¢ definitions
rely on the specification of one free scale parameter. Carestly, it would be desirable
to optimally select the respective parameter in an autanmaéinner. For this purpose, we
may also take into account that the optimal choice certaielyends on the respective 3D
structures and might thus strongly depend on the respesgitigs label.

In order to adequately address these issues, we proposeve tthe optimal neighbor-
hood for each individual 3D point based on its closest neaghtRespective state-of-the-art
approaches which focus on the optimal choicek@re based on the local surface varia-
tion (23) or an iterative scheme involving curvature, paiensity and noise of normal
vector estimation (16; 15). As an alternative, the use ofetisipnality features has been
proposed which is based on the idea that the optimal neigjolodrsize favors one dimen-
sionality the most (7). Very recently, a definition based animizing the disorder of points
within a 3D covariance ellipsoid has been proposed (30)¢kvban be considered as more
general since it avoids assumptions on the presence offispg@bmetric structures in the
scene.

Exploiting the local disorder of 3D points as measure forvileg optimal neighbor-
hoods, the resulting 3D neighborhood size depends on doradérformation preserved in
the spatial arrangement of neighboring 3D points and mag bedlifferent for each indi-
vidual 3D point. Even though optimal neighborhood sized@e causes a higher compu-
tational effort with respect to both processing time and mgnconsumption, it should be
taken into consideration since the classification accuisasignificantly improved accord-
ing to recent investigations (30).

2.2 Extraction of Distinctive Low-Level Geometric Features

Since many of the publicly available 3D point cloud dataseily contain information
about the spatial 3D geometry, we focus on the use of geanfetatures. Once the op-
timal neighborhood size for a respective 3D point has beenatt we may assume that
highly distinctive features can be derived at this scalewéler, the selected scale typi-
cally corresponds to a relatively small absolute size, &ede¢spective local 3D structure
can therefore only be described with low-level featuresrtter to define adequate geomet-
ric features, we follow recent investigations involving altitude of geometric 3D and 2D
features (29; 30). For each 3D point, respective featuebased on the eigenvalues of the
3D structure tensor, geometric properties of the consiti@iBeneighborhood or geometric
properties based on a 2D projection onto a horizontallynbeie plane.

In total, a set of 21 low-level geometric features is thusdalted for each individual
3D point, and their distinctiveness is increased by comsigethe optimal neighborhood
size which has been derived in the previous step.

2.3 Random Forest based Classification

For classification, we exploit a standard supervised schemsed on a Random Forest
classifier (3) which represents a modern discriminativehoeiand provides efficiency in
case of a large amount of input data. Given a small set ofitrgiexamples, we first ensure
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that the number of training examples per class is equallyiliged since an unbalanced
distribution may have a detrimental effect on the trainimgcess (6). This is done by
randomly selecting the same number @id0 training examples for each class.

3 Adaptation for Large-Scale Urban Point Cloud Classificatian

Recent investigations clearly show that optimal neighbods have a significant, benefi-
cial impact on the classification results (30). However,dbditional calculations cause a
drastic increase in computational effort, particularly éptimal neighborhood size selec-
tion and feature extraction. Consequently, the describetthodology is suited to process
point clouds containing up to a few millions of 3D points. Wheamsidering huge point
clouds at city-scale with possibly billions of points — whits the aim of recent effort in
order to obtain an adequate 3D model of a whole city like Raas adaptation has to be
introduced.

The adaptation described in this paper does not affect taktgof 3D scene analysis,
but only the scalability of the methodology in order to prestarger datasets. Specifically,
it introduces a successive processing based on a slidindpwifunction which is shifted
in discrete steps and involves a small buffer in order toddiscontinuities at its borders.

4 Datasets

Since we focus on the issue of urban 3D point cloud classificatnd want to facilitate
an objective comparison to other methodologies, we conside publicly available and
labeled datasets representing densely sampled urbaonemeénts. Both datasets have been
acquired in the city of Paris, France, via mobile laser scan(MLS) systems:

Paris-rue-Madame databag426): This dataset has been acquired with the mobile laser
scanning system L3D2 (8) equipped with a Velodyne HDL32oittains 20 million points
corresponding to a digitized street section with a lengthpgroximately 160 m. A respec-
tive annotation has been conducted in a manually assistgdnehincludes both point-wise
labels (26 different classes) and segmented objects (G42teln total).

Paris-rue-Cassette databag®?): This dataset has been acquired with the mobile laser
scanning system STEREOPOLIS 1l (21) in January 2013. ltenily contains 12 million
points corresponding to a digitized street section withreytle of approximately 200 m,
but it will be extended to a length of 10 km. A manually assisienotation includes both
point-wise labels and segmented objects.

5 Conclusion

We present a methodology for semantic 3D scene analysistaratiaptation for huge
point clouds with billions of 3D points. The methodology uégs a higher computational
effort which, in turn, is justified as it significantly impres the classification results in
comparison to state-of-the-art approaches (30). Thedotred adaptation overcomes this
limitation and also allows a large-scale urban 3D sceneyaisalA visual impression of the
classification results for the Paris-rue-Madame datalsasieawn in Fig. 2.
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Fig. 2: Classified point cloud with assigned semantic labels (fcgdhy, ground: brown, cars: blue,
motorcycles: green, traffic signs: red, pedestrians: pink): Theyrappearance results from individual
point classification.
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Towards Medial Axis-based point cloud
simplification for LIDAR point clouds

Ravi Peters

Abstract Current methods from GIS practice to simplify large airtloiliDAR point
clouds are unaware of significant surface characteristidswaork under a 2.5D assump-
tion of the sampled surface. | investigate an alternatingsfication method based on the
Medial Axis Transform that does not suffer from these shmrtings. An important pre-
condition for this method to work successfully is the apitih construct an approximation
of the Medial Axis Transform that is robust to the noise thgatyipically present in air-
borne LiDAR point clouds. Therefore | propose an adaptatiban existing algorithm to
approximate the Medial Axis Transform. Preliminary resiitdicate that this significantly
reduces effects of noise in the resulting approximatiomef¥edial Axis Transform.

1 Introduction

With recent advances in remote sensing technologies suainbasne LiDAR, photogram-
metry and multi-beam echo-sounding we are able to acquomgtic data of the Earth’s
surface in unprecedented quantities and accuracy. Thétingsalevation models (point
clouds) have a broad range of applications such as flood inggelike monitoring, cri-
sis management and city modeling (12). One of the first LiD#d8ed point clouds with
national coverage was the Dutéttueel Hoogtebestand NederlagHN?). Its current
iteration (AHNZ2) offers an average point density of 8 poip¢s square meter, totaling up
to hundreds of billions point measurements for the wholdefMetherlands. Furthermore,
municipalities such as Rotterdam are maintaining their bdAR datasets with average
point densities of over 30 points per square meter. Suclsel@dt@ave big potential for the
aforementioned applications.

However, it proves challenging to efficiently manage andcess huge point clouds
such as AHN2. Two not entirely unrelated issues can be ffikththere. First, because
they require so much storage, they do not fit in a computeté&rimal memory (8). As a
result, many of the conventional software tools are veryfitient with large datasets,
and might even refuse to finish processing entirely. Secon@lS, an elevation model
is commonly treated as a 2.5D surface such as a raster or aWlhie this alleviates
memory requirements and simplifies computation, it comethatprice of a significant
loss of information because 2.5D data structures are simphple to represent the 3D
information present in modern LiDAR-based point cloudsn€amuently, the information
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that is lost during conversion from precise and fully 3D paiouds to (approximate) 2.5D
surfaces, is no longer available for any subsequent primcess

2 The simplification operator in practice

Simplificationis the process of reducing the number of points in a pointdlquefer-
ably while preserving the shape of the sampled surface dsawglossible. This is often
one of the first steps in a GIS processing pipeline, sincelitalso reduce the amount
of CPU time required to execute the remaining part of thelpipeStandard approaches
implemented in GIS packages, such as ArcGIS, include rarataifi point selection, con-
straining the number of points contained by a moving reatirgvindow, and variants of
TIN decimation (similar to Lee (9)). The first two are, becaws their simplicity, quite
fast to execute, but they treat all points equally, becabisechance of removal is equal
for every point. Yet, some points are more valuable thanrsthibat is particularly true for
points that describe significant surface features (suchuidity corners or the edges of
a landform). The simplification operator should therefdterapt to preserve these points,
and prioritize the removal of points that are relativelyraportant (for example in large
planar regions). Simplification based on TIN decimatiomalty attempts this, albeit from
a 2.5D perspective. In TIN decimation, points are assigmeithgortance value based on
the vertical variation of their local neighbourhood and kba&st important points are the
most likely to be removed. Although this method is much mogeeasive than the earlier
two, it gives much better results, typically removing momenps while staying closer to
the original surface (3). Unfortunately, as noted by Cradf), this method should only
be used for LIDAR point clouds withStreturn surfaces (thus ignoring any following re-
flections for the same laser pulse due to penetrable surfacesas trees or glass). In other
words: when the point cloud features actual 3D geometriedl@ms arise. This is due to
the planar triangulation that takes place during TIN detioma which assumes that the
input point cloud only samples 2.5D shapes. This demorsitae need for practical point
cloud simplification methods that treat the input point csas truly 3D.

3 Medial Axis-based simplification of point clouds

My hypothesis is that the Medial Axis Transform (MAT) enabteue 3D analysis and gen-
eralization of LIiDAR point clouds in a practical manner. TMAT (2) is a shape descriptor
that compactly represents both the geometry and the topolioghapes (see Figure 1). Itis
formally defined as the set of maximally inscribed ifoedia) balls of a shape. The centers
of these balls make up a skeleton structure. The MAT conaidieth this skeleton and the
medial balls (see Figures 1la and 1b). Succesfull Applinataf the MAT include surface
reconstruction (1; 5), shape simplification (13) and feataware mesh (7). Matuk (11) and
Dakowicz and Gold (4) have shown that the 2D MAT can be suodgsipplied for 2.5D
terrain simplification.

Ma et al (10) introduced the shrinking ball algorithm to appmate a point approxima-
tion of the MAT from an oriented input point cloud. For eaclmgde point the algorithm
finds an empty maximal tangent ball is by iteratively redgéta radius using nearest neigh-
bor queries (see Figure 4a). Compared to earlier (Voroaset) algorithms (e.g. Amenta
et al (1) and Dey and Zhao (6)) it is simple, fast, robust ircpca, and easy to parallelize.
This makes it a good choice for approximating the MAT of lakgleAR point clouds. Ma
et al (10) also demonstrated that their method can be employdeature-aware simplifi-
cation of carefully sampled input point clouds. This is lthee thelocal feature siz€LFS)
measure, which is defined for every point in the input poiotdi as the shortest distance
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(a) A 2D shape (b) Its (inner) medial axis and some (c) The 3D MAT of a sur-
medial balls. face model of a hand con-
sists of faces, edges and
vertices (1).

Fig. 1: The Medial Axis Transform

to the MAT (see Figure 3a). The main idea is to preserve peoittsa low LFS, as these
are close to the MAT, which generally indicates high curtatéigure 2 demonstrates this.

(a) Before simplification. (b) After simplification.

Fig. 2: Example of LFS-based simplification on synthetic datadet. Joint clouds are triangulated for
illustrative purposes only.

4 Handling noise

The MAT is notorious for its sensitivity to small perturbats in the object surface which
greatly affects the effectiveness of application such aS-bksed simplification which re-
quires a sufficiently dense representation of the MAT thabisome degree insensitive
to noise. Airborne LIDAR point clouds on the other hand tgllig suffer from relatively
low-density sampling and significant noise.

Existing methods to deal with noisy input points (e.g. thehrods used in Amenta et al
(1)) allremovenoisy MAT points. The resulting MAT approximation can thiecbme very
sparse for higher input noise levels. To deal with this peobl propose an adaptation of
the original shrinking ball algorithm. It is based on anahgzthe sequence of shrinking
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balls that is generated for every input point (see Figurel4agke the key observation that
in these sequences a noisy ball is often preceded by a biié thpproximately medial and
unaffected by noise (compare balls 4 and 5 in Figure 4b).ui$ tomes down to picking

the best candidate from the sequence of shrinking ballsishgeénerated for every input
point. In order to choose thisestball | use theseparation anglei.e. the angle that is

formed by the vectors between a medial point and its two spoeding surface points, as
illustrated in Figure 3b. Balls with a large separation azaagally considered less likely
to be influenced by noise (see e.g. (1)). Whenever the separatigle reaches below a
threshold or when the difference in separation angle betviwe consecutive shrinking

balls reaches above a second threshold, this ball is igrasvédhe ball-shrinking process
is stopped. Figure 5 illustrates the effect of this adapitadif the shrinking ball algorithm.

The resulting MAT approximation is generally much bettelirdsted in the presence of
noise.

Do note that these are preliminary results based on ongesgarch.

(a) local feature size (b) separation angle

Fig. 3: Geometric measures on the MAT. MAT in blue, object surfadgack.
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Voxel based scalable registration of laser scanned
point cloud data by neighbourhood voting

Jinhu Wang, Roderik Lindenbergh and Massimo Menenti

Abstract We propose a novel technique for automatic scalable registr of 3D point
cloud data acquired by laser scanners based on voxels. [fhistlm is composed of two
steps. Firstly, coarse registration. This step is achidweirst resampling the two point
cloud data into 3D voxels of a uniform size. Then the secontromoment features of
the voxel are abstracted based on the points within the vardlafterwards neighborhood
voting of the voxel is performed to strengthen the featurgsdsl on the correlation of the
final voxel features of the two point clouds, correspondsrizween the two voxels are
found. Consecutively the random sampling consensus (RANSAgorithm is employed
to remove outlying correspondences until a coarse alighrram be made. Secondly, a
fine registration is acquired in the final step by running tieeative Closest Points (ICP)
algorithm with just a few iterations.

Key words: Scalable registration; Neighborhood voting; Tensor; Pclioud

1 Introduction

Laser scanners provide an efficient solution to acquire aggluracy and dense point cloud
data of objects. This enables for rapid modelling for 3D restauction, architecture, tun-
nels and civil engineering. However new laser scannersetalip to 1,000,000 3D points
per second, which makes the processing of the data time wonguwhich many data is
highly redundant. In7), an octree was employed to organize point clouds to perédrm
ficient processing, and also algorithms are developed basexdich octree organization.
However the features derived are point based, which iscstitiputational expensive. Also
the down sampling method used is brutal while some critioahers or edge points, which
are very important features, may not be retained. While irL{3point cloud is sampled
as voxels and pole-like objects are detected. The advastEgbese approaches are that
the information and location of the key points are not diardgd. Still, the crucial issue
about voxel based 3D point cloud processing is that for thetptoud data, different sub-
division schemes will have different voxel structures ane possibility of strong voxel
based feature abstraction from within single voxels is Vienjted. To improve the feature
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abstraction procedure, we propose that to take voxel neighihto account. In (1; 4), the
k-nearest neighbors (KNN) algorithms were used to obtaightmrhood points, consecu-
tively principal component analysis (PCA) was used to caeguhe Eigen features from
points that within the neighborhood. The relationship betwine neighborhood points are
then acquired by tensor voting. However, this method is agatpnal expensive and is not
appropriate to deployed for huge population of point cloddt as acquired by the new
laser scanners. The method introduced in this paper is d baged approach and can cope
with the large point cloud data sets which is demonstratea i@al registration scenario.

2 Methodology

The registration method introduced in this paper consist&@ steps, i.e. coarse registra-
tion and fine registration. In the coarse alignment stepfwlepoint cloud data were first

sampled as voxels with a larger voxel size, then the Eigemifeaf every voxels are com-

puted based on the points in the voxel space. As shown iné&@juhe three Eigen values
are determined by decompose the points in the voxel with R@A the arrows denote the
directions of the three Eigen vectors.

Fig. 1: Eigen features of the points within voxel cell

To make the voxel attributes distinguishable, a neighbadheoting scheme is per-
formed to enhance the features. For a specific voxel cellnegfas a votee, its neighbor
cells, which are categorized into three classes, i.e. fzage and vertex neighbors are all
defined as voters. As is shown in Figure 2, (1) and (2),(3p(8 (5),(6) depict the face,
edge and vertex neighboring cells respectively. The voaklic red is the defined votee
cell, while all the rest cells are labelled by an index nundrerthe voter cells.

Each of the voter cells Eigen features contributes to thttefotee. So the contribution
of each voter to the votee is integrated with regard to a 8aloter cells by neighborhood
voting scheme as described in Figure 3. It depicts the vatingess from the voter, which
is a vertex neighbor cell with index 19, to the votee. The Eigalue of the voter in each
direction gives a certain amount of token to the votee. Aftding procedure, the votee
obtained the neighborhood voted Eigen features, which wene imported to the corre-
spondences searching procedure.

Correspondences are searched afterwards with regard tdhstected Eigen features.
Ouitliers are rejected with RANSAC, then the transformatastimated. A smaller voxel
size is used to perform the above processing again until dhese registration is good
enough to perform fine registration. In the fine registratibe well-known ICP algorithm
is used to acquire the final transformation.
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A

]

Fig. 2: Votee and its categorized neighbouring cells

Ata

Fig. 3: Neighbourhood voting from a vertex neighbour to tbtee

3 Initial Results

The voting algorithm is implemented using C++ and the vigadibon is in OpenGL. The
test point cloud data sets are a laboratory scene scanndtbby20/120 and have a popu-
lation 407,780 points. With a random transformation matridtiplied to the original point
cloud generated the second testing point cloud data. Tlaesé&t are shown in Figure 4.

Then voxels of the two data sets are then generated with #al imbxel cell size of
0.3 meter. As shown in Figure 5. Consecutively the corredpoeces are searched based
on the similarity of the Eigen features abstracted preWjouss shown in Figure 6. This
test shows that more than 70 percent of the correspondenedsuly matched, so the
RANSAC algorithm could be employed to remove the outlietsefT the initial transform
could be performed.
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2

Fig. 5: Voxels generated from the two point cloud data sets

After this transformation, new voxels are generated witimalker voxel cell size and
obtain a finer alignment. A few iterations later the pointutle are almost fined aligned and
then the ICP is employed to acquire the fine registration.

4 Conclusion

The method in this paper efficiently performs the coarsestegfion and act as an initiation
of the ICP algorithm for a fine registration. And the methodabdated with a sample point
cloud data which verified its feasibility. Also since the tmad only taking the voxels into
account, the algorithm is computational cheap and runs #ryoon the desktop PC.
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Fig. 6: Correspondences of the two voxels
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Advancing a geospatial framework to the
MapReduce model

Roberto Giachetta

Abstract In recent years, cloud computing has reached many areasygfuter science

including geographic and remote sensing information systeHowever distributed data
processing solutions have primarily been focused on psimgsimple structured docu-
ments, rather than complex geospatial data. Hence, movingrd algorithms and data
management to cloud architecture may require a great dediiouf.

This article describes the evolution of the AEGIS spatimfteral framework towards cloud
based spatial data processing, based on the mainstreameddap&paradigm by using the
Apache Hadoop implementation. The architecture of the éwonk enhances both data
storage capabilities and the processing model allowingtbeiously implemented algo-
rithms to be easily adapted to distributed execution withtha need of any transforma-
tion. Furthermore, extensions allow the processing of dexgeospatial data including
remotely sensed imagery in the Hadoop environment.

1 Introduction

In recent years cloud computing has become an active re§elitpromoting a paradigm
shift for organizations and businesses to use cloud serfaceheir information infrastruc-
ture. Cloud computing presents virtually unlimited poggibs for data analysis, which is
also required due to data sets becoming enormously largecanglex (usually referred as
Big datg (1).

Many concepts and systems have been developed for dataspimgen the cloud,
most notably thevlapReducenodel (2), and its open-source implementation, Alpache
Hadoopframework (3), which have become the industry standard. é¥ew the original
aim of the MapReduce paradigm was to process simple textngeats, thus the imple-
mentation of complex algorithms and the management of bgésreous data structures
may become an overwhelming task. To counteract this, sessensions and toolkits have
been introduced that operate over the Hadoop platform enggdlwide range of data man-
agement, mining and analysis possibilities (4; 5).

In terms of geographical information systems (GIS) and telgsensed image analy-
sis, the new paradigms have already been successfullyedpplimultiple cases, leading
to frameworks specialized for spatial data storage and/sisallThere have also been some
experiments with remotely sensed image processing. Howellepproaches require to
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adapt the processing workflow to the specific environmertt) thie architecture and exe-
cution model in mind. In contrary, most spatial data analysocesses performed at orga-
nizations, such as tHastitute of Geodesy, Cartography and Remote Sensioglf, have
their evolved workflows using multiple (proprietary or opsource) software and GIS ex-
pertise (6).

In a joint work between ©MI and theE6tvos Lorand University (ELTE)Faculty of
Informatics a spatial and remote sensing data management and practsskit is devel-
oped under the nam&EGIS(7), which is designed to be adaptable to multiple architec-
tures. Certainly, advancing this framework to perform atiens using MapReduce model
requires several considerations, but the extension of fleeation execution environment
allows reuse of previously implemented operations witheowt modification. The imple-
mentation of this extension is currently in progress, butearly results are promising.

2 Related work

In the past decade, geographical information science hasdya significant role due to
the spread of GPS localization, navigation systems and tidigation of geographical
data via Internet. As cloud computing became prominentethave been several steps
made to advance GIS to the cloud, which has ledpatial cloud computing8). Several
solutions have been researched, mostly focused on howidtsgx¥{adoop framework can
be improved. Cary et al. have shown that the Hadoop envirahosn be used for spatial
data processing, even for building spatial indices usingR&duce processes (9).

Complete software packages have also been developed alighpdbFor example&pa-
tialHadoop (10) extends functionality with efficient spatial data sige, spatial indexing,
and spatial query support. By separating local from globdices, efficient query execu-
tion can be performed with MapReduddadoop-GIS(11) offers complete spatial data-
warehouse solution ovétive (12), and uses spatial partitioning to distribute data.iAga
spatial indices are built up (mainly using bulk R* trees),iethare further used by spatial
queries. Both solutions are primarily designed to enalfleiennt spatial queries of vector
data.

In the context of raster data, image processing has also fiemressfully applied to
the MapReduce model. Golpayegani and Halem showed tha¢mepiting image analysis
operations in Hadoop can be performed in a straightforwaygl(@3). By using a cell based
allocation of images, thilap function is used both as a locator and initial processorswhi
the Reducestage performes result summation. A different approachdiiloited image
processing is presented by Alonso-Calvo et al. (14). Inghidy, images are transformed
to region-based graph representation allowing operatmwsrk on the distributed regions.
Although this method enables easy parallel execution ot m@ye processing operations,
the region based transformation may cause loss of infoomaihang et al. focus on the
problem of managing images in the cloud file system, by extenthe capabilities of the
distribution system (15).

Some studies deal with the efficiency of data processingdrcthud.Apache Sparks
a data processing engine built ont top of Hadoop (16). It etpyclic data flow and in-
memory computing, by relying on read-only memory cacheswknasresilient distributed
datasets This approach is capable of significantly speeding up sfiedata processing,
as seen in case of tigharkdata analytics engine (17). Unfortunately it does not dyact
suit the requirements of image processing, but the basécdde be incorporated.
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3 The AEGIS framework

The AEGIS framework is a geospatial toolkit initially dewpkd for education and research
goals, and is currently used as a learning tool for computiense students at ELTE. It
is based on well-known standards of tB@en Geospatial Consortium (OGGnd state
of the art programming methodologies. The framework is engnted usingNET/Mono
Frameworksto exploit the wide possibilities and the simple usage of thevelopment
platform.

The framework has a component based architecture in order & adaptable and cus-
tomizable as possible. Components can be added and reeddmyizhe system even during
runtime. AEGIS supports both vector geometry and remotehged images based on the
well knownSimple Feature Accessandard. A wide variety of source formats is supported
for storage of spatial data. These sources are representtatasets known antitiesin
the framework. Entities may refer to a single object, or maycbllections consisting of
multiple parts (child entities), allowing handling of pattor distributed datasets. An in-
ternal revision control system is also provided for maimitag information on alteration of
data and reverting changes.

The processing module uses a meta descriptor system torsuppttime management
and extension. New operations may be added, or existingatipes can be extended to
support new kind of input data. Operations may also be pealith multiple versions,
when adding new features or altering functionality. Thecexien of the operation is per-
formed using aroperations enginewhich manages all operation metadata, and parallel
execution. The operations engine can be implemented torarigoament able to perform
the execution of operations.

The schema of data and operation management can be seentie Eig

IdentifiedObject
IdentifiedObject ' OperationMethod
OperationParameter |
«property»
+  Version() :void

*

4

*
¢ I.
OperationsEngine Operation
+  ExecuteOperation(Operation) :void | +  Execute() :void
+  ExecuteOperationSequence(Operationf]) :void
) +Source +Result
+Child *
Entity < Feature
+Parent /

Fig. 1: The processing schema of the AEGIS framework

As data management, entities and operations engines ardgeaxtthangeable, the ad-
vancement of the framework to use Hadoop as storage andtexegqlatform, can be
performed by only modifying these components. Adaptat®ofacilitated by the stream-
ing capabilities of Hadoop, and the easy file system accésg REST. However to benefit
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from the strengthen parts of the distributed environmeanyrextensions should be added,
mainly to data management.

4 Data management

To enable spatial data processing in the cloud, well dedigiatga management is required,
as spatial features may come either in vector or raster fipana may contain descriptive
information (metadata).

As seen in Section 2, to enhance the performance of spatalegy the data can be
distributed in a variety of ways. For most spatial operatjatistribution based on spatial
extent can drastically enhance performance of spatialatipess. For efficient access, in-
dices can be constructed at node level and system levelR&8% of the data can be stored
as files (preferably in a simple format). From the systemiataaf view, these parts can still
be considered as a single feature, as they can be modeleddasritfiies of a single (par-
ent) entity. The parent entity can also be considered astabkjpalex structure mapping
the partitions to their original position within the data.

However, different operations may prefer a different apptoto distribution. For ex-
ample, in the case of remotely sensed imagery, a clustepagaton usually works on the
multispectral space of the image instead the original donfdius, the data should be parti-
tioned based on the position of spectral values insteaceafspatial position in the image.
Another concern is that queries may also be performed baseatetadata, which is not in
accordance with the spatial or spectral data based digtiburo overcome this, feature
metadata should be separately stored and indexed from timeagey, isolating nodes that
store vector and raster content, and nodes that store neetada

One can think of several other methods to distribute thdarmlglata based on different
usage criteria. This results in thestribution strategyoecoming an argument in the process,
which can be defined based on the knowledge of possible fopertions. Even multiple
strategies can be applied to the same data, resulting imdadti storage, but more efficient
execution of operations. Figure 2 displays the usage oéttifferent partition strategies
performed on the image. In the distributed file system theyamzarts are stored based both
on spatial content and spectral space content, whilst thadata is stored separately.

In case the data is exported from the file systemaggregation strategynay be per-
formed to combine the parts to form a single feature.

As properties of the dataset may change over time (due ta frgou new datasets or re-
moval of stored data), a maintenance service is also redjthieg can perform redistribution
of data and index updating. The redistribution may alsoyapplwv distribution strategies
to the data, when new requirements are made by operationsakgenance requires the
moving of data from one node to another, the service shoukitorossystem activities and
perform tasks in the background, when the specified nodesoaia use.

When working with Hadoop, one must also consider the linatetiof theHadoop Dis-
tributed File SystenfHDFS) (19). A complex image processing operation, suchhggsct
based thematic classification, requires multiple tramsé&tions performed on the image
creating intermediate results (20). In contrary, HDFS wigieed for writing once, reading
many times, thus performing such operations on disk mayitrasperformance bottle-
neck. To overcome this, memory based caching is requireathwhust be shared by the
processes performing steps of the operation.

The final extension comes from user aspect. As most orgémizahave their spatial
datasets already stored in a specific place and format &agional database), transferring
all data to the cloud may not be a preferred, or may not be ablail(for example, the
cloud is public, and the data is copyrighted). Although thesy cause severe performance
reduction, the possibility must be present to access daia fis original source, outside
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Fig. 2: The distributed storage model performing partitionising three strategies

the cloud. Under some circumstances (e.g. network banbwieplication of the database
server), accessing external data may become as fast asiagogata located on HDFS.

In conclusion, the data management component of the frankdsrextended with three
services.

e Thedata import/export serviggoerforming distribution and aggregation of data using
one or more strategies, building indices, and allowing s€de both data located on
HDFS, and data located on external sources. Each datagsghbs@n entity, and each
distributed part becomes a child entity to be accessed byl8B@erations.

e Thedata maintenance servigerforming redistribution of data and updating of indices
in the background. The maintenance should have no impadhemproperties of the
entities.

e The cache manageoperating the local in-memory cache at each node. Theseegach
realize entities during wokflow execution.

5 Processing data

Based on the data management system described in Sectubapding the execution model
to MapReduce paradigm is a straightforward process.

The enhancement to data management enable the distritnateebping of data, as op-
erations on a single feature can be performed by procedsérggtrtial features, which have
been created using a specific distribution strategy. Befeeeution, the best fitting distribu-
tion of the data can be chosen based on the properties of énatam, for example, spatial



50 Roberto Giachetta

partitions in case of image segmentation, spectral pamstin case of image clustering.
The parts are processed in parallel, with the resultingw&tgen to the distributed file sys-
tem. As operations may produce spatial or spectral dataeisdme, or greater magnitude
as the source data, moving results from one node to anothet @ways an option. Thus,
these parts are not aggregated together physically, bugtiblbe considered as parts of a
single result. For this purpose, the initial structure & garent entity (e.g. the spatial in-
dex) is copied to form a parent entity of the resulting détafse example for waterlogging
detection can be seen in Figure 3.

These operations are performed as MapReduce processespgrations engine work-
ing in the Hadoop environment. Tiap function executes the main operation on the par-
tial data on a single node. In case of most operations, thétsese independent of another,
thus no further action is required. However, in some casesstbults of multiple parts need
to be merged together. For example, image segments compuiadividual parts may be
combined. This combination may be performed using an aggjmystrategy, executed in
the Reducdunction.

source parts waterlogging result parts
detection

result feature
source feature

index copy

Fig. 3: Waterlogging detection performed in distributed emwiment

The engine can also handle the execution of workflows buiftarp multiple operations
that are performed sequentially. For example, thematg&sdiaation can be performed by
first segmenting the image, then clustering the segmerddiraily classifying the clusters.
If no merging of intermediate results is required, each afp@n can be performed in the
same Map stage. In this case each intermediate result caoree & the local cache to
enhance performance.

To summarize, operations are performed using the MapRedode! in the following
manner:

e In case no merging of results is required, the operation, dtiphe operations can be
performed using a single Map function, and the Reduce fanatity is omitted.

e Incase merging of results is required, the operation ipergd using the Map function,
and an aggregation is performed in the Reduce function. Whdtiphe operations in
a workflow require merging of intermediate results, muéiiMapReduce processes are
used for performing processing.
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The execution process is managed by the operations engihtharHadoop environ-
ment. All operations are automatically loaded on the deditaode (containing the partial
data), and executed in MapReduce form. The executed opesadire not specialized for
Hadoop in any way, as the environment handles all speci@izeesponsibilities.

6 Conclusion

The paradigm shift to cloud computing can be a tough chaieagd usually requires a
great deal of effort, because data management has to besigemd, algorithms have to
be redesigned. However, when working with a flexible framdythe modification may
be completely performed on system side, without the needinfplementing algorithms.
The porting of the AEGIS framework to Hadoop requires sorf@gtut does not require
complete overhaul. Much thought has been given on achig¢kimgost performance in the
given circumstances.

After the implementation is finished, evaluation will foldoy examining the system
from the performance aspect. Based on the exact resultsy#tem will be further tuned
to achieve the most valuable speedup.

Acknowledgements This research is founded by the FP7 project IQmulus (FP7-IC2318787) a high
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An out-of-core octree for massive point cloud
processing

K. Wenzel, M. Rothermel, D. Fritsch, N. Haala

Abstract Image based surface acquisition using dense image matofetigpds enables

the retrieval of 3D information for each pixel. While the sensesolutions increase, also
the desire of acquiring and handling datasets with more @magcreases. Consequently,
massive point clouds and other surface representationpradeiced, which need to be
accessed and processed efficiently. For this purpose, \gerira framework called Pine
Tree, which is based on an out-of-core octree. It is culydnttused on point clouds, but

can be extended to other data types such as meshes or vatureptesentations. It enables
spatially indexed data storage and quick data queries. dtereonly parts of the data

are loaded from the hard disk to the memory, in order to be @mbf@ocess big data on

common hardware. Within this paper, we present the Pine ffaggework as well as an

example filtering operation, which uses the redundancy eflapping point clouds in order

to perform outlier rejection and data reduction while preisg accuracy.

1 Introduction

Fig. 1: Point cloud derived from airborne imagery
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Point cloud datasets in common projects can contain billiohpoints nowadays in
particular for dense image matching applications, wher¢henone hand the amount of
images and on the other hand the resolution for each imageases. Quick data access
is essential for general bounding box retrieval, but alsgfocessing tasks like filtering,
surface reconstruction or segmentation.

For this purpose, we would like to implement a flexible datacttire focussed on non-
uniformly distributed point clouds supporting unlimitedstom data fields. In order to
adapt automatically to data of varying density, a maximumtldehall be avoided. Fur-
thermore, frequent update and removal of data should beosigop Consequently, the
following requirements can be defined:

Big data. The framework should be able to handle massivet pbdids or other big
spatial data.

Inhomogeneous data. The distribution, density and patisi the acquired data are
varying.

Data queries. Efficient searching on the data is essentidilfering, visualization or
gueries on bounding volumes.

Data updating. Data adding and removal are essential foipmiation processes such
as filtering.

Precision preservation In order to maintain data qualitppéification, resampling or
lossy compression are avoided.

1.1 Out-of-core octree

In order to meet the specified requirements concerning datayiopg, we are using an
octree(9) as access structure. Octrees are basedspaee-driverpartitioning approach
which can have the disadvantage of imbalance if the datatisval distributed. In such
cases, data-driven approaches k{&-Treesas proposed by (1) would require less memory
for the tree structure and enable faster data access.

However, in our case we want to support quick data update;hwikibetter supported
by the regular octree, since the tree partitioning is ngtimglon the current data, and thus,
doesnt require an update of the structure when adding onviegndata. Furthermore, the
octree is well suited foout-of-coreimplementations, since the partitioning at each level is
identical and thus, does not require reading additionakmétion.

Out-of-corerefers to algorithms, which store the data not only in themmagémory, but
also stream from an external memory source. This is paatiuliseful when the data to
be accessed can be significantly larger than the availakile memory.

Out-of-coretree structures are widely used in research often for \igatédn, such
as (13), (4) or (8). Beside this application, also processin the data is performed for
example Poisson surface reconstruction like in (2) or masplgication (3).

In general, only few open implementations are available.Adint Cloud Library(PCL)
at pointclouds.org offers an out-of-core module for poiouds. However, at the current
version 1.7, itis rather focused on visualization and unifly distributed point clouds only,
since the tree is created completely for an a priori defingdde

The out-of-coredata structure introduced by (5) and published in the 3DKihalver-
comes this limitation and works with dynamically splittitige tree until a minimum num-
ber of points are exceeded or predefined maximum depth isedad hus, it adapts much
better to non-uniformly distributed data, since no sulsidn is performed at unoccupied
parts of the dataset.
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2 Pine Tree

2.1 Approach

The Pine Treeframework provides methods for data updating and queryirigle tak-
ing decisions for data storage and retrieval automaticalys enables the development
of processing algorithms for large data with low efforts.oliier to meet the remaining
requirements discussed in the specification of sectionverakfeatures have been imple-
mented:

Dynamic depth. Instead of limiting the tree structure toe@efined depth, the depth is
dynamically adapted locally. By defining thresholds for thaximum data storage, the
depth can be controlled dynamically to the needs of theqadati tasks of updating and
querying. Thus, the requirement of local adaption to noifeamly distributed datasets
is met.

Dynamic loading and writing.  Since an octree is used, eadke m®split into eight sub-
sequent nodes. These nodes can be stored in a folder s¢roctuhe hard disk, where
each folder has eight subfolders. At the final node (leaf hdtle data can be stored as
afile.

Dynamic memory management. In order to perform efficient@ssing on the tree, as
much data should be in the memory (in-core) as possiblegwioit exceeding the limits
of the main memory. For this purpose, a maximum count of nodesre can be defined.
The framework detects, writes and de-allocates unuses pkitie tree based on a usage
history.

2.2 Tasks

Finding nodes In order to find the node corresponding to an,X jyosition, the tree
can be traversed from top to down. At each node, the contasub-node is found. By
repeating this process until the node in the final level ishied, the destination leaf node
can be determined. In order to improve speed for the frequ@eriation of node finding,
we do avoid a check on tHeounding boxor all eight sub-nodes, but only compare to
each coordinate of the node center once.

Data adding In order to add data to the tree, the destinatde s found for each point.
Subsequently, the data is added to the node data vectodéntoravoid time consuming
data allocation, data copying and data de-allocation apérapg for typical push back
approaches, we determine the destination nodes firstiynemdadd the data to the nodes
as blocks.

Node splitting and merging  While most in-core processesiregusmall count of data
items per node for efficient operations, that-of-corepart requires large data blocks.
Therefore, node splitting and merging is frequently reggliDuring splitting, the node
data is distributed to its eight sub-nodes and during mgrdghe data of the sub-nodes
is added to their parent node.

Data reading and writing  In order to write a node to disk, thlesequent tree structure is
created as folder structure on the hard drive, where eaderfahdicates the sub-node
number (e.g Tree/0/3/4/2 for a branch node at level 4). Nadesnly written to the hard
disk, if they contain data. By merging nodes, the resultargér files can be accessed
more efficiently.
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2.3 Memory management

The memory management in tN®de Manageis based on a Node history. This history is
represented by a cycle stack vector of pointers to Nodesamitbnstant predefined size n.
By storing the index i of the last accessed element, the elenoan be written in a cycling
manner with overwriting always the oldest element.

Node tracking. In order to keep track of the nodes in memabegyhistory is updated each
time a new node is loaded to the memory. This occurs in pdaticluring node splitting
and node reading. Instead of keeping track of all leaf nogesynly track their directly
parental branch nodes to reduce the processing overhead.

Node de-allocation. As soon as a hew node is registered, iteiwto the history vector
at the position i, which represents the oldest node. Theiguswnode at this position is
written to disk and de-allocated.

Node sharing. The key challenge is the avoidance of dealtwt, if a node is still in use.
Beside the fact that multiple processes can add the samaatuzhistory, there might
also be a dependency from another process to one of the abilesn De-allocation
would then lead to highly frequent reading and writing ogieres, which would slow
down the process.

The solution to the problem of de-allocating shared nodeso ikeep track whether
each branch is been in use by other branches. Instead otitlyplalidating this for each
element of the history at each time of node registration, me®de this access implicitly in
our tree structure. Each time a node is registered, we ster@dcess number defined by the
history in the index i in the node. De-allocation and writfiog a node is only performed,
if the access number is equal to the current access indexd.\Way, we can avoid the
de-allocation of nodes, which are still required by othede®in memory.

In order to minimize the overhead of the node tracking, wg oadister a node pointer
if it is not the equal to the previously registered node aritlisfnot equal to the previously
registered parent node. This way we can avoid overheadglfréquent occurring subse-
guent splitting steps. Thus, few registrations are requil@ing tree unfolding e.g. during
data adding, in particular if large blocks of data are preedsat once or dynamic splitting
during processing for faster queries.

Folding and unfolding. A key bottleneck of an out-of-coreetiis the access to the hard
disk. While for the processing in-core many nodes with smathdortions are bene-
ficial, the writing of many small files onto the hard disk regsia lot of time. This is
due to the general access latency for each file, but also #rbesd of updating the file
system tree structure. For this purpose, we merge noddsheyicontain aminimum
data countbefore writing and split them after reading.

2.4 Usage

The Pine Tree is implemented in a C++ environment. Curretityy/tree can contain point
clouds with various fields and can easily be extended to athtx types like meshes or
volumetric representations. Operations on the tree camipéemented using only basic
functions likegetDataor getSubnodesThe whole memory management is performed au-
tomatically in background.
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3 Point cloud filtering

Within the following section, we would like to present a simfilter exploiting and reduc-
ing the redundancy occurring for overlapping point clodighin the local neighbourhood
only the densest point cloud is preserved, while points fctouds with locally less density
get rejected.

This is particularly useful for applications, where poitduds were retrieved from mul-
tiple stations as occurring for point clouds from dense ienagtching and laser scanning.
The overlaying clouds can on the one hand be used to validateather in order to reject
outliers by enforcing a minimum redundancy. On the othedhanly the locally densest
cloud is preserved, which rejects noisier data from statfanaway.

3.1 Algorithm

The core concept of the algorithm is to split the tree, urddlenode contains from each
point cloud one point at maximum. Thus, no node can have tapirom the same point
cloud.

By preserving the information which cloud was the densesillg during the recursive
splitting, we can then preserve only the point from this dlathile rejecting all points from
clouds with locally less resolution. Consequently, only thoud with the highest density
remains.

The splitting of the tree is performed by splitting the leafltecome a branch node,
recursively calling the filtering function again on the sutdes and merging the resulting
nodes. Consequently, the tree is unfolded locally for therfilg and subsequently folded
again by merging the resulting data.

Additionally to the local density filtering, we can constrai certain redundancy to per-
form point consistency validation. This is particularlyefid when outliers remain in the
point cloud for example if only stereo image pairs were usedife point retrieval.

The redundancy constraint can be applied on the final leaésadter the recursive
splitting process described above. Since each leaf nodéhaam only one point cloud
source, we can reject the leaf as soon as the point countishas the minimum defined
fold (min fold). Results are shown in the appendix.

4 Results

In order to evaluate the performance of the tree as well altbe several data sets have
been processed with the softw&@ERE(11). The resulting highly overlapping point clouds
for each image have been added to the tree without previstisgsdSubsequently, the data
was added to the PineTree and the filtering approach deddnbsection 3 was applied.
The point density is adapting to the local maximum resofutiwailable, while rejecting
redundancy and outliers.

5 Conclusions

Within this paper, we presented an out-of-core octree stre¢or processing massive point
clouds. By indexing data spatially bounding box or nearegghtbor queries can be per-
formed efficiently for tasks like filtering or the retrievdl egions of interest. The out-of-
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Fig. 2: Troll. 9 images with 4 MP each. Fold: 2. Pointcount:21Mio. before filtering, 2.3 Mio. after
filtering.

Fig. 3: Perth - airborne image dataset. Left: result overvighirdetail. Pointcount: 394 Mio. points before
filtering, 73 Mio. points after filtering with fold 2. Imageryirdly provided by Aerodata International
Surveys.

Fig. 4: Munich airborne image dataset. Result for filtering vidtld 2. Pointcount: 2.8 Bio. points before
filtering, 437 Mio. points after filtering with fold 2, 218 Migoints after filtering with fold 3.

core memory management only loads desired parts of theaddtam the hard disk and
thus enables big data handling on common hardware.

Within an example application, overlapping clouds from tiple sources are filtered by
preserving only the locally densest point cloud. Additibnaedundancy constraints can
be used to validate data and to reject outliers.
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Within future work, the tree structure can be extended tgettpther data types such
as meshes or scalar fields to achieve a volumetric data eped®n. Furthermore, the
tree can be applied for visualization purposes or tasksslikglification, segmentation and
modeling.

Acknowledgements We would like to acknowledge the work of Minwei Tang, who exated existing
out-of-core algorithms in his study thesis Out-of-core aldoni$ for large point clouds in photogrammetric
applications.
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A web-based distributed system to process large
geometric models

Daniela Cabiddu and Marco Attene

1 Introduction

Running experiments is a fundamental activity in geometocessing research. A typical
experiment in this area consists in considering an input Bjgah (eg. a polygonal mesh),
performing a sequence of operations on it, and analyzingebelts. Sometimes a fixed
sequence of operations is used to process a variety of datandereas some other times
the operation list is slightly changed while keeping theuiingonstant.

Modern collaborative environments need to enable the shafiexperiments that must
be available and reusable by other researchers. It must ¢sbje to rerun state-of-the-
art algorithms or to compare them with other work. Since aes®ers often prefer not to
share their source code or binary, state-of-the-art dlyos are reimplemented from paper
descriptions by who wants to reuse them but, due to their ity this easily becomes
a costly and error prone operation.

Online repositories are the most common solution used teesdigorithm results. The
existing repositories explicitly store the uploaded megsince each of them can easily be
made of millions of triangles, significant storage resosii@e required.

Our system provides an effective solution. Based on thenagson that “algorithm
results” are, in most cases, modifications of the origirtals possible to produce these
models on demand instead of storing them explicitly. A staddVeb browser is sufficient
to remotely run complex geometric algorithms by distribgtthe various sequential steps
on different servers that expose algorithms in form of Welises. Researchers can simply
expose their new algorithms as web services so that otheanesers can exploit them for
extension or comparison purposes, without the need talisgrsource code or executable
files. Our main scientific contribution is an efficient traersprotocol that allows to take
advantage of the system for processing large models and thpossible bottleneck due
to the huge amount of data that may be required to be sentghithe net.

The advantage of a repository endowed with our system aegsdivFirst, such a repos-
itory requires substantially less resources to share ithgoresults. Secondly, researchers
can stack geometric algorithms to construct workflows aretete them, with no need to
locally install any software or library. Also, researchiersther fields can exploit geometric
algorithms without the need to be skilled programmers.

Daniela Cabiddu
CNR IMATI, Via De Marini 6, Genova, Italy, e-mail: danielalmddu@ge.imati.cnr.it

Marco Attene
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2 Related Work

2.1 3D Model Repositories

The Stanford 3D Scanning Repository (1) is one of the eamvédely-used online collec-
tions of 3D models, and several authors used its meshes tordtrate the benefits of their
algorithms and the improvements achieved over the stateeddrt. Other collections exist
that deal with synthetic CAD models (2) or that focus on sjpeeilgorithms, such as the
Princeton Shape Benchmark (8).

The more recent Digital Shape Workbench (DSW) (3) tries tapsaalate most of the
functionalities provided by previous repositories. Ityides a data repository and a knowl-
edge management system able to perform data browsing araVery. The data repository
is aimed to collect and share a large number of 3D shapes atedaftthe-art tools that can
be used to process digital models.

Redundancy is one of their main problems, due to the factahgiuts of similar pro-
cesses, which are often very similar to each other, areighaiy uploaded with no atten-
tion to avoid possible duplicated models and data.

2.2 Geometric Experiment Replication

In computer graphics and geometry processing, polygon eseafe the dominant repre-
sentations for 3D objects, and diverse mesh processingaaftools exist. Among them,
MeshLab (5) and OpenFlipper (6) allow to interactively ealinesh, save the sequential
list of executed operations and locally re-execute the flmskfrom their user interfaces.
Workflows can be shared and rerun on different machines wherstand-alone applica-
tions need to be installed.

To get rid of any specific software, hardware, and operatysgesn, Campen and col-
leagues published an online service called WebBSP (4) wikielble to remotely run a
few specific geometric operations. The system is accessiie a standard web browser
and the user is required to upload an input mesh; then, aesgegimetric algorithm must
be selected from a set of available operations. The algorighactually run on the server
and a link to download its output is sent to the user by emdik available operations
are not customizable by users, only one of them can be rurchtezdl, and the service is
accessible only from the WebBSP graphical interface.

Geometric Web services were previously considered bydkitik(7) with the objective
of defining semantic requirements to guarantee their iprability. Though in Pitikakis’s
work Web services are stacked into hardcoded sequences,aisenot allowed to dynam-
ically construct workflows, and geometric issues such ag#aduation of mesh qualities
(necessary to support conditional tasks and loops) andahsrhission of large models are
not dealt with.

3 The Geometric Workflow System

Our system allows the user to build workflows to process aiatl/aa 3D triangular meshes
and efficiently share the experiments through the Internet.

The framework architecture (see Figure 1) is organized iiaetHayers: (1) a graph-
ical user interface that allows building new workflows froeratch, uploading existing
pipelines and invoking available ones, (2) the workflow ergiesponsible of runtime exe-
cution, (3) the web services that wrap geometry processiolg.t
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The workflow engine is the core of the system and orchestthtegvocation of the
various web services involved. From the user interfacedeikes the specification of a
geometry processing workflow and possibly the address affant mesh to be downloaded
from the Internet. When all the data is available, the workfémgine sequentially invokes
the various algorithms and returns the URL of the eventuglltéo the user interface. The
engine is also able to manage the execution of conditiosktand loops, and delegates
the evaluation of the condition itself to specific web segsgic

Web services, instead, can be considered as black boxetoable a simple operation
on a 3D triangular mesh using possible input parameterss $h@ output on the server
where it is located and make the output available by retgriiis address. Note that a
single server (i.e. a provider) can expose a plurality of gefvices implementing a variety
of algorithms.

4 Mesh Transfer Protocol

The transfer of large meshes from a server to another acwptdi the aforementioned
protocol constitutes a bottleneck in the workflow executiiesh compression techniques
can be used to reduce the input size, but they do not solventhiesic problem. In order
to improve the transfer speed and thus efficiently supperptiocessing of large meshes,
we designed a mesh transfer protocol inspired on the predicbrrection metaphor used
in data compression.

We have observed that there are numerous mesh procesnighaits that simply trans-
form an input mesh into an output by computing and applyicglor global modifications.
Furthermore, in many cases modifications can be only loagl $barp feature restoration),
may involve the geometry only while keeping the connegtivihaltered (e.g. most mesh
deformation algorithms), or may modify both geometry andretivity while minimally
changing the overall shape (e.g. remeshing). In all thesesci is possible to predict the
result by assuming that it will be identical to the input, anhi$ reasonable to expect that
the corrections to be transmitted can be more compactlydscthan the explicit result of
the process.

The protocol works as follows (an example of execution ohgode workflow composed
by three tasks is shown in Figure 2). Through the user interfthe user selects/sends a
workflow and possibly the URL of an input mesh to the workflowi@e. The engine anal-
yses the workflow, locates the most appropriate serveraigaste involved web services,
and sends in parallel to each of them the address of the inpshntach server is trig-
gered to download the input model and save it locally. At thet Btep of the experiment,
the workflow engine triggers the suitable web service thas the algorithm, produces the
result, and locally stores the output mesh and the corredit® (both compressed). Their
URLSs are returned to the workflow engine that forwards theamilltthe subsequent servers

»
i
i

Fig. 1 The three-layered
system architecture.
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Fig. 2: Mesh Transfer Protocol Example. Three servers are iaddlvo the workflow execution. Each of
them exposes a web service to support a geometry processing atgarithtwo modules able to download
(D) meshes and update (U) the previously downloaded mesh by egphg corrections. (2a) The engine
shares in parallel the address of the input mesh with all theuedadervers that proceed with the download.
(2b) The first service runs the task, produces the correctiothsedarns the corresponding address to the
engine that shares it in parallel to the following involvedvees. Both download the file and correct the
prediction. (2c) The second service is invoked, runs the taskraakes the correction available, so that the
third involved server can download it and update its localycojpthe mesh. (2d) The engine triggers the
third service that runs the algorithm and makes available thaifiad output mesh so that it can be directly
downloaded by the user.

involved in the workflow. Each server downloads the cormttnd applies it to the mesh
it already has in memory in order to update the local copy efrttodel. Then, the work-
flow engine triggers the next service for which an up-to-datey of the mesh is readily
available on its local server. At the end of the workflow ex&y the engine receives the
address of the output produced by the last invoked web seand returns it to the user
interface, so that the user can perform the download.

In this scenario, the entire input mesh is broadcasted amtg at the beginning of the
process, whereas the final result is transmitted only ontieeaénd. Inbetween, only the
corrections are broadcasted to the subsequent servers. When the corrections are actu-
ally smaller than the partial results, this procedure poedisignificant benefits; otherwise,
the subsequent web services can directly download the bintgtead of the corrections
and no degradation is introduced.

5 Results and Discussion

For the sake of experimentation, the proposed Workflow Mamant System has been
deployed on a standard server running Windows 7, whereassemiices implementing

atomic tasks and check mesh qualities have been deployeffenendt machines to consti-

tute a distributed environment. However, since all theeerinvolved in our tests were in
the same lab with a gigabit network connection, we simulatémhg-distance network by

artificially limiting the transfer bandwidth to 5 Mbps.
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Table 1: Dataset extracted from the Digital Shape Workbench.

AL AR I

Mesh Isidore | Nicolo | Neptune|Ramessgs Raptor Dancers
Vertices |{1.071.671 945.924(1.321.838 775.712| 1.000.080 | 703.207
Triangles ||2.128.4941.886.9682.643.6841.537.462 2.000.000 | 1.399.805

Components| 161 103 1 308 51 1
Boundaries 404 157 0 824 0 105

Table 2: Output sizes (in KB). For each mesh and for each task,rdtdifie shows the size of the com-
pressed output mesh, while the second line reports the size ofrtiiressed correction. Acronyms indicate
Removal of Smallest Components (RSC), Laplacian Smoothing @& Filling (HF), and Removal of
Degenerate Triangles (RDT).

| Mesh | RSC| LS| HF| RDT|
20.57323.33323.71725.491

Isidore 11| 9.433 154 2
19.49821.447120.60120.171

Nicolo 3| 9.294 48 2
39.88140.13139.89139.937
Neptune 1|15.237 1 1

17.48419.54419.93419.802
Ramesses 3| 8.754 149 3
14.46H15.62115.552415.441
Raptor | 68810.195 1 1
16.45718.03718.32518.114
Dancers 1| 7.224 80 1

Then, to test such a system we defined multiple processingfiass involving the
available web services. The dataset has been constructedldsting some of the most
complex meshes currently stored within the Digital Shapelidench (see Table 1).

The same workflow was run on all the other meshes in our datadestter evaluate
the performance gain achievable thanks to our concurreshrimansfer protocol. Table 2
reports the size of the output mesh and the size of the carefife after each operation
(both after compression) whereas Table 3 shows the totalgpent by the workflow along
with a more detailed timing for each single phase.

As expected, the corrections related to tasks that locadigify the model are signif-
icantly smaller than the whole output mesh by several ordérsagnitude; corrections
regarding more “global” tasks are also smaller than thewdutgesh, although in this latter
case the correction file is just two/three times smaller therwhole output. Nevertheless,
these results confirm that the proposed concurrent mess$férgorotocol provides signifi-
cant benefits when the single steps produce mainly little@allmesh modifications.

Clearly, the additional instructions introduced in the medry processing algorithms to
stream out the corrections should be considered for a faipesison, but we have verified
that such an overhead is negligible with respect to the dvpracessing time of each
algorithm, and therefore has not been reported in Table 3.

To summarize, our tests show that the concurrent mesh énapsftocol considerably
reduces the amount of data transferred among the servershas the total elaboration
time.
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Table 3: Elaboration times (in seconds). Acronyms indicatetlBpoadcasting (I1B), Removal of Smallest
Components (RSC), Laplacian Smoothing (LS), Hole Filling YHfhd Removal of Degenerate Triangles
(RDT). Cells labelled byT; indicate the time needed to transfer the correction file. Galislled byU;
indicate the time needed to update the mesh by applying thectiome

| Mesh |IB |RSC|T1|Ui| LS| T2 | Uy | HF | T3|Us|RDT|Total |Benefity

_ 33,0 7,7(0,0,5,8/12,415,1 7,1| 8,4|0,2/6,0| 13,8/109,9
Isidore [33/077,7| 32,0 |12,4 37,3 |8,4| 37,9 |13,8/183,4 67%
_ 31,2 6,5(0,0[4,8(10,514,9 6,1| 7,5(0,1]4,9/ 11,5/ 98,0
Nicolo 31 276,5[ 31,2 [10,5 34,3 |7,5| 33,0 | 11,5]165,7] 69%
63,8 13,0[0,0[0,0[18,624,411,012,60,0[0,0 14,4[157,9
Neptune[63 813,0] 63,8 |18,6 64,2 |12,6 63,8 | 14,4|314,7 99%
28,0 6,7 [0,04,3[9,6|14,0 5,4] 7,0(0,2[4,5[ 10,3[ 90,0
Ramess€98 06,7 | 28,0 | 9,6| 31,3 |7,0| 31,0 |10,3]152,4 70%
26,7 7,7 |1,15,6(9,6(16,3 5,8] 6,0(0,00,0( 9,3 88,1
Raptor [26777,7| 23,1 9,6] 250 |6,0| 24,9 9,3 132, 50%
26,3 4,90,00,0[ 7,3|11,§ 4,3[ 5,2(0,1[3,6] 7,0 70,3
Dancers|26,3 49| 26,3 | 7,3| 28,9 |52 29,3 | 7,0 |135,4 92%

6 Conclusion

We proposed a workflow-based framework to support collabh@raesearch in geometry
processing. It allows scientists to remotely run geomeitigorithms provided by other re-
searchers as Web services and to combine them in order te eveekflows to be executed
on any appropriate input mesh.

By distributing the workload, our system can count on comsitlle computational re-
sources and can be easily extended if necessary, while thatf@ mesh delivery bottle-
neck has been resolved by our concurrent data transferqoioto

Future works are intended to improve the system performap@stroducing the possi-
bility to include parallel algorithms in workflow executienSuch algorithms would enable
out-of-memory processing of big data and would reduce tleeathexecution time.
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File-centric Organization of large LiDAR Point
Clouds in a Big Data context

Jan Boehm

1 Introduction

Current LiDAR point cloud processing workflows often invelelassic desktop software
packages or command line interface executables. Many séthegrams read one or mul-
tiple files, perform some degree of processing and write armaudtiple files. Examples
of free or open source software collections for LIDAR prairg are LASTools (9) and
some tools from GDAL (and the future PDAL). Files have protebe a very reliable and
consistent form to store and exchange LiDAR data. In pdeidhhe ASPRS LAS format,
(10) has evolved into an industry standard which is supddsteevery relevant tool. For
more complicated geometric sensor configurations the ASB¥ ) seems to follow the
same path. For both formats open source, royalty free ldsare available for reading and
writing. There are now also emerging file standards for fdveform data. File formats
sometimes also incorporate compression, which very dfigigeduces overall data size.
Examples for this are LASZip (8) and the newly launched ESRiized LAS (5). Table
1 shows the compact representation of a single point in th® fil& format (Point Type 0).
Millions of these records are stored in a single file. It isgibke to represent the coordi-
nates with a 4 byte integer, because the header of the filesstoroffset and a scale factor,
which are unique for the whole file. In combination this alfoe LAS file to represent
global coordinates in a projected system.

Item Format Size Required
X long 4 bytes |*
Y long 4 bytes |*
Z long 4 bytes |*
Intensity unsigned short |2 bytes
Return Number |3 bits (bits 0, 1, 2)3 bits  |*
Number of Returns3 bits (bits 3, 4, 5)3 bits  |*
Scan Direction Flad. bit (bit 6) 1 bit *
Edge of Flight Ling1 bit (bit 7) 1bit |*
Classification unsigned char |1 byte [*
Scan Angle Rank [char 1byte |*
User Data unsigned char |1 byte
Point Source ID  |unsigned short |2 bytes |*
20 byteg

Table 1: Compact representation of a single point in the LAS ditenat.
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This established tool chain and exchange mechanism astestd significant investment
both from the data vendors and from a data consumer sidéctarty where file formats
are made open they provide long-term security of investraedtprovide maximum inter-
operability. It could therefore be highly attractive to sexthis investment and continue
to make best use of it. However, it is obvious that the filetGerorganization of data is
problematic for very large collections of LIDAR data as itksa scalability.

2 LIiDAR Point Clouds as Big Data

Developments in LiDAR technology over the past decades h#ae LiDAR to become
a mature and widely accepted source of geospatial infoomatihis in turn has led to an
enormous growth in data volume. For airborne LIiDAR a typpralduct today which can be
bought form a data vendor is a 25 points per square meter gound stored in a LAS file.
This clearly exceeds by an order of magnitude a 1 meter DEMnréike, which was a GIS
standard product not so long ago. Not only did the point cpentsquare meter increase
but the extent in the collection of data has significantlyéased as well. As an example
we can use the official Dutch height network (abbreviated AHthich has recently been
made publicly available (1). The Netherlands extend acapgsoximately 40,000 square
kilometres (including water surfaces). At 25 points peragumeter or 25,000,000 points
per square kilometre a full coverage could theoreticakbylein 2510640103=1012 or one
trillion points. The current AHN2 covers less ground andvtes an estimated 400 billion
points (13). It delivers more than 1300 tiles of about oneasgkilometre each of filtered
terrain-only points at an average density of 10 points paasgmeter. The same volume
is available for the residual filtered out points (e.g. vatieh and buildings). Together this
is over a terabyte of data in more than 2500 files.

Figure 1 shows a single tile of that dataset. It is one of thallest tiles of the dataset.
The single tile contains 56,603,846 points and extends ftddv08.67 to 145000.00 in
Easting and 600000.00 to 601964.94 in Northing. In comeespAZ format it uses 82
MB disk space and uncompressed it uses 1.05 GB. In terdestobile scanning acqui-
sition rates have now surpassed airborne acquisition aatesherefore data volumes can
become even larger. Organization such as public transptitbaties are scanning their
tunnel systems in regular intervals for inspection and tooinig purposes. Repetitive ac-
quisitions at centimetre and even millimetre spacing tesuérge collections which accu-
mulate over the years. In order to detect changes over $emvahs data from previous
acquisitions needs to be available just as well as the mosht@cquisition. The examples
described here clearly result in tough requirements ongtatage, redundancy, scalability
and availability. Just as clearly traditional file-centiganization of data faces some chal-
lenges to meet these requirements. However databases éalvevidh these requirements
successfully for years.

3 Point Clouds and Databases

The simplest approach to store LIDAR point clouds in a relail database, would be
to store every point in a row of a three column table where thianons represent X, Y
and Z. Further columns could represent additional atteibsee Table 1). As (12) has
mentioned classic relational databases are not cable @ lstmdreds of billions of rows
for performance reasons. However, this would be necessdigllaws from the examples
above. Classic databases can maybe store millions of rdveseThave been nevertheless
efforts to approach this. The solution is typically to cotla larger set of points and store
them as a single object in a row. The two major examples fardahe Oracle Spatial and
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Fig. 1: Visualization of a single point cloud tile stored in a LA®. The colours indicate height.

PostGIS. PostGIS refers to this concept as point cloud pat¢RcPatch). The obvious
disadvantage is that to access the actual geometry, i.éndhédual points you need to
unpack these patches (FExplode) and casted to classic GIS points, which is an amfiti
operation. For PostGIS the recommendation is to use pateliesa maximum of 600
points, i.e. rather small patches. Googles Bigtable (3)lfimaomised to break the storage
boundaries of traditional databases. According to theastBigtable was designed as
a distributed database system to hold petabytes of datasatmousands of commodity
servers. The number of rows in a database is virtually uidichiA Bigtable inspired open
source distributed database system HBase was used as gesbarekend for Megatree
(11). Megatree is an octree like spatial data structure td hitlions of points. It is now
maintained by hiDOF (6). NoSQL databases depart from thee édistoring data in tables.
A significant portion of NoSQL databases (mongodb, couohbassterpoint ) are instead
document oriented. If one was to draw a comparison to relatidatabases documents
were the equivalent to rows in a table. A collection of docotaehen makes up the table.
The decisive difference is that the documents in a collactieed not follow the same
schema. They can contain different attributes while thalatee is still able to query across
all documents in a collection. These NoSQL databases atdyhsgalable and are one
of the most significant tools for Big Data problems. At thediof this writing we are not
aware of a system that uses NoSQL to store large LiDAR pointdd. We sketch a possible
solution that follows a file-centric approach in the followisection.

4 NoSQL Database for File-centric Storage

The central idea for a file-centric storage of LIDAR pointudis is the observation that
large collections of LIDAR data are typically delivered asge collections of files, rather
than single files of terabyte size. This split of the datasetymonly referred to as tiling,
was usually done to accommodate a specific processing mépédimakes therefore sense
to preserve this split.

A document oriented NoSQL database can easily emulateataspartitioning, by rep-
resenting each tile (file) in a separate document. The docusteres the metadata of the
tile. Different file formats could be accommodated by diferattributes in the document,
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as NoSQL does not enforce a strict schemata. The actual &itesot efficiently be stored
inside a document as they are too large. A different mechaisiseeded. We choose to use
MongoDB a highly scalable document oriented NoSQL datalhdeagoDB offers GridFS
which emulates a distributed file system. This brings thesibdgy to store large LIDAR
files over several servers and thus ensures scalabilitgFSris a database convention to
enable file storage. A file is split up into smaller chunks witdace stored in separate docu-
ments linked via a common id. An index keeps track of the cBuamd stores the associated
file attributes. The idea to store large geospatial cobestiin a distributed file system is
not dissimilar to Spatial Hadoop which uses HDFS for thisppge (4). Figure 2 gives an
overview of the proposed architecture of the databaser&iguletails the attributes that
are stored in a document. Note that this is not meant to be d fikkema, it is rather a
minimal set of information which can be easily extended.

Database

big lidar fs.files fs.chunks

Fig. 2: Overview of the three collections that make up theluka for big LiDAR data

5 Implementation Details

We start from the data provided by the LAS files. The inforimrain their headers provides
the crucial metadata for later queries. We use liblas (2)ienpython bindings to parse
the files. While we show all code excerpts in python for brethiggre is nothing language
specific in the data organization. The following python cedeerpt shows an example of
metadata that can be extracted. In this example we use thesigeature, the version of
LAS, the project ID and the date to describe the files cont#atalso extract the minimum
and maximum of coordinate values to later construct the timgrbox

# open LAS/LAZ file
file_name = 'g0lczl.l az

f =file.File(file_name, node="r")
header = f. header

# read neta data from header
header.fil e_signature
header . versi on

header. project _id
header . date

= header.mn

= header. max

3o "< ou
§3 I

Many of the NoSQL databases target web and mobile develapidence their geospa-
tial indices are often restricted to GPS coordinates, whiehmost commonly represented



File-centric Organization of large LIiDAR Point Clouds in @gBata context 73

in WGS84. LIDAR data on the other hand is usually locally pectgel. Therefore any co-
ordinates extracted from a LiDAR file need to me transforn@the correct coordinate
system supported by the database. This is a very commontmpeia GIS. We use the

PRQJ library for this purpose. Again we provide some samgdie avhich shows the trans-
formation from the original coordinate systems (Amersfdd®D New to WGS84 in this

case). As you can see we only transform the bounding box aldtee The actual LiDAR

data remains untouched.

pl = Proj (' +proj=sterea

+l at _0=52. 15616055555555

+l on_0=5. 38763888888889

+y 0=463000 +el | ps=Besse

+uni t s=m +no_defs’)

p2 = Proj (' +proj =l ongl at +el | ps=WGS84
+dat umFWGES84 +no_defs’)

mn = transfornm(pl, p2, mn[0], mn[1l])
max = transforn(pl, p2, max[0], max[1])
loc = {"type": "Polygon",

"coor di nat es"
[[[mn[0], mn[1]],
[max[ 0], mn[1]],
[mex[ 0], max[1]],
[min[0], max[1]],
] [mn[0], mn[1]]]
}

For all of the above the actual data content of the LIDAR filganggets read. This is
important to avoid unnecessary overhead. The file getsdsiaréull and unaltered into
the database. As mentioned above MongoDB provides a ditdifile system for this
called GridFS. We show in code below how the compressed LASyéts stored into the
database. We store a pointer to the file (a file ID) to conneottite metadata in the next
step. We have now all the information in place to generatecauient which combines
the meta data of the LIiDAR file, the geometric key and a poittt¢he actual data content
in the database (see Figure 3). This NoSQL document refsegea tile of the collection
of LIDAR data. The document is represented as a BSON objdtt fepresentation is
very similar to the well-known JSON representation, butrofted for storage. The actual
creation of the document and its storage are very simplenékecode sample shows all
that is required.

# open nongodb big_|idar database
client = Mongodient()

db = client.test_database

big lidar = db.big_I|idar

# add file to GidFS

file = open(file_nane, 'rb’)

gfs = gridfs. GidFS(db)

gf = gfs.put(file, filenane = file_nane)

file.close()

# add one tile to big_|lidar database
tile = {"type": s, "version": v, "id": i,
"date": d, "loc": |oc,

“filenane": file_nane,

"gridfs_id": gf}

big lidar.insert(tile)
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6 Spatial Query

MongoDB like any NoSQL database allows for queries on thébates of the document.
When an index is created on a certain attribute queries amdesiated. As a specialty
MongoDB allows spatial indices and spatial queries. Heneean perform spatial queries
on the bounding boxes of the LIDAR tiles. We show a very singgl@mple of an interactive
query on the Python console. The query uses a polygon toibdesbie search area. The
database returns the tile metadata including the GridF&xirldsing the GridFS index the
actual point cloud data can be read from the database. iglgithe LIiDAR point cloud
file that was previously put into the database. It is impdrtamote that no conversion or
alteration of the files was done.

>>> tiles=list(big_lidar.find({ "Ioc"
{ "$geoWthin" : { "$geonetry"
{"type": "Polygon", "coordinates"
[[[5.1, 53.3], [5.5, 53.3],
[5.5, 53.5], [5.1, 583.5],
[5.1, 53.3] []}}}
1)

>>> | en(tiles)

4

>>> tiles[O][ ' fil enanme’]

u’ g0lczl.laz’

>>> gf _id =tiles[O][ 'gridfs_id]
>>> gf = gfs.get(gf_id)

>>> |as _file = open(’ export _
b’ )

>>> |as_file.wite(gf.read())
>>> |as_file.close()

+ file_nane,

In Figure 4 we give the visualization of the four tiles recea by the spatial query.
Since the bounding boxes are stored as BSON objects, itigkstiforward to export them
as GeoJSON files. In the example we attach the filename dsiésiand plot the bounding
boxes over a base map using the filenames as labels. The $¢ftileacorresponds to the
point cloud visualized in Figure 1.

7 Conclusions

We have presented a file-centric storage and retrieval raygie large collections of Li-

DAR point cloud tiles based on scalable NoSQL technologye 3ystem supports spatial
queries on the tile geometry. Inserting and retrieving filesa locally installed database
is comparable to native file access speed. At the moment weaieng on finding the

best parameters for chunk size of the files and number of rfodése servers to optimize
performance and memory use for the terabyte sized AHN2 elatdsgilding the system on
MongoDB, a proven NoSQL database, brings in a range of adgants features such as

Scalability
Replication
High Availability
Auto-Sharding

MongoDB supports Map-Reduce internally for database gaeFHowever it is also known
to work with external Map-Reduce frameworks such as Hadagpecial adapter to access
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Fig. 3: Example GeoJSON output visualized using QGIS. The Mogsfatial query delivered four tiles
on the coast of the Netherlands. The GeoJSON contains the Imguinolkes and the file names are used as
labels. The actual point cloud is written in a separate LAS file.

MongoDB from Hadoop is provided. This offers very interagtfuture opportunities to
combine Map-Reduce based processing with NoSQL spatiaiegue
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