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Abstract. We present a user-assisted approach to extracting andizisgatruc-
tural features from point clouds obtained by terrestrial ainborne laser scanning
devices. We apply a multi-scale approach to express the ewsimip of local
point environments to corresponding geometric shapeeadassterms of proba-
bility. The structural classes we are dealing with are s@$acurves, and critical
points. Based on user-de ned parameters we determineithdil/feature values
for each of these classes. This information is Itered anthbimed to establish
feature graphs which can be visualized in combination with ¢olor-encoded
feature and structural probability estimates of the mesabuaw point data. Our
method can be used, for example, for exploring geologicaitpdata scanned
from multiple viewpoints. The combined visualization otthaw data together
with curvature, structural probability and extracted feas provides a scienti -
cally valid and useful alternative to surface reconstnrcgince topological am-
biguities may be less signi cant.

1 Introduction

The visualization and exploration of environmental poiatadsets is a challeng-
ing problem of recent interest. The LiDaR (Light Detectionda&Ranging) tech-
nology makes it possible to capture point data over a larg®emen a relatively
fast and accurate way. The complexity of the data is a comseguof the fact that
a LiDaR data set is typically very large and also can contaiarde and highly
complicated objects. Occlusion, semi-transparent anéating objects, struc-
tures with small fractured and under-sampled surface coems like trees, as
well as scanning error due to motion of cars, humans, anjreadsmake the data
dif cult to interpret. The raw data do not contain any scierally meaningful
structural information, in general, unless proper lteriand other pre-processing
methods have been applied to it.

A possible way to explore point data is based on surface stagrtion [4, 9, 10].
Building consistent triangular meshes from such data i euttiand often am-
biguous task, which in general requires time-consuming igeraction. Point-
based approaches [1, 24] operate directly on the sampletspeithout requiring
the computation of mesh-based connectivity informatidmese approaches of-
ten use surface elements (surfels), assuming that pogntieete smooth surfaces



with well-de ned normal vectors. For LiDaR data sets, thisamption may not
always hold and the surfel-based approach may also hidéogipal ambiguities
and, as a consequence of smooth interpolation schememjiriete” structural
artifacts, due to discontinuities in the original scannedrgetry, that might be
important. To avoid these drawbacks, we use a probabitiset! classi cation of
the point cloud into subsets having different structurarelsteristics. Depend-
ing on this classi cation and a user's choices of parametduas we perform
the extraction of feature graphs describing the structtgalposition of the point
cloud. We obtain an explicit structural description of theale data which can
be used for further processing (e.g., identi cation angsization of objects in
environmental data) or for exploration and visualization.

For geologists, our approach is of special interest singeakes possible the
detection and visualization of features like creases inctiires caused by earth-
quakes or rapid and automatic identi cation of key featunesnvironmental data
such as ridge lines, stream beds, and edges of terraces. ddteegenerated by
multiple scans are combined, registration errors may edoted, making fea-
ture detection and visualization even more challenging.

Our goal is to provide a user with effective tools for the itieation and inter-
active exploration of structural features in LiDaR dataset

In section 2 of this paper, we review related work on pointreeidering and
surface reconstruction. Section 3 discusses the specoblems of analyzing
LiDaR data and proposes a classi cation of features usediiratgorithm. The
construction of feature graphs is discussed in sectionliwed by results and
conclusions.

2 Related Work

The potential of point-based methods has been demonsiratifierent appli-
cations [2],[19]. However, algorithms to process poinssat still in their in-
fancy when compared with algorithms for common mesh-bappdoaches. In
computer-aided design (CAD), point sets may be used as lyimdgrepresenta-
tion for surface editing [24]. Several authors based thegjngentation and surface
recognition algorithms directly on point sets, [6],[7]. Aodeling system making
use of these techniques is the Pointshop 3D framework peaplog Zwicker et
al. [28]. Concerning surface reconstruction from lasemsed point sets, much
research has been done on continuous surface reconstrimiiionving the ap-
proach by Eck and Hoppe [13].

In the context of complex geology-driven applications,itbes the problem of
correctly recovering surface topology, sharp featureslililee ridges/ravines or
crest lines [17], [27], [25] need to be identi ed. Concemipoint sets, there have
been several efforts for robust feature detection [15§b]Neal [23] provided
an instructive survey of such techniques. However, thepeoaghes do not dif-
ferentiate between the structural types a feature migtdnigeto, which makes
them inappropriate for data sets of arbitrary topology ey point clouds re-
sulting from environmental scans. Some of these methodsrperfeature ex-
traction based on the estimation of curvature values obtifrom surfaces that
are approximated based on a local point neighborhood viaadstlike the mov-
ing least-squares (MLS) method [20]. The principal curkesuand curvature



directions carry important information about local sugideehavior, but their es-
timation is numerically sensitive to noise present in theadand many estima-
tion methods have been proposed [12], [16], [18]. Hamanh &pproximated

principal curvature values based on considering a lodahgulated point neigh-
borhood and determining a least-squares quadratic biggs@ynomial. Feature
lines also produce important landmarks for constructinghmes [14], [21] or

for recognizing shapes like buildings [3]. Regarding thetgarocessing of laser
range data, a variety of techniques improving the quality losa applied [22],

[26].

3 Feature Detection in LiDaR Data

Our work represents a rst step toward the over-archingraciegoal of iden-
tifying and extracting regions in LiDaR data sets matchimgjvidual structural
characteristics. One long-term goal is to be able to auticalbt differentiate
from natural and man-made objects (e.g., trees and bugilibgtecting and join-
ing objects corresponding to similar structural classesither task we wish to
accomplish. To reach these goals it is necessary to providieads for detecting
and extracting special structural features like corneosdédr-, crease- or ridge-
lines in the form of a feature graph which can be used to perfarther process-
ing. In general, feature detection in environmental LiDaRRads a complicated
task due to the nature of this kind of data. LiDaR data are méigecollected
either on the ground, using tripod-mounted scanners, framair, using airplane
mounted scanners or from satellites. These acquisitiohadstproduce data sets
typically exhibiting substantial noise levels since theasw@ement is taken from
great distance. Under-sampling, occlusion and unstesslioithe scanned envi-
ronment are just a few more problems to mention.

Hence, we must assume that the resulting point cloud datariergl does not
provide a reliable base to directly perform feature extomctWe introduce a
method that classi es points by considering whether theymart of a surface,
a curve or a junction of either one. This approach allows wedept the feature
graph extraction to the proper point class. By using stde@hasd multi-scale-
based means when processing the raw point cloud (espefoiaiyocessing huge
data sets) we introduce a rather stable approach capablanafiig robustly
relatively high noise levels in a data set. Our method coewmbitine following
steps:

1. Pre-processing of the 3D point cloud (sec. 3.1). This stejudes the hi-
erarchical decomposition of the point cloud into an octrased voxel grid
required to speed up individual operations as well as ehtron of outlier
points (sec 3.1).

2. Likelihood-based point classi cation depending on thamcteristics of the
local point neighborhood as well as computation of feagpeei ¢ values
based on multiple scales (sec. 3.2).

3. Post-processing by smoothing the obtained feature ¥4bee. 3.4 ).

4. Graph construction (sec. 4). The last step constructass-apeci ¢ graph
allowing one to explicitly describe a feature. In section d describe how
the pre-computed likelihood and feature values are condbiaeconstruct
the nal graph representation.



3.1 Pre-processing

Hierarchical Point Cloud Decomposition:Since we are primarily dealing
with environmental LiDaR data sets that are typically theuteof several high-

resolution scans (several million or even billion point®) have the problem of
managing the emerging amount of data in an ef cient way. @iziag the points

into an octree-based voxel structure allows us to speedaguéntly used oper-
ations like k-nearest neighbor search or nding closestimgor points within a

pre-de ned range. To be able to visualize that huge amoudatd, we follow an

additional level-of-detail (LOD) approach. We modify pbaets of each octree
level to match a level-speci ¢ resolution and store them @t.dThis approach
allows us to dynamically reload point sets of a certain ngsmh if necessary.

Outlier Removal: Environmental LiDaR scans do not discriminate in a scanned
scene between the signi cant or irrelevant componentsrygimg is scanned.

In particular we obtain several measurements correspgrtdirsmaller objects
which also appear in the data and due to under-sampling @&ngieted as noise.
This problem is particularly evident in the case when deglifth environmen-

tal data sets including trees and other vegetation. Weichl. [26] proposed

a method assuming that potential outliers draw their loegimborhood from a
larger vicinity than points within a well-sampled enviroent. Instead of using a
graph-based approach we compute the mean distanoéthe k-neighborhood

of a pointp by

X
b= ke ®
a2N i (p)
whereN (p) de nes the local k-neighborhood @f This approach ensures that
we can lter out all points with associatedvalues above a given threshold. How-
ever, the threshold has to be chosen carefully to avoidigasiportant structural
information essential for subsequent processing.

3.2 Stochastic Point Classi cation

The goal of point classi cation is to decompose the poinud® into subsets
of points having different structural properties. We detiee whether a point
p 2 P is part of a curve- or a surface-like structure or is treatee ao-called
critical point. We call those points critical points thaearot part of a surface or
a curve. This point type represents junctions of featuresslie.qg., at corners) or
borders/intersections between surfaces and/or curvegeraral they are meant
to represent discontinuities that cannot be approximagabdse other structures.
Hence, critical points are not suitable for directly penfiimg methods of feature-
line extraction but are used in the context of graph extoadtsec. 4) to represent
underlying discontinuities.

In order to identify the type of a poirg we determine the “shape” of the local
point neighborhoodN (p) of p. LetN (p) denote the point neighborhood within
a sphere of radius centered ap. The radius is speci ed by the user and depends
on the features being focused on. Determining the shape,p) is accom-
plished by comparing the distribution bf; (p) in each dimension. The distribu-
tion is measured by using the eigenvalues of the covariaratexC of N, (p).



Let o 1 2 be the eigenvalues of the corresponding eigenvectogs. dif
is a well-known fact thaN, (p) has a spherical shape if 1 2, adisc-
like shape if ¢ 1N 2 or a cylindrical shape if o 1N 2.
Using this information allows us to establish three poistsskes by de ning the
following sets:

Pp =fp2Pjo=2 "g @
Pe=fp2Pj 1= 2<"g ®)
Pa=fp2Pjo=2<"g @)

Here,P¢p; Pc; Pa de ne the points with spherical, cylindrical and disc-likeigh-
borhood (WithPep \P ¢ = ;,Pep \P ¢ = ; andP. P 4), i are the eigen-
values ofC of N (p). The variablé€' is a feature-speci c value and determines
when a point becomes a critical point. Usudllys chosen to b% but it can be
adapted to meet a user's needs. For example, redtidimgyeases the sensitivity
of a point for being classi ed as a critical point, causingreopoints ofP; and
P4 to migrate toP¢,. This effect can be geometrically interpreted as extending
the boundaries around a discontinuity (e.g., an intersextiThis form of point
differentiation implies thaP. P 4. This relation is motivated by the fact that
in some cases surfaces also might be understood as linstliletures. However,
this characterization heavily depends on the size of thed lreighborhoodN , (p)
and would not lead to reliable results in presence of conafile noise. That is
the reason why this form of shape evaluation in our case isatétfying. We al-
low the neighborhoodN (p) to vary in size by a given percentage of its original
magnitude. We compute probability estimates by measuhiegitmber of times
N (p) can be assigned to one of the classes de ned by (2), (3), (dvalating

— 1 X v Pmin *] .
L epicia (P) = N+l . cpicd (P (5)
=
where
Vs _ 1t g "s s, _ 1if <" 3
o (P) = 0 else " elp) = 0 else ©)
s 1 §<" 3
a(p) = . 2

0 else

Herermin (rmax ) denotes the minimum (maximum) radius andepresents the
number of considered neighborhoods. Hence ( rmax F'mn )=n and }
being the eigenvalues @°® of Ns(p). L¢p; Lc andLy de ning the likelihood of
a pointp corresponding to the shape classes de nedPhy, Pc andP4. We can
now separate the original point cloud based on the liketiheadues into subsets
of different character. In the context of graph extracti@wse additional feature
values capturing the strength of an underlying feature.f€ature valuescp; | ¢
andl 4 for the points of the classes associated With; P. andPq are given as



| _ 1 o f "min +] 7
cpieid (P) = N+l cpicid ™

where

fop= 5 1= 3)° ®)
fe=C32 o313 ©)
fg=° (10)

represent the feature values for the different point nedghtodsN; (p). ° de-
notes the maximum absolute curvature estimate of polyrosnidace patches
tted to Ns(p). Since we are also interested in feature extraction frorfaser
related structures using curvature is an obvious approglea.feature values
lep;lc andlg express the strength of a feature associated with a pooyt a
value averaged over multiple scales. The valuygsf¢ increase when the shape
of Ns(p) approaches the ideal form of a sphere, a line and decreasemzhb.
f§ increases as the curvature increases.

3.3 Estimating Curvature

There are several approaches concerning the approximatioorvature esti-
mates from point clouds [12], [16], [18]. Our curvature pstion process is
based on computing curvature values from polynomial serfastches tted via

a moving least-squares (MLS) approach applied to the diffigpoint neighbor-
hoodsN, (p), which produces good estimates also in the presence of laigk.n
The rst step consists of nding a local reference plane deg a local coor-
dinate system for the subsht (p). This plane is given by the point s¥t =

fx 2 R%jhn;q xi = 0g, wheren represents the plane's normal obtained using
principal components analysis (PCA) amdenotes the centroid of, (p).

In the second step the reference plahés used to compute a bivariate polyno-
mial approximationf : R? | R of the surface over the subsid (p). Letr
denote the projection of the poingsinto X using local plane coordinates. The
coef cients of the polynomiaf are found by performing a least-squares tto the
height valuesl = hn;p  ri at corresponding plane coordinatesThe approxi-
mation error is given by

(f(r) d? (kp rkr); 11)
a2N r (p)

where is a scaling function of Gaussian form weakening the in ueotdistant
points. Next, we determine the mean curvaturegfdry computing the rst and
second derivatives of the locally constructed polynonfiiddy evaluating it at
the local plane coordinates of determining the Gauss-Weingarten matvik
[11]. By computingW 's eigenvalues and associated eigenvectors, we obtain the
principal curvature values: and , and the corresponding principal curvature
directions. Since we are primarily interested in detecfieatures our method
depends on a robust approximation of “feature strengthd,fanthis purpose we



q_—
use the root mean squared (RMS) curvature de ned as %( 2+ 32).There
are several other curvature measures like mean, Gaussimaaxamal curvature
we have considered and tested. For our purposes the RMStuarwaas most
appropriate and produced best results in the context ohgeafraction since it
makes possible a better differentiation between featurdsesame type.

3.4 Post-processing

We are interested in strengthening feature values comelipg to desired fea-
tures and smoothing out feature values which could interf@th graph extrac-
tion. The applied lter for the local neighborhodd; (p) is of the form
P
fp= P
2N (p) War

yWar  fq

(12)

kfq fpk))z
T

with wg, = e (13)

with f, de ning the feature value of poinp. This approach ensures that noise
caused by small artifacts is eliminated and connected msgibaracterized by
the feature-associated curvature are intensi ed.

4  Generating the Feature Graph

We now describe the approach for constructing individuatifee graphs for the
different point types by using the derived probability amtiire values. The
structural features are detected and extracted followirgdea of [8], [29] and
[25] of identifying initial seed nodes and performing an edgowing approach
to connect related nodes. The seed nodes for a graph arseateé by all points
having a minimal type probability. It remains dif cult to dee connections be-
tween seed nodes such that the resulting graph re ects tteriymg feature-
lines. Most methods start by connecting seed nodes havingtthibute of prox-
imity. However, due to noise and irregularities of pointuads this approach can
cause the graph to contain a variety of branches which wésijtody induce per-
turbations in further propagation. Therefore, contrgllthe direction in which a
node is connected plays an important role.

Several extraction methods determine the derivatives tvaeted feature values,
like curvature, to identify and follow the direction of itsimmal descend. Since
these values vary considerably due to noise this diffesitafiproach would lead
to poor results. Instead, we propose de ning the propagaticection of a node
by applying PCA to a set of surrounding nodes. This approattates more
stably, assuming that the local environment of the actudérne of suf cient size.
In contrast, critical points are not subject to this graptiastion procedure since
they are de ned in a way to represent underlying discontiesi These points are
used to establish critical nodes assumed to recover jurctibfeature lines. The
nal step consists of performing graph simpli cation withé goal being a better,
easier-to-comprehend visual representation. As someatipes are complex to
describe we can only summarize basic principles of our ntetho
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Fig. 1. Principle of graph extraction for a simple test cube datd3@20 points): (a) Initial seed
nodes (blue), (b) corresponding critical nodes (black)ektracted edges after propagation.

@ (b)

Fig. 2. Principle of graph extraction for surface-related featunsing a curved sheet data set
(10000 points): (a) Initial seed nodes (orange) of the uyitey surface (blue), (b) seed nodes

with corresponding critical nodes (black), (c) criticatles together with the extracted edges after
propagation.

4.1 Selecting Seed Nodes

The seed nodes de ning the basis of the individual graphsderi ed by using
the probability values computed according to the equatiorsec. 3.2. A graph
G = (V; E) formally consists of a set of nod&s and set of edgeE VvV

V connecting the nodes &f. The initial graph for representing curve-related
features is de ned by = ( V; ;) with

Ve = fp2 PjLc(p) = max(Lep(p);Le(p);La(p))g: (14)

Figure 1a) shows an example of identi ed seed nodes for alsiteist data set.
The graph for representing surface-related features igpsdifferently. The user
has to specify additional curvature-related thresholgs and max restrict-

ing the features to be extracted based on their strengtiselvedues control the
difference between critical nodes and feature-speci cezodmong the points
of P4. For example, min is necessary to de ne the boundary between features
like creases and non-creases appearing on a surfage.controls the transition
between features like creases and corners. The initiahgegresenting surface-
related features is given I = (Vq: ;) with

Va = fp2 PjLa(p) = max(Lep(p);Le(p);La(p) * (15)
min <l d(p) max g:



Fig. 2a) shows an example concerning surface-relatedrésatlihe critical nodes
corresponding t& andG) are de ned as

CVe = fp2 PjLep(p) = max(Lep(p);Lec(p);La(p))g (16)
CVa=fp2 PjLep(p) = max(Lep(p);Le(p);La(p)) gl (17
fp2 Vuj max <!a(p)g

with Lep(p); Le(p); La(p) determined according (5) from the local point envi-
ronmentN, ; + (p). Figs. 1b) and 2b) show an example of extracted criti-
cal nodes for the cube data set and the sheet test set. The oioite graph®
and@ are not yet connected. A subsequent edge propagation s$epssed in
the next section, produces a rst approximation of the ulyitey features.

4.2 Edge Propagation

Edge propagation is performed sequentially starting frbenrtodes having the
highest feature values. In this context the term propagasainderstood as the
process of connecting two nodes of the same gi@ph (V;E) by an edge.
Principally, each seed node?2 V is allowed to propagate into two directions
d and d. We determined by applying PCA to the local node neighborhood
M (v) = fw 2 V[ CVjkv wk rg with r being the user-speci ed
neighborhood size. The vectdris de ned as the eigenvector with the largest
eigenvalue of the covariance matrix Mf ; (v). Provided that no other nodeis
connected to with d (jt‘] zj) > 0, vis connected tav 2 M  (v) whereasw

is chosen to be

W= minwom . (V) (kproja(w v) d+v wk=kw vk): (18)

The nodesv 2 M 4(v) M ((v) satisfy the inequality w—+ d > 0.

To prevent the local neighborhood to produce unwanted edljeisconnected
nodesw 2 M  (v) lying closer tov than the most distant connected neighbor are
forbidden to propagate. Moreover, connections establishcute angles witt

are forbidden as well. Examples of resulting graphs are stmwrigs. 1(c) and
2c). Instead of using a minimal spanning graph to establishgtaph edges as
proposed by Pauly et al. [29], where the resulting graph dexhibit a multitude

of branches likely not agreeing with the progression of thdeulying feature
lines, this approach leads to more accurate results.

4.3 Connecting Critical Nodes

We have to connect the critical nodes to the already estaliedges o6. As-
sumeCV to be the set of critical nodes de ned by (16) or (17). In orttere-
cover junctions the nodes @V have to be connected or merged with nodes
of G. As this operation is rather complex we can discuss thisgg@only at a
high level. We start clustering the nodes®©¥ by grouping neighbored criti-
cal nodes. The resulting clusters are de nedby f:::;D;; g with cluster

Di = fw2 CVj v2 Di*kv wk<rgandD;\ D; = ; fori 6 j.
The initial cluster set is given bp® = f ;fvg;fwg, g withv;w 2 V



andv 6 w. We proceed by determining the nod#® D; having the highest
feature values. These nodes represent the centroldls 2fD . Depending on the
user-speci ed radius and the form oD; a cluster can have several centroidal
nodesd 2 D;.

Next, we connect all nodes 2 V to surrounding critical nodes 2 CV with

kv wk <r . This step is performed in a way forcing the graph not to dgvel
unwanted branches. In a subsequent step all n@d2sD; connected to a node
v 2 V are merged with the centroidal node® D;. Should there exist more than
one centroidal node in a clust®r, we forcew to connect to that centroidal node
d which is closest tav. Finally, we must delete all unconnected critical nodes
producing the nal graph representation. Fig. 2(c) showseaample with the
critical node cluster shown in black. The remaining cone@dritical/centroidal
nodes are shown in Fig. 3(c).

4.4 Graph Simpli cation

The edges of the both extracted grafihsand Gy re ect underlying structural
features like creases, ridges and border lines. Criticdéagepresent structural
discontinuities like junctions of crease lines etc. We rnthtg G andGy possess
certain unwanted structures like short branches, loopsTetget rid of these
artifacts we have developed a framework for graph simptiaa

Graph Simpli cation: In our context, simpli cation refers to the process of
collapsing proximate nodes in order to reduce complexitgroéxtracted graph.
We collapse nodeg andw of a graphG if the following criteria are ful lled:

a) kv wk r

b) (v;w)2 Eand (v)> land (w)> 1
Here, (v) de nes the number of edges incidenttoSinceG and Gy are in-
tended to re ect structural features we force the positibthe resulting graph
node to agree with the position of the node possessing ttesiideature value.
In case of participation of critical nodes the rules are &thpo preserve criti-
cal nodes. The entire collapse procedure is performed s&glgin accordance
with ascending distance between the node pairs. The grapii siation incor-
porates some additional operations which we cannot desiriletail here.

Additional Pruning: We have simpli ed the grapi& as much as possible by
trying to affect the extracted structural characteristisaninimally as possible.
The remaining graph still exhibits features irrelevant owanted for visual ex-
ploration. In order to reduce visual clutter and direct tiseruo the regions of
interest we prune small branches by cutting off all edged v;w) of v;w 2 G
withkv  wk <r andvalence(v)=1" (w) 6 2 which are notinthe current
focus of interest.

Smoothing:Finally, we enhance the visual appearance of the nal gragiGs
by applying a simple smoothing step. This smoothing stegifopmed for each
nodev 2 G by applying linear interpolation tar and the centroid of its directly
connected neighbor nodes. Smoothing is not applied tealitiodes or nodes
with (v)=1 or (v) 3 (to preventG from shrinking).

There are additional steps supported by our framework sacg$o combine the
two emerging graph&: andG; into one nal representation.



5 Results

(@) (b) (© (d)

Fig. 3. Results of graph extraction for the cube data set (a) withondt(b) with 5% noise. Images
(c) and (d) show the resulting graphs for the curved sheatgkttwithout and with 5% noise.

Our method provides a highly effective means for the eximaaif feature graphs
representing the underlying structural characteristicenvironmental LiDaR
point data sets. The proposed approach produces grapbseeting user-speci ed
features corresponding to two different types of pointsnirfcient and reliable
way. The process is driven by a few pre-de ned input valuessMmportant
are the radius of the feature size and the valuesi, and max con ning the
type of the considered surface-related features. Thesadias to be chosen in a
way that noise does not interfere with the classi cationgass but also that the
extraction of structural information is maintained. On tither hand nin and
sigmamax in general are less crucial to determine. Once the radiusuisd the
remaining feature extraction can be performed rather faaniinteractive way.
Our method differs between features of three differentaygfegpoints and allows
expression of the correspondence of a point to those tygesnits of probability.
Moreover, we are able to identify junctions of feature limeg only by means
of graph processing but using implicit information inhedtrom the initial point
cloud. Structural discontinuities are represented in tied graph structure by the
introduced critical nodes.

Our multi-scale approach also reduces the in uence of ndiggoduces reliable
results up to a noise level of 5-8%. Fig. 3(a) and Fig. 3(bystie resulting graph
extracted from parts of the point cloud related to curve-tkructures without and
with 5%. Fig. 3(c) and Fig. 3(d) show the results for the cdrsbeet data set for
feature extraction from surface-related structures witlamd with 5% noise. The
added noise is uniformly distributed in each dimension andeasured as a per-
centage of the length of the diagonal of the smallest bognidax containing the
given point cloud. The example shows that all resulting bsagf the test data set
re ect the correct underlying topology. Since determinlikglihood and feature
values is computationally expensive we decouple it fromdtaph extraction
process and perform it in a pre-processing step. This altbesiser to extract
feature graphs in an nearly interactive manner.

We have applied our method to several other environmental sits. The data
was collected using a LiDaR scanner mounted on a tripod, &adethat en-
ables fully three-dimensional scans of engineered strestu-or example, Fig.
4(a) through Fig. 4(c) show the results of processing a momgpdex man-made



structure. In Fig. 4(a) we see the original point cloud of @aewsower consisting
of approximately 1.7 million points. Fig. 4(b) shows the qarted feature val-
ues regarding curve-related features for each point. Thia@®rd feature graph is
presented in Fig. 4(c). More detailed parts of the graph egsgmted in Fig. 5(a)
and Fig. 5(b). Fig. 5(a) shows a relative complex under-$athpbject which is
part of the tower. In this example the underlying featurediand junctions were
almost completely recovered. The second object shown in5h) is a cross-
piece of the main pole of the lower part of the tower having med stiffeners.
The extracted feature graph exhibits critical nodes cdlémegreen representing
discontinuities between surface- and curve-like strgsur

The environmental point cloud shown in Fig. 6 is a part of tlen $\ndreas
Fault in California, USA. Since the scan was performed aitbche resulting
point cloud contains a relatively higher level of noise. Bages of the extracted
surface-related graph depicted in red represent the ymagridges of the land-
scape. The critical nodes depicted as green points repreifieer underlying dis-
continuities or features having curvature values whicteegrcthe user-speci ed
limit max . In this example the parameter values were chosen to cajdges
associated with relatively high feature/curvature val0d®se parts of the land-
scape with high curvature values (tapered ridges or acils) are represented
by critical nodes. For this example we chose, = 0:2; max = 1:5 and

r 0:0046% of the length of the diagonal of the smallest bounding baxco
taining P . The task of adjusting parameter values in order to extrectesired
features in this case is a complicted task which requirdbéuaresearch.

In order to allow the user to perform the feature extractigeriactively we have
divided the whole approach into two steps. We provide a cdatimnal expen-
sive pre-processing step concerning the point classiocatind the actual graph
extraction step. The time complexity for the point clasation is estimated to be
O(n logn) (with n number of input points). The complexity of the graph ex-
traction is assumed to be linear. This has been validatedibgliservations. For
example, the point classi cation for the water tower poitduzl (see Fig. 4(a))
having about 1.7 million points has last ... secs. The submgraph extraction
was performed in approximately ... secs. Computing thetpmassi cation for
the geographic data set in Fig. 6 was completed after ... $aes nal graph was
constructed after ... secs.

These results con rm that our approach holds great pronusdelature detec-
tion and extraction for LiDaR data processing, analysis amderstanding. Our
method will also be useful for the analysis of time-serid3dR data sets. Here,
one objective is to understand the movement of structurestone, and another
one is to comprehend the evolving complex relationshipsvéen ridge lines,
stream beds, fault lines etc.

6 Conclusions

We have introduced a novel approach for extracting and lisng features from
LiDaR data sets. Our examples demonstrate the bene ts sfitigithod for ex-
tracting feature graphs from point clouds representindasarcomponents like
ridges and creases as well as curve-like components. Asetiiochwas designed
as an interactive, user-controlled method offering alsa@h degree of automa-
tion, one speci ¢ strength is the ability for a user to in usmthe analysis process
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Fig. 4.Image (a) presents the original point cloud of a scannednit@teer structure consisting of
1.7 million points, (b) shows the color coded feature valiesach point regarding curve-related
features( blue represents low, red high feature valuesjgénic) shows the corresponding feature
graph by blue lines obtained by choosihg 0:5andr  0:038% of the diagonal of the smallest
bounding voxel enclosing the point cloud.

and obtain instant visual feedback. This work is fundamédotguture research,
for example to detect and measure deformation of envirotahetructures such
as buildings and bridges exposed to terrestrial in uen&agure work will be

directed at feature-based segmentation of terrestrial dassifying objects of
different type, such as trees, buildings, streets, etc. f@xé goal is to be able
to extract topological information from landscapes by asting and comparing
ridge lines from multiple scans taken at different timesdenitify deformations
by a comparative visualization method. Also, registrabbmultiple LiDaR data

sets by recognition of reference features used as landrsstsinteresting ap-
plication.
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