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Abstract: Traditional documentation capabilities of laser Lee and Park, 2011), texture mapping (Zalama et al. 2010),
scanning technology can be further exploited for urban historic documentation (Bbhm et 2007)and Building In-
modelling through the transformation of resulting point formation Model generation (Huber et al., 201¥pst re-
clouds into solid models compatible for computational ana- cently, pointclouds are employed for populating complex
lysis. This paper introduces such a technique through the computational models for climate modelling (Wenisch et
combination of an angle criteriandvoxelizaton. As part al., 2007) and subsidence prediction (Laefer et2811,0)

of that, a k-nearest neighbor (kNN) searching algorithm is for which highly accurate geometries are needed.
implemented using a predefined number of kNN points

combined with a maximum radius of the neighborhood Many methods have been developed to extract geometries
something not previously implementeldrom this sample from LIDAR data [both airborne and terrestrial] and photo-

points are categorized as boundaoty interior points grammetry, but most concentrate on reconstructing models
Facade features are determined based on underlyingfor visualization. To date, the conversion of these models
vertical and horizontal grid voxelef the feature boun- for computational analysis has required significant manual

daries by a grid clustering technique. The complete buil- intervention to obtain high geometric accuracy (Laefer et
ding model involving all full voxels is generated by em- al.,, 2011a). With Aerial Laser Scanning (&) data, city-
ploying the Flying Voxel method in order to relabel voxels scale, polyhedral building models are typically generated
inside openings or outside the facade as empty vox&is. from boundaries of roof segments (Dorninger & Pfeifer,
perimental results on 3 different buildings, using 4 distinct 2008; Elberink, 2009; Zhou & Neumann, 2009). In such
sampling densities show successful detection of all open- cases, resulting building outlines are of low accuracy, as
ings, reconstruction of all building fagades, and automatic roof outlines are normally slightly larger than the buildings.
filling of all improper holes. The maximum nodal displace- Also, ALS’s traditionally low sampling density (<100
ment divergence was 1.6% compared to manually genera- pts/nf horizontally projected and <35 pts/wertically pro-
ted meshes from measured drawings. This fully automated jected) creates difficulties in generating detailed vertical
approach rivals processing times of other techniques with surfaces. Greater success has been achieved using the sub-
the distinct advantage of extracting more boundary points, stantially denser Terrestrial Laser Scanning (TLS) datasets.
especially in less dense data ggt$75pts/r), which may A good approach proposed by Pu and Vosselman (2009) in-
enable its more rapid exploitation of aerial laser scanning volves segmenting potential fagade features (e.g. windows,
data and ultimately preclude needing a priori knowledge.  doors) and the subsequent fitting of polygons. Many alter-
native approaches are based on facade grammars (Becker &
1INTRODUCTION Haala,2007and 2009; Hohmann et al., 2009; Wonka et al.,
2003); see Laefer et al. (2011a,b) for an extensive review of
Point clouds from laser scanning technology, known as related literature and commercial applications for terrestrial
Light Detection and Ranging (LIDAR), can collect object and aerial options, respectively.
surface data quickly and accurately. These pointclouds have
been used for reconstructing object surfaces in applications As most existing approaches have concentrated on visuali-
from medicine (Weyrich et al., 2004) to product design zation, significant problems tend to arise in either mesh
(Varady et al., 2007). LIDAR is being used in Civil Engi- convergence or geometric accuracy when the resulting mo-
neering applications most significantly in transportation for dels are used as the basis for computational modelling.
road modelling (Cai and Rasdorf, 2008; Tsai, et al. 2009), Solid models of existing buildings generated through such
sign inventorying (Wang et al. 2010), road defect identify- means have had several drawbacks: (1) re-quire significant
cation (Zhang and Elaksher, 2011), and disaster planning user experience; (2) are of relatively low geometric accura-
(Laefer and Pradhan 2006). Increasingly, it is also bamg cy of the fagade and its openings; (3) cannot overcome un-
plied for structural health monitoring (Park et al. 2006 and realistic openings caused by sparse or missing data; and/or
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(4) may produce degenerate shapes causing difficulty in
generating Finite Element Method (FEM) meshis sur-
mount these shortcomings, a feature detection approach en-ln FEM meshing, Delaunay triangulation is a common
titled the FacadeAngle (FA) algorithm is proposed to create approach, in which a circumcircle of any triangle may not
highly accurate boundaries of facade features through the contain any sample points of the set (Berg e2800) For
combination of an angle criterion, voxelization, and a re- feature detection this is useful, as there are no sample points
cently introduced voxel location detection approach entitled inside openings. The resulting triangles in those areas have
the Flying Voxel method (Truong-Hong et al. 2012). longer sides. Using Delaunay triangulation meshes, sample
points on the boundaries of a facade and its openings can be
identified. These are the end points of the triangle sides that
are longer than a predefined length threshold (Boulaassal et
al., 2009; Pu & Vosselman 2007). Those points have been

2.2 Delaunay Triangulation and Related Approaches

2RELATED WORKS

To identify relevant sample points for detecting building

features various algorithms and criteria have been
proposed, many of which employ (1) an angle criterion or a
half-disc criterion (Becker & Haala, 2007), (2) a Delaunay

used for generating polygons as representations of complete
building models by a least-squares fitting approach (Pu &
Vosselman 2009) or by transforming them into parametric

models (Boulaassal et al., 2010). Some drawbacks involve
incomplete window generation, low accuracy of wall
outlines, and dependence upon a predefined length
threshold (Tang et al., 2009). In related work, Ali et al.
(2008) introduced adaptive thresholds to detect contours of
The general idea of boundary point detection by an angle @ rectangular, bounding window. This was based on the
criterion has been described by several researchers (Bendeldhigh variability of absolute differences of adjacent laser
et al., 2006; Gumhold et al., 2001; Linsen, & Prautzsch, measured distances that occur in window regions where
2001, 2002). The criterion is based on the distribution of part of the laser beam falling oa window surface is
neighboring points consisting of the k-nearest neighbo reflected back when it hits anternal object’s surface. In
points (kNNs) to a given point in Euclidean space (Samet, such cases, windows were segmented by implementing
2008) around a given point. To select appropriate kNNs for closing morphological operations, from which window
a small portion of an object’s surface, Linsen and Prautzsch ~ positions and global shapes were detected and subsequently
(2001) implemented an angle criterion to establish the retrieved by using contour analysis.
neighborhood of a given point, where the maximum angular
gap between two consecutive points within the k-risigh
projected onto a fitting plane was less than a threshold
angle (e.g. n/2). Subsequent work allowed rapid generation Based on the observation that glass reflectivity is low for
of locally triangulated meshes suited for object representa- normal light incidence, Wang et al. (2011) proposed detect-
tion and real-time rendering of three-dimensional (3D) ing boundary points by examining neighboring spaces to
scenes (Linsen, & Prautzsch, 2002). Similarly, an angle low intensity ones; defined as voxels along vertical and
criterion was used to enhance a standard kNN during sele- horizontal directions. A voxel contains boundary points, if
ction of a given pmt’s neighborhood, where no anglds- at least one empty voxel appears in an interval width of the
tween two consecutive neighboring points were larger than considered voxel. The methods can efficiently detect win-
a pre-specified threshold (Moenning & Dodgson, 2004). dows but with relatively low geometric accuracy and can-
The given point was classified either as a boundary point or not distinguish windows from occlusions. Similarly, in
asone lying in an under-sampled region, if no points were 2008 Hinks et al. 2008 proposed a point-based voxeliza-
detected within a spherical neighborhood (as defined by a tion method to generate solid models of building facades
user-controlled radius). from LiDAR data for simulation. In this, a voxel grid divi-
des a bounded 3D region (containing whole point clouds of
ElsewhereGumbhold et al. (2001) applied an angle criterion the facade) into a set of cells along vertical and horizontal
to raw point data to extract the points on an object’s sur- grids parallel to axial directions of a Cartesian coordinate
face. There, sample points were classified as surface, system. The voxel is assigned a value of 0 or 1 correspond-
crease, corner, or border points based on a penalty functioning to the voxel containing a number of sample points less
dependent upon the maximum angle between neighboring than a user-specified threshold value or vice versa, of which
points on a tangent-fitting plane (Hope et al., 1992). In rela- the voxel § called “active” or “inactive”. While the result-
ted work, Bendels et al. (2006) presented a boundabapro  ing building models are fully compatéowith FEM mesh
bility by combining various criteria for automatic hole generationthey require a fairly dense data set for aceura
detection. In this, boundary probability was computed from feature detection, thereby precluding applicability to aerial
the maximum gap between two consecutive projected data. The long range processing of city wide data also must
neighbor points for an angle criterion. The distance between address the challenges of working with very large data sets,
a given point and the average of its neighbors for the shape so although the current TLS data capture capability is near-
criterion was calculated. Then the eigenvector of the given ly limitless, further data density may not be the optistal
points calculated from its neighbors were compared to the lution, although more recently available mobile mapping
eigenvector of a sample point belonging to standard objects. may be an alternative (Alshawa et al. 2009).

triangulation [e.g. (Pu & Vosselman, 2007)] and/or (3)
proximity-based alternatives.

2.1 Angle and Half-disk Criteria

2.3 Proximity-based Alter natives
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Furthermore, to date these approaches have not providedpoints) lying on the facade and its openings are extracted by
sufficiently reliable and accurate boundary and feature de- using the angle criterion and then unrealistic holes are
tection for solid model reconstruction for computational eliminated by comparing characteristics of detected holes to
modeling for Civil Engineering. The next section describes standard building openings and (i) geometric model
a new approach towards integration of these technologies reconstruction, in which a geometric model is produced.
for improved boundary and feature detection.
Since the solid models herein are used for structural analy-
3 PROPOSED FACADEANGLE ALGORITHMS sis, some non-structural elements (e.g. balconies and win-
dow ledges) are not included. Further, this work assumes
While the point-based voxelization technique patented by that buildings are quadrilateral in shape, with structural ele-
Hinks et al. (208) can by itself generate a solid model ments residing within a planar facade, with openings com-
quickly, it insufficiently defines boundaries of a facade and prised of primarily rectangular windows and glass-plated
its openings for computational purposes. Furthermore, other doors, and currently only reconstructs two-dimensional
attempts to exploit that technique such as the (2D) fagades but could be extended to 3D models.
FacadeDelaunay (FD) algorithm recently proposed by the
same research group (Truong-Hong et al. 2012) require data 3.1 Boundary detection (Step 1)
densities that will not be available through aerial LIDAR
capture for many years as they are two orders of magnitude As mentioned above, a pre-processing step classifies input
greater than current data capture abilities (Hinks et al. sample points into boundary and interior classifications and
2009). Therefore, the FacadeAngle (FA) algorithm is pro- discards unrealistic holes (Figure 2). There, each sample
posed for detection of fagade and building features with less point is examined as to whether or not it lies on a boundary
dense data sets, as it harvests greater numbers of boundaryising an angle criterion. A boundary coherence technique
points for facades and building features, which provide a (as will be discussed ssémuently) is then applied to im-
wider range of subsequent processing opportunities. Herein, prove robustness. Holes are then assessed by comparing
the FA algorithm is applied to TLS data of various their characteristics to those of standard building openings.
densities, as these are not yet achievable with. ALS Their boundary points are finallge-classified as interior
points, if they fail to meet the criteria (Figure 2).
The proposed workflow can be divided (Figure 1): (i) initial
feature detection, in which sample points (called boundary

Step 1 Step 2
Feature detection Solid model Geometric
LiDAR data ) . ) reconstruction model
(Wall, doors, windows) X .
(Octree representation) (A neutral file)
Registration Boundary points Fitted boundary
(Merged multiple (Angle criterion, lines
datasets, re-sampling adjusting openings) (Window and door
data, cleaning irrelevant shapes)
points)
Figure 1. Building reconstruction process
Step 1 Step 1.1 Step 1.2
Feature detection Boundary points . . Output data
(1 ) ) (Angle threshold, — Adjust real openings (Output: x-, y-, and z-
nput; x-, y-, and z coord.)
boundary coherence) coord., class. and cluster)

Y Y N Y

- Search kNNs (Cluster boundary
3 ; Re-label boundary
- Compute a maximum points on the same ;
: : points
angle in kNNs opening
A . J N

Compute equivalent
size of opening

Figure 2. Feature detection processes

3.1.1 Angle criterion in boundary point detection (step 1.1) neighbor points is critical for classification. Ideally, sample
points on boundaries of a facade and its openings would be
Point, p, is an“interior point if the neighboring points are  straight lines, for which the maximum angle between con-
distributed around an entity (Figure 3a), or‘loundary secutive neighbors would be equalstoexcept at interior
point”, if the neighboring points form a partial ball (Figure window corners, which should not exceef2. Thus, the
3b). Thus, the maximum angle between two consecutive critical angle is chosen as/2, so the given point is a
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boundary point, if the maximum angular gap exceeds an neighborhoods (Figure 6b). Additionally, as point density
angular threshold. Otherwise, it is an interior point. varies within a data set, with low densities normally occur-

o ) ° ® ° 50 ring in boundary areas, a neighborhood with a predefined
° °e ¢ N, ' number of KNN points can unintentionally contain sample
* ¢ e < N ® e points belonging to surface patches along two boundaries of
® ® ® @ h . . .
. . ® . | o ° the same opening (Figure 6b), which causes improper clas-
. & : % / a : sification. Herein it is proposed, that the problem can be
. . ® . Fa . ® minimized by implementing a radius threshold to constrain
e s 2 . 2 the ball of the neighlthood. In this, the ball’s radius must

a) Neighbor points of an  b) Neighbor points of a be I_ess than or equal to _th_e select'ed thresholq. Th.is thresh-

interior point, p boundary point, p old is set to a normal minimum window opening size (i.e.

0.4m) based on empirical work by (Pu & Vosselman 2007).
The kNN searching algorithm implemented in this study is
defined by an input number of KNN points combined with

_ _ the neighbehood’s maximum radius (something not pre-
The FA algorithm starts with a randomly selected sample viously done). Results with and without a radius threshold

point and searches for a set of neighboring poigts,  are illustrated in Figures 7a and 7b, respectively.
(discussed below). The neighboring poimtsare projected

onto a target-fitting plane (Figure 4). Cartesian coordinates
of neighboring points are then transformed into relative cy-
lindrical coordinates, with the local origin set at a given
point p. An angle between two consecutive neighboring
points, aji+1 = Z0igi+1, IS computed as the difference be-
tween their azimuths (Figures 4a). The given point is label-
ed as a boundary one, if the anglgi.g) exceeds a given
threshold (Figure 4b), and an interior point, otherwise.

Figure 3. Distribution of the number of nearest neighbo
points of a given point
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ce e ® 8 & o ce e ® o oo a) Ball searching algorithm  b) k-nearest neighloo
S 6 g o e W|th_ a pre-defined r_adlus 0.5 se::_1rch|ng fo_r 10 kNl\_Is
Y ’.\ * \.\‘. o . .f/’.\ ?]u'+1\, . Figure 5. Searching nearest neighbor point algorithm
® Q *?t .“. L4 ® ‘ .'\?pl a”if!l. e e 80 & g o e®gq 9 .
RO a7 Vi s e e :
o o &/ jo ® s o a /e ® o o U e . ’/
e ® 4 ‘ - ° o ® 4 *qi,// L] o.‘/ ) ‘.o.' e o ..
e o . s ce o 4 v e NP o
a) Angle between 2 b) Maximum angle between 2 R P ETTEY AN .
consecutive neighlvo consecutive points in the neight Nl e et . .. -_\‘ el .
point_s of a given pointi[ poi_nts of a given point;p a) 8 kNNs causing t;) 22 kNN; causing
Figure 4. Cqmpu'u_ng a maximum ang_le betw_een two misclassification of poin misclassification of point;mue
consecutive neighbor points of a given point p

p; in a sparse dataset to overly large neighborhood
. . . . . . . Figure 6. Misclassification of sample points due to either an
For selecting neighboring points of a given point, various ey sparse data or an excessively large neighborhood.
methods have been used, such as a ball neighborhood (Fig-

ure 5a) and KN (Figure 5b). Herein, a binary searclulik- Lo . AP
mension (k-d) tree was implemented into the FA algorithm e ® o 4 . R
for searching kNN points, where each leaf node containsa o o o~ . et e T N e
number of predefined target points (Bentley, 1975.9. e % J . SIS S
the 20 points (as discussed subsequently) adopted in this k- * : L ° . : i\ ﬁiii" o
d tree. A number of KNNsg{q:, @....,qn}, the nearest Lo '_ *.'X Ve a :
points of the given point, p, in the Euclidean distance, were el . e e st e .
extracted by the use of a k-d tree; [see Moore (1990) for s o o . ¢ o o o s o s
more details of the searching]. a) 15 KNNs with an upper  b) 15 kNNs without an
bound searching radius lea  upper bound searching
Selecting am optimal number of kNN points is an important ~_to only 13 kNNs selected _radius
task, because this affects the running time and feature de- Figure 7. Selecting 15 kNNs of the given poipivih and
tection quality. For example, if the data have a high level of without an upper bound searching radius

noise or are relatively sparse, selecting a small number of

kNN points will lead to large errors in classification (e.g. a T0 improve robustness of boundary point detection, the

sample point in the sparse Figure 6a data set was classifiedPoundary coherence technique proposed by Bendels et al.

as a boundary point instead of an interior one). Similarly, (2006) was implemented to eliminate incorrect boundary

boundary points are overlooked with excessively large Points due to noisy data. The technique defines a point as
being on a boundary, if and only if, two neighbor points of
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the given point forming the maximum angle are also boun- Next, characteristics of each detected hole (height, length,
dary points. Otherwise, the point is classified as an interior and height/length ratio) are computed using a histogram a-
one. In this study, the process is used to check through all long the horizontal and vertical directions (Figure 9), where

boundary points detected in the previous step. the hole is assumed to be rectangular. The possible hori-
zontal and vertical boundary lines of a hole can be deter-
3.1.2 Adjusting openings mined from two peaks of the histogram along the x- and y-

directions, respectively (Figure 9b and c), in which a num-
To distinguish real from apparent openings, any detected ber of bins in each direction is adopted equal to 10. How-
hole is compared to a standard facade opening. A detected ever, for holes (such as doors) at the ground surface, only
hole is presumed false, if its characteristics fail to meet pre- one peak on the upper side appears on the histogram along
defined opening criteria (as will be discussed later). To the y-direction. Based on this concept, equivalent dimen-
make this check, firstly all points on the boundary of a sions (height and length) of each hole are consequently de-
single hole are clustered using a clustering technique with a termined in accordance with equations 1 and 2.
predefined searching radius (Guha et al., 1999). The radius

value must ensure that none of the boundary points of adja- n mo

cent openings are unintentionally included, while still cap- Zyi”p zyjow

turing all the relevant boundary points (Figure 8a). In real p_| =L _ A (1)
buildings, the distance between adjacent rows or columns n m

of openings or an opening and the facade edge is normally
larger than 0.2m (Ripperda, 2008) [Figure 8b]. Thus, a pre-
defined searching radius equal to 0.2m is adopted.

Kk |
=02 right
L=02m . Z XiIeft Z ng

L= i=1 _ j=1 (2)

where n and m, and k and | are a number of boundary
points belonging to peaks (“up” and “down”) along the y-

"0ty *

dow1 Window 2 Window I  Window 2 histogram, and to Peaks (“left” and “right”) along the x-

Win
a) Clustering all boundary b) Unintentional selection histogram. Notably, for a hole along the ground surface, the
points of a selected openir  boundary points from down peak is the lowest bin in the y-histogram.

adjacent openings due to ¢
overly large searching radi
* Black points are respectively boundary points of windows

land?2
Figure 8. Clustering boundary points of the openings
2 ot 40 40
g s / 2 3 2 3
15 S 30 2 30
= ==
s 25 & 25
1 ‘§ 5
3 20 § 20
05 5 15 5 15
[+1} [+
-§ 10 £ 10
0 Z 5 Z 5
0 0
05E ~ 14 12 41 08 -06 04 0 04 08 11 15 189
175 125 075 025 X coordinates of boundary points Y coordinates of boundary points
a) Boundary points of the b) X-coordinate histogram of boundar c¢) Y-coordinate histogram of boundar
window points along the x-direction points along the y-direction

Figure 9. Using histograms to determine height and length of a window

Finally, holes are categorized as occlusions, if their charac- boundary points of occlusions are reclassified as interior
teristics differ from a predefined minimum opening dimen- points. In order to eliminate unrealistic holes, characteris-
sions greater or equal to 0.4m (as establishedPby& tics of detected holes are compared to ones of openings in
Vosselman 2007) and a height JHo length (L) ratio building structures, in which the opening is assumed as rec-
greater than 0.25 and less than 5.0 (as established by Mayettangular; height and length are used post identification

& Reznik 2005; Ripperda 2008) (Equation 3). Thereafter,
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ifH, > 04m; L, > 04m; point classification of eithefinterior” or “boundary as de-

_ . ; fined in Step 1. In surface reconstruction from a set of
fHoLoHo/Lo)=) 025<H,/L, <50: Qening(3) sample point, an object’s surface-based triangulation
consists of curved surfaces, instead of the generally planar
surface of building facades. Surface-based triangles may

3. 2 Solid model reconstruction (Step 2) cause difficulty in generating FEM meshes or result in
distorted FEM meshes leading to unstable numerical

The aim of Step 2 (Figure 10) is to reconstruct a solid mo- solution. For these reasons, voxelization is implemented
del of the building facade from raw data points adding  into the FA algorithm to generate a complete building

QG herwse Non —opening

model.
Step 2
Reconstruct solid model
(Input: x-, y-, and z- coordinates,
classification and cluster)
Step 2.1 Y Step 2.2 Step 2.3
Create voxelization Create sub-clusters Create new voxelization Export Octree
model ] (vertical and horizontal sub- e model - representation
clusters for openings and the (Subdivided voxels intersected to (A neutral file stored
facade) boundary lines) information of Octree)

. Create vertical and Determine voxel positions
Extract partial voxels 5 FEE! i
horizontal sub-cluster (‘Flying voxel’)

Cluster partial voxels Determine boundary Re-define voxel properties
(Grid clustering method) lines

Figure10. Reconstruct geometric model process

Initially, a bounding boxnclosing the building’s entire fa- max_Octree_depth = max(depth_x, depth_y) (8)
cade is established. Often, a bounding box has equal edge
lengths but is defined herein by equations (4) and (5) there- Subsequently, an initial voxel is subdivided along the x-

by implying the possibility of non-cubic voxels. and y-directions into four smaller voxels. Herein, the voxel
is then categorized as “Empty”, “Full” or ”Partial”. The
Les =Xm ax Xm i (4) voxel is “Empty”, if it contains no data points, or “Full” if it
contains exclusively interior points. The last category is
Hoo — _ ) 5 “Partial”, if the voxel contains interior and boundary points
BB Ymax Ymi ( )

or only boundary points. In the three sample buildings to be
presented in the experimental section a depth of 8 was
found to be ideal for the smaller structures and a depth of 9
for the larger.

where Yiax Ymax, Xmin, Ymin &re minimum and maximum
coordinates of input sample points.

In the proposed FAlgorithm, a voxel’s size along its short
side (either longitudinal or vertical) of the facade is less
than half of the minimum feature size (e.qg. if the minimum
opening dimension is 0.4m, voxel size must be less than
0.2m.). Thus, the required octree depth along x- an y-
directions can be given:

Boundary lines of the building facade and its openings are
determined based on boundary points underlying partial
voxels. To achieve this, a group of empty voxels is assumed
to be inside an opening, and then the partial voxels around
the opening are clustered using a flood-filling algorithm
(Agoston, 2005), in which 8 voxels connected to the se-
lected voxel are checked.

L
depth x=|log,———B8
aallee { o Min\oxel S ze} ©)

The assumed quadrilateral shape of the facade and its open-
ings implies that boundary points of each side can be ex-
H tracted from vertical and horizontal grids of partial voxels
dept h_y:{|ogz¢J 7 by using a grid clustering technique. A new grid cluster is
Min\oxel Si ze generated, if the boundary points within the partial voxel of
the grid satisfy the following conditions: (1) a maximum
in which MinVoxelSize = 0.2 m and the sign [] means that distance between two boundary points in the grid is not less
the value is rounded up toward the nearest integer. As the than the minimum opening size, and (2) a minimum dis-
octree depth is unique, the maximum octree depth for tance between two boundary points belonging to two adja-
recursively subdividing in this proposed approach can cent partial voxels is not greater than half of the opening
expressed as: size, in which an opening size of 0.4 m is adopted. By im-
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plementing a constrained condition in the grid clustering

For the detailed process for parameter determination see

technique, incorrect boundary points due to noise in the Pighin & Lewis (2007) and Fleishman et al. (2005). This

data can be eliminated, because those boundary points maytechnique can eliminate 50%

be storedas partial voxels on fragment girds. Often, the
boundary points for reconstructing boundary lines lie in the
same grid voxels, which implies a low noise level for these
points.

of all outlier points

(Fleishman et al., 2005). Additionally, as the top boundary
lines of real openings may be straight (as in rectangular
openings,) bi-linear (as in wedge openings) or curved (as in
arched openings), the y-coordinates of the end points of the
top line were determined from average y-coordinates of

Furthermore, these grid clusters are classified as sub-clusterthese boundary points, while x-coordinates of the end
voxels containing boundary points representing boundary points were set equal to two outlier boundary points along
lines for each opening’s side by comparing coordinates of horizontal direction. A similar process was applied for
the grid cluster voxels to coordinates of the mipg’s determining the fagade’s boundary lines.

centre (Figure 11a). For example, a window has four sub-

cluster voxels corresponding to the four boundary lines The full voxels were then stored in a database to describe
(two vertical, one bottom, and one top), whereas a ground- the geometric model of the solid wall for computational
floor door normally includes only three representing to modeling. Thus, the properties of the voxels must be re-
three boundary lines (no bottom boundary lines). For gene- classified based on their positions. Namely, the empty

rating two vertical lines and a bottom boundary lithese

voxels are either “inside” openings (interior to a set of an

line segments were determined based on coordinates of allopening’s boundary lines) or outside the facade (exterior to

boundary points contained within the stlbster’s voxels
by using a least median of squares approd€tighin &
Lewis, 2007, Fleishman et al., 2005). To obtain realistic
vertical and horizontal boundary lines, fitting lines weee

a set of the facade’s boundary lines). To achieve this, a fur-

ther voxelization is created by dividing the initial voxeli-
zation model (Figure 12a) by the boundary lines (Figure
12b). For this, the number of child voxels depends on the

termined from a set of boundary points in each sub-cluster number of boundary lines intersecting a parent voxel. For

S ={p = (% Vi 2)| 1<i<n} asshown in equation 9 and 10.

x=a forvertical lines

9)
10

y=b for horizontal line

example, four child voxels would be created, if two boun-
dary lines intersected the parent voxel. Conversely, no sub-
division would occur, if no boundary line intersected the
parent voxel, or if boundary lines(s) coincided with surface
plane(s) of the parent voxel.

where the parameters a and b were determined by
minimizing the median of the residuals: In re-voxelization (Figure 12c), voxels inside of openings

or outside of the facade are now labeled as empty and all

argminmedi an|a— Xi| for vertical lines 10 others as full. For thathe “Flying Voxel_” method (Tmong-
a i Hong et al., 2012) is employed to quickly determine one of
) ) three possible positions with respect to various boundary
argmi nmeid igih—y;| for horizontal lines 12 lines: Case 1 - voxel outside of the facade; Case 2 - voxel
b

inside the fagade and inside an opening; or Case 3 - voxel
in-side the facade but not inside any opening. This

‘Top horizontal cluster ' Boundary line |

= | - k. approach is summarized in Truong-Hong et al. (2012).
2 ki IR 1) g Finally, all full voxels in the final voxelizati del
2o .l M5 = i = inally, all full voxels in the final voxelization model are
S | | 1= | & . = f:onverted into a_neutral file for computational modell_ng
= I = =l E 3 = = g into the commercial FEM code such as ANSYS Mechanical
g | | | | gl 5 S APDL Product (ANSYS Academic Research Release 13.0).
= J i —Jdl= 2 M @] Topology and geometry of the full voxels are converted to a
'E I_unﬁl C%Di o f‘f\f[?-‘ Boundary Representation (B-Rep) scheme that defines a

‘ solid model, similar to that done by Hinks (2011) but with

‘Bottom horizontal cluster  Boundary line the voxel criteria described herein.

a) Clustered vertical and  b) Determined boundary
horizontal clusters lines of the opening

Figurell. A modified grid clustering technique is
employed to cluster vertical and horizontal voxels and to
determine boundary lines of the opening
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Figure12. Determined fagcade boundaries and its openings’ boundaries
4 EXPERIMENTAL RESULTSAND DISCUSSION was developed. Point clouds of adjoining building were re-

moved. Similar to work of Adan and Huber (2011), the fa-
To validate the algorithms, four datasets were created for ¢ade surface was determined from a histogram peak along
each of three brick buildings in Dublin, Ireland (Figures depth direction. For that, points +20 cm from the facade
13a-15a), which were selected for their proximity to an up- were considered as sample points of objects behind the fa-
coming metro project and the availability of independent cade (e.g. floors, internal walls and objects) or non-func-
survey measurements. TLS point cloud data were collected tional structures in front of the facades and were manually
using a Trimble GS200 device. Point clouds of each build- removed. Finally, the ground level was also determined as a
ing acquired from multiple scanner stations because of traf- peak of a histogram along vertical direction.
fic, terrain limitations, and footpath space were registered

by using RealWork Survey (RWS) V6.3, proprietary soft- Table 1. Dataset Sizes
ware associated with th(_a Trimble GS200 scanherthis_ _ Buildin Sampling dataset
survey, two scanner stations were set up for each building. 9

A minimum of three reference regions for each scanner sta- NS00 | S20 | S50 | S75
tion was acquired at 2 mm resolutions in order to merge |B1: 2 Anne St. South (264,931 51,171 9,909 4,643
pointclouds of the faga(_de, in Whi_ch the referenc;e regions B2: 5 Anne St. South [190.869 51.88411.119 5,366
were chosen at well-defined positions such as window cor-
ners or window ledges. A trial and error merge process was [B3: 2 Westmoreland §650,304353,84§71,15935,468
manually undertaken by selecting a pair of points from the

source and target stations until the average error of each tar-The FA algorithm was implemented in MatLab program
get point expressed in term of distance errors was less than(MathWorks, 2007), using TLS data in ASCII format for
5mm. Additionally, sampling point clouds were obtained by Point cloud coordinates. Experimental tests were run on a
using arandom samp"ng function built on RWS’ in which a Dell Precision Workstation T5400 with Intel (R) Pentium

required distance between two adjacent sample points was(R) Xeon (8CPU) CPU speed 2GHz with 24 Gb RAM. For
defined. the boundary point detection, 20 kNN points and 0.4 m of a

radius threshold were preselected for searching kNN, and

The first set was the original scans (NS00) after being co- an angle threshold of/2 was preselected for the angle cri-
registered and having point$-20 cm behind the expected  terion. Each building had four geometric models:
building facade removed. The other three were subsets BIFANSOO describes the geometric models of Building 1
using random re-samplings with expected distances (B1) reconstructed by using the FacadeAngle algorithm on
between sampling points of 20mm (S20-2500pts/m  the original dataset (NS00), while B2FAS20 describes the
50mm (S50-400pts/fhand 75mm (S75-175ptsfnTable same applied to the sampling point S20 (distance of 20mm
1]. The densities were selected to test algorithm sensitivity. between points) dataset for Building 2 (B2). Due to space
limitations, only one set of solid models is graphically
For extracting only sample points of considered facades, a Presented herein for each building.
MATLAB subroutine incorporated with MATLAB libraries
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a) Photo Building 1 b) Scanning da in the ¢) Point cloud after d) Boundary points in red
(4.95m w x12.16m h) RealWorks Survey program cleaning and resampling
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e) Initial voxel f) Voxel representation g) Solid model h) CAD drawing_from
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Figure13. Facade reconstruction for Building 1 based on dataset of 2500p&2fdistance between adjacent sample points
no less than 20mm)
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a) Photo Building 2 b) Scﬁanning data in the c) Igoint cloudgafter d) Boundary points in red
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e) Initial voxel f) Voxel representation g) Solid model h) CAD drawing from
representation subdivided by boundary line representation physical survey
© values in [] are derived from the FA algorithms, while others arenttependently measured survey values.
Figure14. Facade reconstruction for Building 2 based on a dataset of 403 (B&@nadistance between adjacent sample points
no less than 50mm)
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a) Photo Building 3:
(219.36m I x 17.0m h)

b) Scanning data in RealWork c) Point cIou éfier d) Boundary points in red
Survey program cleaning and resampling

]
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e) Initial voxel f) Voxel representation g) Solid model h) CAD drawing from
representation subdivided by boundary lines representation physical survey
© values in [] are derived from the FA algorithms, while others arinttependently measured survey values
Figure15. Facade reconstruction for Building 3 based on a dataset of 175 pts/m
(S75-distance between adjacent sample points no less than 75mm)

5 GEOMETRIC VALIDATION are considered for benchmarking quantities. In Kubit, the
solid models were created within an AutoCAD program by
Geometric accuracy of building facades in figures 13a, 14a, manually indentifying openings and building boundaries
and 15a derived from the FA approach was comptwed based on a building’s photograph. Building fagades
those processed in the commercial program, Kubit (1999) generated fromthe Kubit program based on input datasets
In this comparison, the building facades from on-site survey in Figure 13c, 14c and 15c are shown in Figure 16.
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Figure16. Building facades created by Kubit program based on input datasets ia E&prl4c and 15¢

To evaluate accuracy, the geometries of the derived ones from the Kubit algorithm were overestimated and to a
building models were compared to measured drawings from greater extent when compared to the real buildings
independently produced on-site surveys (Figure 13h, 14h underlying CAD drawings (Figure 17a). The maximum
and 15h). In general, length of building models derived relative error in length by the FA algorithm underestimated
from the FA algorithm were slightly underestimated while Building 2 by1%, while the maximum relative error by the
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Kubit program overestimated Building 1 by 3% (Figue higher than ones from the Kubit program, the maximum
17a). Similarly, the FA algorithm also tended to relative errors wee no more than 1.2% (Building 3) for the
underestimate the building height, whereas the Kubit FA-based models versus 0.6% for the Kubit-based models
program tended to overestimatevithile, the relative errors (Figure 1b), with the benefit of the FA algorithm being
of the building height from the FA algorithmere slightly fully automated

1.0 D ettt bl r 80 p-=-=--- T-——--- 1= al
1 I I ! \ BFA
- 1 ! — L =60 f------ Lo oda
:i 0.0 ! “ ! 5 ! :: i i OKubit
= ! ! T - =40 F-=-=---- - —— —d - - -
= 1 | =] I e 1 1 1
o 1 I = 1 = 1 I 1
2-1.0 T n 2 T 520 F-= -7 —qm—— - -
o 1 1 o 1 g 1 1 1
- i g0 e £0.0 : : !
é--o TTTTTTTTUEEA T ] — C T ] [ Lo Ha —-a
5 i OKubit : 15 i [ 4.0 : i i
o Building 1 Building 2 Building 3 " Building 1 Building 2 Building 3 " Building 1 Building 2 Building 3
a) Lengths b) Heights c) Opening area

Figurel7. Relative errors of building facades reconstructed by FA algorithm anitl p¢olgram compared to independently
measured drawings

In terms of opening areas, for the small buildings (Building sample points.

1 and 2), the FA algorithm was more accurate (maximum

relative error of 3.7% for Building 2) than the Kubit Table 2. Geometric differences between CAD drawings
program generated ones (maximum relative error of -7.2% against the FA and Kubit-based solid models

for Building 2), as shown in Figure 17c. However, for the —— —— ——
larger Building 3, the opposite trend was found with the FA Aspects | _Building 1_ Building 2, Building 3,

algorithm overestimating the opening area by 3% and the | (MM) |FA-S20 Kubit |FA-SSQKubit|FA-S75 Kubit
Kubit program underestimating by 1% (Figure 17c). As the [Average 86 288 127756 -30.3 4.5
resulting geometry of the building components (e.g. Min. error | -109.0-110.0 -165.(G-40.0 -177.0-140.0
openings) may or may not affect bu||d|ng response Max. error 179C 250C 359C 37OC 450 700
depending upon the application, the geometric accuracy of [Stand. @v. 111.4110. 121.31102.7 54.1] 58.6
the components was also evaluated.

5.1 Quality of boundary point detection
By considering the most important building components in
masonry buildings (e.g. openings), the approach was also The proposed FA algorithm consistently detected all
shown to be comparable. The average absolute errors of theopenings for each of the three building facades (Figure 13-
opening dimensions in the FA-based solid models were 15). Using 20 kNNs, sufficient boundary points were found
generally less than the Kubit-based ones (Table 2), in which on the facade boundaries and its openings to reconstruct
the average error was 12.7mnStdndard deviation realistic boundary lines (Figure 13c, 14c and 15c), with
(SD)=121.1mm] in Building 2or the FA-based models, improved detection for denser datasets (Figures 18a-b vs.
while 75.6mm (SD=102.7mm) for the Kubit-based ones. Figures 18c-d). Notably, the FA algorithm can detect all
However, for the larger Building 3, opening dimensions in boundary points around openings corners, a shortcoming
the Kubit-based model were more accurate than those from that occurs in the Delaunay triangulation based FD
the FA-based models. For that, the average errors were -algorithm (Truong-Hong et. al, 2011) [Figure 19] or with
30.3mm (SD=54.1mm) and 4.5mm (SD=58.6mm) for the use of a shape criterion (Becker & Haala, 2007)
FA- and Kubit-based models. In conclusion, the FA Additionally, the FA algorithm also detected approximately
algorithm more commonly automatically generated twice the number of boundary points on building’s features
building models of superior accuracy than those created by than the FD algorithm (Figure 18 vs. Figure 19), even in the
the operator-assisted Kubit ones. This was likely caused by presence of occlusions (Figure 18a black circle). This opens
the fact that the Kubit program depends on visual the way for further processing options or further density
interpolation by the user, while the FA algorithm generates reductions, which may soon enable use of existing ALS
the boundaries of the fagade atglopenings strictly from data for solid model generation of building facades.
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]

b5

B R
AP

L
{
a.z

sy (RO————

T = e : S ] :
a) For NS00- 230 b) For SZ(L 187 c) For S50- 86 d) For S75-56
boundary points boundary points boundary points boundary points
Figure 18. Boundary points of a top left window of Building ithwarious sampling density of datasets to show parameter
sensitivity
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Figure 19. Boundary points of a top left window of Buildi
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boundary points boundary points
ngith various sampling density of datasets from the FD

algorithm (adapted from Truong-Hong et al. 2012)

5.2 Processing time

The majority of the total processing time was devoted to
feature detection (Figur20). With a dataset of 190,865
points [as shown as 5.28 (1og190,865) on x-axis of Figure
20], the feature detection took 102.3 minutes while
voxelization required only 1.8 minutes (Figu28). This is

To investigate efficiency of the proposed FA algorithm and
Kubit program in reconstructing building models, the
dataset of S75 was selected and the results of the building
models was illustrated in Figure 13-16. Processing time for
manual cleaning irrelevant points with the RealWork
Survey is 5 minutes for all datasets while ones for
reconstructing the building models is shown in Figure 21

because the feature detection algorithm must pass through(below). In general, the FA algorithm is faster than the

the entire dataset, whereas the voxelization process is
mainly searching through partial voxels to reconstruct
boundary lines of building’s features. The voxelization

process depends on not only depth of octree representation

but also the number of openings needing to be

reconstructed. For example, the process took 0.8 minutes
for Building 2 (51,884 sample points, 8 openings and depth

of octree representation by 8) but 6.28 minutes for Building

3 (71,155 sample points, 28 openings and depth of octree
representation by 9; the greater size of Building 3 required

an additional level of division

While, the FA and FD algorithms (Truong-Hong et al.,
2012) were nearly equivalent in speed, particularly for
datasets less than 350k sample points, the FA algorithm
may be further optimized, by having the feature detection
portion of the algorithm search only on the sample points
around openings instead through all sample points, as
currently reflects its implementation.
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a) Feature detection
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==@=-FDalgorithm =—8—FA algorithm
b) Voxelization process
Figure 20. Running time of the algorithms.

Kubit program, particularly for small buildings (Building 1
and 2) having less number of openings.

10

Runningtime (minutes)

B1
OFA algorithin

B2
B Kubitprogram

B3

Figure 21. Comparing processing time between FA
algorithm and Kubit program based on dataset of S75

5.3 Influence of critical input parameters

In the angle criterion, the vital parameters were identifying
the critical angle and selecting a suitable neighborhood. In
this study, the critical angle was set equalrtd, which
worked well, even in the corners, because the data points
were fairly regularly distributed. False results occur, if the
number of KNNs is set either too low or too high. As such,
asdiscussed previously, for cases of 8 or 22 kNNs selected,
detection of either interior or boundary points would be
incomplete (Figure 6). By assuming a perfectly distributed
rectangular data set, 8 kNN points would be sufficient for
boundary point detection (Figure 22 with sample points in
circles), but real data are not distributed as such. Thus, 20
kNN points were selected for all datasets, corresponding to
0.2m of the ball’s radius of the kNN points for 75mm
sampling dataset. This selection provides rapid boundary
point detection while avoiding accidental sample point
collection on adjacent openings. Additionally, the 0.2m
radius enabled robust clustering of all boundary points on
the boundaries of the fagade’s features for each of the 12
datasets.
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* Dark gray points: sample points
* Black gray points: given points
* Unfilled circle points: boundary points
* Black points: neighbor points
* Circles: selecting 8 kNN points
* Dash lines: an expected window boundary lines
Figure 22. Selecting neighboring points in rectangular
distribution of sample points

6 NUMERICAL ASSESSMENT
As the main goal of the FA algorithm was to reconstruct

solid models of existing building facades for computational
modeling, compatibility of the solid models and the impact

of the aforementioned geometric discrepancies on
numerical results must be discussed. To evaluate the

usability of these models for a relevant case, the responses - ° .
y P A behind excavation face (Truong-Hong, 2011), there are

of the FEM models derived solid models from the F

algorithm were compared to ones based on CAD drawings

from on-site drawings submitted for planning permission.
In this section, the solid models of Building 1 respectively

shown in Figure 13g and 13h for the FA algorithm and the

T
T
 ERENERANRRAES

T

T T T TR R P

(e [

a) FEM mesh & imposed

displacement CAD based  displacement FA basec

CAD drawing were selected for further investigation.

Non-linear analysis was adopted for analyzing the solid
model of Building 1 by using ANSYS Mechanical APDL
product (ANSYS Academic Research Release 13.0), where
a macro modeling strategy was employed to model the
building facade by using a SOLID65 element. Additionally,
a William Warnke (WW) failure criterion and Drucker-
Prager (DP) yield criterion built into the ANSYS program
are respectively to model masonry behavior in tension and
compression. Thus, the WW failure criterion provides a
tension cut-off for the DP yield criterion (Truong-Hong and
Laefer, 2008) Material properties were selected from
existing experimental reports and the peer-reviewed
literature to represent medium-strength masonry properties
used for this analysis. These were as follows: for elastic
behavior Young’s modulus of 3,480 MPa and Poisson’s

ratio 0.16 and for plastic behavior for 26.15/1.15 MPa of
compressive/tensile strength, 6.81 MPa internal cohesion,
35 internal friction angle and fodilatancy angle. The
analysis was conducted under self-weight and imposed
displacements due to excavation-induced foundation
settlements (Truong-Hong 2011), in which an element size
of 0.15 m was predefined for FEM mesh generation, and
displacements were directly applied to nodes on the bottom
of the model (Figure 23a and b). As discrepancy of building
length (Figure 17a) and the building edge is set ah 2

small different displacements imposed on FEM models
based on CAD drawing and the FA algorithm, where the
minimum displacements were respectively 24.764 mm and
24.905 mm (Figure 23a andl.b

MX

b) FEM mesh & impose c) Displacements of FENM d) Displacements of FEM model
model- CAD based

FA based

Figure 23. Finite element models and numerical results from CAD and FA based models

Graphically, the numerical analysis showed a consistency results vas well below accepted uncertainty levels within
of nodal displacements between the FEM models based onstructural design [e.g. the Load and Resistance Factor
two sources of the solid models (Figure 23c and d). The Design specification allows a nominal force effect increase

maximum nodal displacement differdy no more 1.6%,
with an absolute differencef only 1.6 mm (Figure 23). In

terms of an engineering perspective, this difference in FEM proposed herein

of 5% to consider ductility, redundancy, and operational
importance (Hoffman et al1996)]. Thus, the algorithm
can be wused for auto-generating
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computational models from TLS data. Agoston, M. K. (2005), Computer Graphics and Geometric
7 CONCL US| ONS AND FUTURE WORK Modeling: Implementation and Algorithms, Springer

Verlag London Ldl.

S0 ety proposeq Pacadeniile S00HIT COMDINES &1 a1, Amed, B, & Paar, G. (2009, Robust window
Flying Voxel ,method to eutomatically extract building detection fror_n 3d laser scanner .data, 20.08 Congress of

) : . : Image and Signal Processing, Hainan, China, May 27-30,
facades and their major features from LIiDAR point cloud 2008. 115-18
data for further computational modeling. By use of an angle ' '
threshold combined witla pre-specified searching radius  Alshawa, M., Boulaassal, H., Landes, T., & Grussenmeyer,
and a pre-selected number of nearest neighbor candidatesP. (2009), Acquisition and automatic extraction of facade
the algorithm performed within acceptable limits in a wide elements on large sites from a low cost laser mobile
variety of tests against a semi-automatic, commercial mapping system, 3D-ARCH 2009, 3D Virtual
alternative on three urban buildings at 4 data densities Reconstruction and  Visualization of  Complex
Favorable results were also obtained for geometric variance Architectures, Feb. 288, 2009, Trento, Italy, 6p.

of the overall form and individual elements compared to .
solid models derived from measured drawings, as well as ANSYS Academic Research Release 13.0, Help System,

for resulting displacements and stresses in an adjacentTheory Reference for ANSYS and ANSYS Workbench.

excavation scenario (within 1.6% or 1.6 mm). Furthermore, Becker, S. & Haala, N. (2007), Refinement of building fa-
even without full optimization, the processing time was cades by integrated processing of LIDAR and image, data
comparable to another voxel-based automated approach andPIA07 - Photogrammetric Image Analysis, Munich,

was also able to automatically overcome holes caused by Germany, Septl9-21, 2007, 712.

data occlusions. In addition to these favorable aspects, the
strategic advantages that the FacadeAngle potentially
possesses over other approaches are as follows:

Becker, S. & Haala, N. (2009), Grammar supported facade
reconstruction from mobile LIDAR mapping, CMRTO09-
City Models, Roads and Traffic, Paris, France, Sept. 3-4,
1. Ability to precisely detect all boundary points 2009, 229-24.

round th rners of nin X wher . .
gccz:lljusoilorgseex(i:gt ers of openings, except ere Bendels, G. H., Schnabel, R., & Klein, R. (2006), Detecting
Holes in point set surfaced®urnal of WSCG, 14.
2. Capability to harvest twice the number of

boundary points over other automated methods Bentley, J. L. (1975), Multidimensional binary search trees

used for associative searching, Communications of the
3. Item 2 offers the potential for further processing ACM, 18(9), 509-517.
for more exact results and/or for the abandonment Berg, M. D. Krefeld, M. v. Overmars, M. &

of any a priori knowledge (e.g. general window . :
sizes); something not yet obtainable in any S_chwarzkopf, O (2.000)’ Cemputanonal Geometry: Algo-
rithms and Applications, Springer.

approach

Bohm, J., Haala, N., & Becker, S. (2007), Facade model-
ling for historical architecture. XXI International CIPA
Symposium 1-6 Oct., Athens, Greece. 2007, 7pp.

4. Item 2 also offer the potential use of less dense
data sets, such as aerial ones in the near term as
there is a difference of two orders of magnitude
between current high level aerial data when Boulaassal, H., Chevrier, C., & Landes, T. (2010), From
vertically projected and the typical terrestrial scan. |aser data to parametric models: towards an automatic

However, the proposed algorithm needs to be extended to method for building facade modelling, Digital Heritage:

non-rectangular forms, optimized for use with large and Third International Euro-Mediterranean Conference
sparse datasets, and needs to be freed from relianceoon pri Lemessos, Cyprus, Nov. 8-13, 2010, 42-55.

knowledge. Finally, increasing automation and applicability Boulaassal, H., Landes, T., & Grussenmeyer, P. (2009),
of this method will require its extension to fully 3D models Automatic extraction of planar clusters and their contours
and its integration with a procedure appropriate to eliminate on building facades recorded by terrestrial laser scanner
irrelevant sample points prior to the initial processing. International Journal of Architectural Computing, 7(1) 1-

ACKNOWLEDGMENTS 20.

This work was made possible through the generous funding Cal, H., & Rasdorf, W. (2008), Modeling road centrelines

of Science Foundation Ireland (SFI/PICA/I850). Thanks to alnd .pre?i.cting (Ijengtrtws li.n 3(5 lising LiD/ ‘ﬁt b'”;.ca'ogdc?“?ld d
Donal Lennon of Urban Institute Ireland for assistance with P'anMetric road centreline data, L.omputer-Aided Livil an
data acquisition. Infrastructure Engineering, 23(3) 1873.

REFERENCES Dorninger, P., & Pfeifer, N. (ZQOS), A comprehensive
automated 3d approach for building extraction, recon-
Adan, A., Huber, D., (2011), 3D reconstruction of interior struction, and regularization from airborne laser scanning

wall surfaces under occlusion and clutt8D Imaging, point clouds, Sensors, 8(11) 7323-7343.
Modeling, Processing, Visualization and Transmission . . -
(3DIMPVT) May 16-19, 2011, 2784. Elberink, S. O. (2009), Target graph matching for building

Pagel4



reconstruction, International Archives of the
Photogrammetry, Remote Sensing and Spatial Information
Sciences, 38 (Part 3/W8)9-54.

Guha, S., Rastogi, R., & Shim, K. (1999), ROCK: A robust
clustering algorithm for categorical attributeBifteenth
International Conference Data Engineering, Sydney,
Australia, Mar. 23-26, 1999, 512t.

Gumhold, S., Wang, X., & Macleod, R. (2001), Feature
extraction from point clouds, Proceedings 10th
International Meshing Roundtable, Sandia Nationa
Laboratory, Oct. 7-10, 2001, 2%35.

Hinks, T. (2011), Geometric processing techniques for
urban aerial laser scan data, PhD thesis, University @olleg
Dublin, Dublin, Ireland.

Hinks, T., Carr, H., Laefer, D.F., O’Sullivan, C., Morvan,
Y., Truong-Hong, L., & Ceribasi, S. (2008), Robust
building outline extraction. PTO 56793223.

Hinks, T., Carr, H., & Laefer, D. (2009), Flight
optimization algorithms for aerial LIDAR capture for urban
infra-structure model generation, Journal of Computing in
Civil Engineering, 23(6) 33339.

Hoffman, E.S., Gustafson, D.P., Gouwens, A.J., Rice, P.F.
(1996), Structural Design Guide to the AISC (LRFD)
Specification for Buildings 2" ed., Chapman and Hall,
London.

Hohmann, B., Krispel, U., Havemann, S., & Fellner, D.

(2009), CITYFIT: High quality urban reconstructions by

fitting shape grammars to images and derived textured
point clouds ISPRS, Remote Sensing and Spatial

Information Sciences, 38(Part 5/W1), CD-ROM.

Hoppe, H., Duchamp, T., McDonald, J., Stuetzle, W. 1992,
Surface reconstruction from  unorganized  pgints
Proceeding of SIGGRAPH '92, Chicago, IL, Jul. 27-31,
1992 7178

Huber, D., Akinci, B., Oliver, A.A., Anil, E., Okorn, B.E.
& Xiong, X. (2011), Methods for automatically modeling
and representing as-built building information models
Proc. NSF CMMI Research Innovation Conf., http://www.-
ri.cmu.edu/pub_files/2011/1/2011-huber-cmmi-nsf-v4.pdf

Laefer, D.F., Hinks, T., & Carr, H. (2010), New

possibilities for damage prediction from tunnel subsidence
using aerial LIiDAR data, ISSMGE, Geotechnical

Challenges in Megacities, Moscow, Russia, Jun. 7-10,
2010, 622629.

Laefer, D.F., & Pradhan, A. (2006), Evacuation route

selection based on tree-based hazards using LIDAR and MaxNearestDist,

GIS, Journal of Transportation Engineering, 132(4) 312-
320.

Laefer, D.F., Truong-Hong, L., & Fitzgerald, M. (2011a),

population through aerial laser scanningngineering
Patent Journal, 5(3) 196-208.

Lee, H. M., & Park, H. S. (2011), Gage-Free stress
estimation of a beam-like structure based on terrestrial laser
scanning Computer-Aided Civil and Infrastructure
Engineering, 26(8) 64858.

Linsen, L., & Prautzsch, H. (2001), Local versus global
triangulations, EUROGRAPHICS 2001, Manchester,
England.

Linsen, L., & Prautzsch, H. (2002), Fan clouds - an alter-
native to meshes, 11th International olkshop on
Theoretical Foundations of Computer Vision, Dagstuhl
Castle, Germany, Ap7-12, 2002, 451-471.

MathWorks. (2007), MATLAB Function Reference.

Mayer, H., & Reznik, S. (2005), Building facade
interpretation from image sequences, CMRT 2005-Object
Extraction for 3D City Models, Road Databases and Traffic
Monitoring - Concepts, Algorithms and Evaluation, Vienna,
Austria, Aug.29-30, 2005, 5%0.

Moenning, C., & Dodgson, N. A. (2004), Intrinsic point
cloud simplification, Graphicon'04 - International.
Conference on Computer Graphics and Vision, Moscow,
Russia, Sept. 6-10, 2004.

Moore, A.W. (1990), Efficient memory-based learning for
robot control, PhD thesis, University Cambridge,
Cambridge UK.

Park, H. S., Lee, H.M., Adeli, H., Lee, I. (2007), A new
approach for health monitoring of structures: terrestrial
laser scanningComputer-Aided Civil and Infrastructure
Engineering, 22(1) 190.

Pighin, F. & Lewis, J.P. (2007), Practical least-squares for
computer graphics, ACM SIGGRAPH 2007 courseSy1-

Pu, S. & Vosselman, G. (2007), Extracting windows from
terrestrial laser scanning, ISPRSWShg Laser Scanning
and SilviLaser 2007, Espoo, Finland, Sept. 12-14, 2007,
320-25.

Pu, S. & Vosselman, G. (2009), Knowledge based
reconstruction of building models from terrestrial laser
scanning data, ISPRS Journal of Photogrammetry and
Remote Sensing, 64(6) 575-584.

Ripperda, N. (2008), Determination of facade attributes for
facade reconstruction, ISPRS, Beijing, China, Jul 3-11,
2008, 285-20.

Samet, H. (2008), K-Nearest neighbor finding using
Pattern Analysis and Machine

Intelligence, 30(2) 24252.

Truong-Hong, L. (2011), Automatic generation of solid
models of building facades from LIDAR for computational

Processing of terrestrial laser scanning point cloud data for modelling, PhD thesis, University College Dublin, Dublin,

computational modelling of building facades, Recent

Patents on Computer Science, 4(3)256-

Laefer, D.F., Hinks, T., Carr, H., & Truong-Hong, L.
(2011b), New advances in automated urban model

Ireland.

Truong Hong, L. & Laefer, D.F. (2008), Micro vs. macro
models for predicting building damage underground
movements. CSM2008, International Conference on

Pagel5



Computational Solid Mechanics, Nov. 27-30, 2008, Ho Chi
Minh City, Vietnam, 241-30.

Truong-Hong, L., Laefer, D.F., Hinks, T., & Carr, H.,
(2012), Flying voxel method with Delaunay triangulation
criterion for facade/feature detection for computagtion
Journal of Computing in Civil Engineering,
http://dx.doi.org/10.1061/(ASCE)CP.1943-5487.0000188.

Tsai, Y., Wu, J.,, Wang, Z., & Hu, Z. (2009), Horizontal
roadway curvature computation algorithm using vision
technology Computer-Aided Civil and Infrastructure

Engineering, 25(2) 788.

Tang, P., Huber, D., & Akinci, B. (2009), Characterization
of laser scanners and algorithms for detecting flatness
defects on concrete surfaces, Journal of Computing in Civil
Engineering, 25(1) 342.

Varady, T., Facello, M.A., & Terék, Z. (2007), Automatic
extraction of surface structures in digital shape
reconstructionComputer Aided Design, 39(5yY$-388.

Wang, R., Bach, J., & Ferrie, F.P. (2011), Window
detection from mobile LIDAR data, IEEE &kshop
Applied Computer Vision, Kona, Hawaii, Jan. 5-7, 2011,
58-65.

Wang, K.C.P., Hou, Z., & Gong, W. (2010), Automated
road sign inventory system based on stereo vision and
tracking Computer-Aided Civil and Infrastructure
Engineering, 25(6) 46877.

Wenisch, P., Treeck, C.V., Borrmann, A., Rank, E., &

Wenisch, O. (2007), Computational steering on distributed
systems: indoor comfort simulations as a case study of
interactive CFD on supercomputers, International Journal
of Parallel, Emergent and Distributed Systems, 22(4) 275-
291.

Weyrich, T., Pauly, M., Heinzle, S., Scandella, S., & Gross,
M. (2004), Post-processing of scanned 3d surface, data
Symposium on Point-Based Graphics, ETH Zurich,

Switzerland. Jun. 2-4, 2004, &3-

Wonka, P., Wimmer, M., Sillion, F., & Ribarsky, W.
(2003), Instant architecture, ACM SIGGRAPH 2003, San
Diego, California, Jul27-31, 2003, 66%577.

Zalama, E., GOmez-Garcia-Bermejo, J., Llamas, J., &
Medina, R. (2010), An effective texture mapping approach
for 3d models obtained from laser scanner data to building
documentation,Computer-Aided Civil and Infrastructeir
Engineering, 26(5) 38392.

Zhang, C., & Elaksher, A. (2011), An unmanned aerial
vehicle-based imaging system for 3d measurement of
unpaved road surface distressgemputer-Aided Civil and
Infrastructure Engineerin@7(2) 118129.

Zhou, Q.Y., & Neumann, U. (2009), A streaming frame-
work for seamless building reconstruction from large-scale
aerial LIiDAR data, Proc. 2009 IEEE Computer Vision and
Pattern RecognitianCVPR’09, Washington, DC, 2759—
2766.

Pagel6



