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ABSTRACT

This paper presents a multi-member automatic structural modeling (MASM) method for high-thrust deviation monitoring of

prefabricated cable domes. Point cloud data generated by three-dimensional (3D) laser scanning were segmented into structural
modules to effectively reduce the method’s computational complexity. A multimember central shrinkage algorithm was
developed for skeleton-point recognition. Subsequently, skeleton members were detected with sequentially identified joints, and
the structural model of the cable dome was built. The MASM method was validated with respect to its 1) accuracy, ensuring a
satisfactory signal-to-noise ratio, and 2) efficiency, ensuring competitive runtime. The use case of the cable-dome deviation
monitoring was studied in detail. The proposed MASM method systematically evaluates prefabricated cable domes with multi-
section members. This study enables high-fidelity analysis using a structural digital twin for predicting future structural
performance.

Keywords: automatic structural modeling, cable dome structure, deviation monitoring, 3D laser scanning, structural digital twin

1. Introduction
Cable domes are long-span spatial structures used widely in stadiums [1], gymnasiums [1], and other large

spaces. Cable-dome structures have long span, small weight, and aesthetic appearance, and feature continuously pre-
tensioned cables and discrete compressed struts [4]. The broad applications of these structures garnered substantial
attention with respect to the safety of cable domes, from the design stage [5] to the maintenance stage [11]. The safety
of a typical structure relies significantly on its global stability and structural stiffness, both of which are sensitive to
geometric deviations. Geometric deviations can reduce the cable prestress, consequently affecting the structure’s
structural stiffness. Furthermore, low structural stiffness compromises structural stability [13]. Thus, quantification

and monitoring of geometric deviations are critical for ensuring the safety of cable domes and similar structures [14].
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China
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Traditional techniques of deviation monitoring range from manual assessment and measurements of exploratory
engineering positioning to total station techniques and measurements of member installation positioning [12]. These
conventional inspection techniques face challenges such as low labor efficiency and scarcity of measurements owing
to device-related constraints [15]. Therefore, substantial efforts have been made to develop better solutions for more
efficient, thorough, and precise inspection. The development of digital-twin technology has provided new insight into
this issue [17]. The digital-twin technology involves creating precise digital replicas of real-world entities and
incorporating real-world data into models for various applications [21]. A digital twin of a structure contains accurate
and thorough global geometric information about the corresponding structural entity and enables structure
synchronization in the real world [22]. Subsequently, the geometry of a structural digital twin (SDT) can be compared
with the building information modeling (BIM) model used in the initial design, to derive geometric deviations
thoroughly, accurately, and locally [23].

The accuracy of an SDT depends on both the input source for high-threshold data measurements and the software
used for efficient processing of volume point clouds [24]. Regarding the measurement technology, three-dimensional
(3D) laser scanning and unmanned aerial vehicles (UAVSs) can provide potential solutions for the global measurement
of structural entities [25]. UAVs are generally employed in large-scale cartographic surveys and live-action modeling,
in which the accuracy requirement is relatively relaxed [26], whereas 3D laser scanning has been developed based
on the laser triangulation technique, which has a high level of accuracy [27]. 3D laser scanning provides an accuracy
of 1.2 mm out of 100 m [29] and covers areas of up to 1400 m at 12.2 million points per second [30]. However, when
using 3D laser scanning, challenges arise in terms of efficient point-cloud post-processing [31]. Currently, there are
commercial software packages for data processing, such as Bentley Descartes [32], Realworks [33], and Cyclone
[34]. Using these software methods, the scan results can be registered and denoised. However, these methods are
only partially automated and require manual interventions for refining [35]. Moreover, general modeling processes
may not be able to directly extract specific and essential structural data for the structural modeling of SDTs [36].

Therefore, substantial efforts have been made to develop structural modeling methods for preprocessed point
clouds of structures [37]. Structural modeling methods require significant computational resources, owing to the large
volume of point clouds [39]. However, the existing structural modeling methods are not applicable to complicated
cable-dome structures. In general, structural modeling methods include member recognition and model reconstruction
[40]. Although model reconstruction that re-aligns members is a well-developed process that requires minimal
computational effort [37], member recognition of 3D point clouds of structures [41] remains a major challenge.

Member recognition involves two steps: (a) skeleton recognition and (b) member segmentation [42].
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o Skeleton recognition targets the simplification of structural point clouds that maintain the necessary geometric
features of the members [43]. Rotational symmetry axis (ROSA) [44], Laplace contraction [45], and
morphological image-based methods [46] have been used to identify the skeleton points of buildings and
infrastructure. The ROSA method determines the normal vectors of point-cloud-formed surfaces, where the
intersections of vector lines are considered as the skeleton of structural members [44]. This method is suitable
for pipeline structures. The Laplace contraction approach utilizes Laplacian factors to contract the points to form
the skeleton lines [47]. This is more feasible for tubular structures with the same cross-sections of members [39].
By contrast, morphological image-based methods utilize gray processing to determine crack locations that are
more suitable for plane-crack recognition [48]. However, a typical cable-dome structure comprises various
cross-sections of spatially connected members. The ROSA and Laplacian contraction methods fail to search for
skeletons at the joints of multidirectional members. However, morphological image-based methods cannot
support the spatial recognition of cable-dome members.

e Member segmentation is then conducted on the skeleton points of the structures, where member skeletons are
recognized by the structural entity [49]. General methods for member extraction include edge contraction [50]
and region growth [51]. Edge contraction creates a matrix representing the connectivity of the members and
searches for the skeleton points at nodes to identify the member skeletons [42]. Region growing calculates the
angles formed between neighboring points and searches for node positions determined by thresholds to extract
the member skeletons [39]. However, these methods are not suitable for spatial structures with multi-direction
members with various cross-sections, in which the misalignment of members is frequent owing to fixed
thresholds.

In summary, better member-recognition methods for spatial cable-dome structures must be developed. The
algorithms for both skeleton recognition and member extraction should accommodate multidirectional and multi-
section members in spatial cable-domes. Furthermore, efficient structural modeling methods should be developed to
incorporate the member-recognition methods within specialized data structures. It would be advantageous to build
SDTs and monitor geometric deviations to address safety concerns more accurately and efficiently.

To address the above, the present study aimed to develop a more efficient and accurate multimember automatic
structural modeling (MASM) method for reconstructing cable-dome structures. The key novelties of the proposed
method include four processing stages: (a) point cloud data (PCD) module segmentation; (b) multimember central

shrinkage for recognizing the skeleton points; (c) smart multimember recognition; and (d) structural model
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reconstruction. The stages of the proposed approach are shown in Fig. 1. First, during the data-preparation step, the
proposed module segmentation minimizes the computational effort for further processing. Second, the novel
multimember central shrinkage method for the skeleton-point recognition algorithm adopts multi-layering and
clustering to modulate point clouds according to the spatial point-cloud features. Central shrinkage is performed by
finding the clusters’ centroids, which perfectly avoids over shrinkage owing to the changes in the member sections.
Thus, the skeleton points for the structural entity are determined. Third, a novel smart multimember recognition
algorithm, addressing the multi-section members of a cable dome, is developed. Smart member extraction of member
recognition compares the skeletons to a standard model from the design where the skeleton members are recognized.
With the proposed method, the accuracy of the member extraction is significantly higher, whereas the computational
complexity is very small. Fourth, a cable dome is systematically reconstructed, during which the orientation and
position of the skeleton members are calculated. The nodes of the members are then determined at the intersections
of the projected lines from the skeleton members. Thus, the module of the cable-dome structure is reconstructed. The
final step of the reconstruction is to assemble the segmented modules into a cable-dome entity. It should be noted
that a new data structure is formed that includes member types, sectional dimensions, orientations, and positions of
members, as well as the node coordinates. Consequently, the geometric deviations of a cable-dome entity can be

efficiently computed by comparison with the initial design model.

J' [ Multi PCD layering ]
Multi-member central
shrinkage for skeleton [ Clustering of PCD layers ]
points recognition

Central shrinkage for PCD
clusters

Formation of a standard

¥ skeleton model

Smart multi-member
recognition

Automatic member
recognition from skeleton
points

Determination of position
and orientation

A4
Reconstruction of
structural model

Determination of nodes ]

Assembly of module model ]

Fig. 1. Flowchart of the proposed MASM method.



104

105

106

107

108
109

110

111

112

113

114
115

116

117

118

119

120

121

5

This paper first presents an experimental model of a cable dome and the details of the PCD preparation process
(Section 2). The theory and implementation of the proposed structural modeling method are described in Sections 3—
6. Section 7 discusses the accuracy and efficiency of the proposed structural model. The corresponding geometric

deviation monitoring is presented as well. Finally, the conclusions of the study are listed.

2. Data preparation
This section introduces the experimental cable dome, laser scanning devices and procedures, and the

preprocessing of the measured data. The structural formation and member geometry of the considered complex spatial
structure are described in Section 2.1. The terrestrial laser scanning device and measurement scheme are detailed in
Section 2.2. Section 2.3 mainly presents the preprocessing of the structural point-cloud measurements obtained using

the 3D laser scanner.

2.1. Structural information

The experimental cable-dome model was a scaled-down ridge-tube cable dome with diagonal struts [4], as
shown in Fig. 2. The scale-down factor was 1:10. The diameter and height of the cable dome were 10 mand 1 m,
respectively. The cable dome was centrally symmetric and had 24 identical circumferential units. The structure
consisted of three circles of ring-hoop cables and four loops of diagonal cables. It had center, ridge, and diagonal
struts, with cross-sectional dimensions that varied with respect to the installation location. The dimensions of the

ridge struts were ®30x3, ®30x3, ®40x3, ®40x3, corresponding to the first, second, third, and fourth loops. The

dimensions of the diagonal struts were ®25x3, ®30x3, and ®40x 3, with respect to the first, second, and third circles.

A circumferential unit

«— Center strut

Ridge strut

Ridge strut joint

Diagonal cable

Cable-strut joint

Ring-hoop cable

| firstloop | secondloop | third loop fourth loop |
| |

first circle

second circle

S > J I 5m third circle |

Diagonal Struts Diagonal cables Cable-strut joint
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Fig. 2. Structural form and member information.

2.2. 3D laser scanning

The structural PCD was obtained using a RIEGL laser-scanning system. This system encompassed a terrestrial
laser scanner RIGEL-VZ1000 (Fig. 3) with PCD preprocessing software RiSCAN Pro. Scanning parameter
Panorama40 mode was used for scanning. The measurement distance varied through the 2.5-1400 m range, covering
360 horizontal measurements. The angular resolution was above 1.8 arcsec. Hence, the measurement accuracy
reached 5 mm at 100 m [52].

A meticulous scanning scheme was prepared beforehand to ensure the precision and completeness of the data
with minimal redundancy associated with the PCD processing (Fig. 3). Twelve scanning sites with positioning
markers were predetermined and positioned clockwise. Two sites inside the structure were designated to capture the
interior details of the members, that is, sites 4 and 9, and the remaining sites outside the structure were responsible
for recording the overall exterior details [53].

The scanning time for each site was 180 s, the PCD volume was approximately 268 MB. The total scanning
time was approximately 2160 s; the total data volume was approximately 3.13 GB. The exported data included the

3D point clouds and RGB values, which were saved in the “rxp” format [52].

3D Laser Scanner
Scanng Plan
Fig. 3. RIGEL-VZ1000 scanner and corresponding scan locations.
2.3. PCD preprocessing
The exported PCD was processed using the RiISCAN Pro software designed for the RIGEL scanner [54]. The

preprocessing included the registration of measurements at 12 sites and elimination of unwanted points and/or noise.

Registration
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Registration is a two-step process that is automatically realized in RiISCAN. The initial global registration was
conducted on 12-site raw PCD sets that were roughly rotated and displaced by the location of the positioning markers.
The initial registration took approximately 320 s, with an accuracy exceeding 3 mm, as shown in Table 1. Finer
location registration was then conducted on adjacently measured PCD sets in the automatic iterative closest point
registration mode. This finer registration took approximately 8 s, and the registration accuracy was within 0.5 mm
(Table 1). The final registration accuracy satisfied the further processing requirements. The PCD volume after the
registration was 560.42 MB.

TABLE 1.

PCD registration information.

Stage Registration accuracy | Registration time
Initial global registration 3.874s 319.2s
Fine local registration 0.2104 s 8.4s

Note: The RiISCAN interface provides both registration accuracy and time.

Denoising

Point cloud denoising was performed using the RiSCAN Pro software. Factors such as equipment precision,
environmental conditions, and alignment can add significant noise to PCD, directly affecting the modeling accuracy.
Statistical filtering was employed to remove noisy data, and the filtering intensity was adjusted by varying both the
count of neighboring points and the standard deviation multiplier. The details are listed in Table 2. This procedure
significantly reduced the amount of noise and missing data; residual noise was further addressed in the member-
recognition step (Fig. 4).
TABLE 2.

PCD denoising information.

Parameter setting Data volume Time
i i i - 15689612 point
Number of neighboring points 6 Pre-denoising (560.42 l\p/IoB”; S
9 0 28.43s
iati inli - 12661192 t
Standard deviation multiplier | 1.00 Post-denoising (443,03 I\SIOB”; s

The preprocessed PCD of the entire experimental cable contained more than 12 million points; the corresponding
data size was 443.03 MB. The RGB values of the PCD were not required. The PCD coordinates were stored in the

“pts” format.
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3. PCD module segmentation

Preprocessed PCD has a large volume, making is inconvenient for structural modeling. A typical cable dome is
symmetrical and can be divided into identical modules. The number of modules would depend on the computational
efficiency requirements, where one module should contain at least one unit of the structure. The commercial software

CloudCompare satisfied these segmentation requirements.

Fig. 5. Module segmentation.

The experimental cable dome contained 24 structural units uniformly segmented into eight modules, as shown

in Fig. 5. The highest point, P.,,, which is generally at the top of the center strut, was the origin (0,0,0). The axis
aligned with P, and perpendicular to the X-Y plane was the Z-axis. A segmentation plane was generated
perpendicular to the X-Y plane at 45° increments towards the X-Z plane. Thus, four segmentation planes were
generated, i.e., Sf;,i € [1,4], and eight modules were obtained. The overall module-segmentation process took

approximately 160 s. The module contained approximately 1.4 million points with a maximum volume reaching 59

MB. The data corresponding to the segmented modules were later stored in the form of a KD-tree, which is a k-
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dimensional binary tree for efficient PCD storage and searching. The segmentation ensured no loss of information,
guaranteeing the entity of structural data. In addition, the PCDs of the ridge struts were confined to the individual
modules, eliminating redundancy. However, the data format remained “pts” and only the 3D coordinates of the points

were recorded.

4.  Multi-member central shrinkage for recognition of skeleton points
Multi-member central shrinkage for recognition of skeleton points is the first step in member recognition; the

objective is to simplify the bulky PCD to the skeleton points of members with various cross-sections. The requirement
on the multi-member central shrinkage for recognition of skeleton points was to precisely maintain spatial geometric
features. The recognition started with multi-PCD layering, in which PCD layers with various member segments were
obtained, as described in Section 4.1. Next, PCD clustering was performed for segmentation of different members in
different PCD layers, as described in Section 4.2. The skeleton points of the structural modules were then obtained

using the central shrinkage algorithm, as described in Section 4.3.

4.1 Multi-PCD layering
Layering seeks to divide the member PCD into multiple segments L;, as shown in Fig. 6. The division is based

on the predetermined radius Ar; from center Py, to the end of the module. Considering the spatial geometric features,
the PCD layering algorithm comprised two preservation steps. In the first layering step, the ridge struts were
processed, and the PCD was searched using polar coordinates. In the second step of layering, the remaining cables
and diagonal struts were considered, and the PCD segments were searched along the Z-axis in the Cartesian

coordinate system.

Fig. 6. Multi-PCD layering.

Ridge-strut Layering

The ridge struts were spatially and circumferentially distributed outward by diffusion from the top of the center

strut. The total length R®S (Fig. 7(a)) between peak Ptop and farthest point Py, was first calculated according to Eq.



196

197

198

199

200

201

202

203

204

205

206

207

208

10

(1). The number of layers N®S was predetermined according to the volume of the module PCD, using the procedure

described in Section 4.3. A searching radius increment, ArRS, was calculated using Eq. (2), assuming uniformity.

RRS = [(xp — %)% + Uy — ¥0)? + (2p — 20)% = \Jxp% + yp? + 2, (1)
ArRS = RRS /NES ®)
In the above, the superscript RS refers to the ridge strut; (x;, y;, z;) and (x, y}, z) are the coordinates of P, and

Py qr, respectively. The coordinates of P, were (0,0,0).

The ridge-strut PCD was layered under a polar coordinate system, where the points of the layers were searched
for under radius r&5. The value of r}S was computed using Eg. (3), which captured the distance between layered
points P and Py,,,. It was assumed that points within a specific range of radii, as determined by Eq. (4), belonged to
the same layer LRS, with n representing the n*" layer out of NS layers. The lower and upper bounds, RES; and RES,
of LRS were calculated according to Eq. (5). The layer-searching procedure continued to the ridge struts until reaching

the farthest point Pyg;-.

S =/ (xp)? + (7p)2 + (2p)? ®)
LBS = (P|RRS, < rRS < RES},n € [1, NFS] (4)

{Rﬁil =(n—-1)-4rf

,n €[1,NRS 5
RES = n- ArFS nel ] ®)

In the above, r&S represents the distance of point P from Ptop, Whereas (xp, yp, zp) represent the coordinates of point

P.

/ :
/

-~

YA'Y -

/

o
lh’ -
, “PCD
o Laye]

(a) Layering for ridge struts (b) Layering for diagonal struts

Fig. 7. Multi-PCD layering.

Diagonal-strut Layering
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Diagonal struts were arranged vertically in the structure. The diagonal-strut PCD was obtained by considering
the Cartesian coordinate system, where the layer points were searched under heights from the Z-axis projected points
to the center P, of the diagonal struts (Fig. 7(b)). The total height, HPS, corresponding to the height between peak

P¢op and lowest projected point Py, was calculated using Eq. (6). The height-search increment Ahg® was calculated

using Eq. (7).
HPS = |z, — z| = |z (6)
AhDS = HPS /NPS (7

In the above, z; is the z coordinate of Py,,,, and the superscript DS denotes the diagonal strut.

Similar to the ridge-strut layering, the diagonal-strut PCD was layered according to the height hBS. The height
hBS, as the projected distance between points P and Ptop, Was calculated according to Eq. (8). The points of the
diagonal struts within a specific range of heights belong to the same layer L2S, where n represents the nt" layer out
of NP5 layers for the ridge struts (Eq. (9)). The lower and upper bounds, H2S, and H2S, of L2S were calculated
according to Eq. (10). The search for layers continued to ridge struts until reaching the lowest point P;,,,,.

LPS = {P|HPS,< h3S < HES},n € [1,NP5] 9)
hp® = |zp — z,| = |zp| (8)

H.,?fl = (n - 1) - Ah?s DS

,n€[1,N 10
{ pos = . apos o E LN (10)
In the above, hBS represents the projected distance to Ptop Of point P, and zp represents the z-coordinate of point P.

Based on the above theory, a multi-PCD layering algorithm was implemented in MATLAB, as shown in

Algorithm 1.

Algorithm 1: PCD layering

Input: all points, the total number of layers N®S and NPS
Output: layers LR and LPS
points_RS= points_DS = points
Pyop=the peak point in points
Prq,= the farthest point from P,,,, in points
P,,,= the lowest point in points
R®S= Distance (Pop, Prar)
ATRS = RRS /NRS
N
HPS= Projected distance in z-direction (P,op, Piow)
AhDS — HDS/NDS
S
LS = ¢,n € [1,NF]
L2S = ¢,n € [1, HPS]

While (size(points_RS,1)~=0)
P = the first point in points_RS
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5= Distance (P, Py,p)
Calculate the integer multiple m of &S to ArRS
Add P into LBS
Delete P from points_RS
end

While (size(points_DS,1)~=0)
P = the first point in points_DS
hp®= Projected distance in z-direction (P, Py,,)
Calculate the integer multiple m of h2S to ARPS
Add P into L2S
Delete P from points_DS
end

Determination of Parameters

The multilayering algorithm has two parameters, N2 and N®S, which must be determined in addition to the
PCD module. The value of NP5 corresponds to the number of diagonal-strut layers, whereas N®S corresponds to the
number of ridge-strut layers, as mentioned previously. The ratio of N®S to NP5 should align with the dimensions of
the structure. The height-to-span ratio of an individual module was approximately 1:5, indicating that the
corresponding ratio of NP5 to N®S was 1:5, as shown in Eq. (11).

NRS — 5\DS (11)

The next step was to determine the value of NP5 that affected the search for the skeleton points. A skeleton point
generally requires at least 4000 points/layer density of the PCD for the proper reconstruction of module members.
This indicated that NP5 should be at least 50, with higher values corresponding to more advantageous outcomes.
However, increasing NP increases the computational complexity of the layering process. The value of NPS
therefore was set to the minimum value of 50. Thus, the value of N®S was 250.

4.2. Clustering of PCD layers

The layering points were further clustered, and noise points were eliminated using density-based spatial
clustering of applications with noise (DBSCAN) algorithm [55]. The DBSCAN algorithm defines points in a defined
circular window as cluster NX, where the density of the points in a cluster is assumed to be uniform (Fig. 8).
Subsequently, a uniform cluster can be later shrunk into skeleton points. The densities of the cluster points were used
to filter the PCD noise. The clusters formed by the structural members exhibited a high density of points. In contrast,

the clusters polluted with noise exhibited a low density of points.
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Fig. 8. Clustering of PCD layers.

The clustering process was conducted from the nearest layer to the farthest layer, considering the distances to

Pyop @s shown in Algorithm 2. In layer L;, the clustering first sorted the points by distance to Py, from smallest to
largest. Thus, point PX, nearest to Pyop » Was selected as the starting point, with i representing the layer order and K
representing the cluster order in L;. The distance d(PX, P/), between points PX and any other point P/, was then
calculated according to Eq. (12). The search radius, 7VE, was 1.5 xthe maximum diameter of struts that all cross-
sectional PCD of members covered. Cluster N¥ was formed by points at distances d (P, P/) within the search radius
rNE | as captured by Eq. (13), and thereafter, the search continued to the remaining PCD in L where new point P+,

nearest to Py,,, was selected, and new cluster N¥+1 \was formed. The procedure was stopped when all the layers were

searched.
AP, PY) = (e =) + O =5/ + (2 = 2! K € [1,M] (12)
Ni = {F/|d(P,P) = "} (13)

/

/,v/,2]) represent the coordinates of points PX and P/, whereas My, denotes the

In the above, (xf, y¥X,z*) and (x
overall number of PCDs in layer L;.

The overall number M, of clusters was then considered, where the threshold value M., was My /60, according
to Eq. (14). For M, < My, the points in NX were considered noise points W and were directly deleted. Otherwise,

the points were considered valid member points and a PCD cluster D¥ was formed for further analysis. The search

was repeated until the nearest new PX in the layer was found, excluding points in N¥X from the previous search.
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{W=N§< M;, < My, (14)

Df =N¥ M, > M,
Based on the above theory, the clustering of PCD layers was implemented using MATLAB, as shown in Algorithm

2.

Algorithm 2: Clustering of PCD layers

Input: all points in L;, the threshold number M,,,., the search radius V&
Output: the cluster D€s

While (size (L;,1)~=0)
P¥ = the first point in L;
N (P¥) =0
Find out Distance from point PX to each of the surrounding points P/, J € [1,size (L;, 1)]
fori=1:size(L; 1)
if Distance (PX, P/)< rNE
Add P/ into Ny (P¥)
end
end
if the number in N; (P¥) > My,
N (PX) is considered as D¢™s
else
N,.(P¥) is considered as noise point
end
Delete PX from LRS
end

Using PCD layering and clustering, the PCD clusters of members with different orientations were extracted
uniformly and efficiently.
4.3. Central shrinkage for PCD clusters
The skeleton points were determined by centrally shrinking the PCD member clusters Dﬁ‘, as described in detail
in this section. As shown in Fig. 9, the differently colored points represent the corresponding PCD member clusters
D{‘. Red points represent the target skeleton points.
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Fig. 9. Central shrinkage of PCD clusters D¥.

The point densities of the member clusters were similar. Thus, centroids were obtained by averaging the
coordinates of the points in a cluster, as shown in Eqg. (15). The shrinking window was applied sequentially through
the PCD member cluster D¥ to recognize the skeleton point Ps¥¢ for each PCD cluster. The obtained skeleton points
were aligned, yielding the skeleton-point model S,,,. The ridge- and diagonal-strut skeleton points are shown in

orange and blue, respectively. Sparse points were observed on the cables, as discussed in Section 5.

1 ~MP
sm __
x°M = — Xt
MD21

1 mP
{ysm = _Z .t € [1,MP] (15)
y MPD 1 Yt

1 MP
sm
z?M = — Z¢
MDzl

In the above, (x5™, yS™, z5™) are the coordinates of point P*™, (x;, y;, z;) are the coordinates of a point in a PCD

member cluster Df‘, and MP is the number of points in the PCD cluster.
Compared with the original PCD, the data volume after the skeleton-point recognition method was effectively
reduced to 0.37% of the original volume. Most importantly, the key geometric features of all the members were

preserved. Further development was conducted to automatically recognize members from skeleton models.

5. Smart multi-member recognition

The skeleton model obtained in the previous section maintained geometric integrity with spatial features.
Therefore, automatic multi-member recognition was conducted to efficiently obtain the geometric information of
structural members for structural model construction. Recognition was performed in two steps: the formation of a

standard skeleton model and automatic multimember recognition, as described in Sections 5.1 and 5.2, respectively.

5.1. Formation of a standard skeleton model

A standard skeleton model, developed from the design structure using MATLAB, was required as a reference
for multi-member recognition. The design structure was first segmented into the corresponding modules. The
standard node information and node adjacency matrix (INAM) of the design module were identified, as shown in

Figs. 10(a) and 10(b), respectively.
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(a) Standard node information. (b) The improved node adjacency matrix.

Fig. 10. Standard skeleton model.

The standard node information includes both the node ID number and corresponding coordinates of the design
module. By contrast, the node adjacency matrix captures the connectivity between the nodes of the design modules.
The pivot rows and columns represent the node ID. The other entries in the matrix represent the member IDs that
connect the corresponding nodes.

The INAM is a symmetric and hollow matrix; that is, all diagonal elements are zero, indicating that nodes are
not self-connected. A standard skeleton model, Ss; was formed based on the INAM design. The members and
connections were assumed to be perfect (without defects). Interpolation was conducted among the nodes, to form the
skeleton points of the members. The density of S, was 200 points/member, as estimated from the number of member
skeleton points in S,,,. The S, data contained both the member IDs and spatial coordinates, which were used as

references for member recognition in the following section.

5.2. Automatic multi-member recognition from skeleton points

An automatic multi-member recognition algorithm was developed using an iterative closest point (ICP) method,
in which the surface formed by the skeleton model S,,, was compared with that of the standard model Sg;. The errors
between the geometric features of the two surfaces were minimized such that a transform matrix, including rotations
and displacements, for S, was obtained. Subsequently, S, was registered. The recognition of the members of S,

was performed automatically based on the spatial position of the members of S;.
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Fig. 11. Registration of skeleton models S; and S, .

Registration

The sets Sg; and S,,,, were first sorted using KD-Tree algorithms for efficient computation. A K-nearest
neighbor search was implemented, where comparison pairs of points between S, and S, were formed, (PS™, Q5),
as shown in Fig. 11. The K-nearest neighbor method used the Euclidean distance as the target function in Eq. (16),
to optimize the data registration of S, that is, the rotation matrix RRE¢ and translation vector #*E6. The rotation
matrix RREC was a 3 x 3 matrix, with three angles a, 8,y rotating around the X, Y, Z axes, as captured by Eq. (17).
The translation vector £RE¢ was a 3 x 1 vector with three displacements, ¢, t,, t, along the X, Y, Z axes from the
origin, as captured by Eqg. (18). The optimization was repeated approximately 50 times and the registration error was
constrained to within 0.2 mm. The computation time was constrained to within 0.2 s. Finally, points Q5¢ in S, were

adjusted to the coordinate system of S, by rotation and translation, according to Eq. (19).

MmSkel
E(RREG' ZREG) = argmin||Sg, — S|, = argmin Z [Psm — (RREG QS+ i’REG)]Z (16)

i=1
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1 0 0 cos(B) 0 sin(B)][cos(y) -—sin(y) O
RREG — [0 cos(a) - sin(a)l [ 0 1 0 ] [Si?’l()/) cos(y) O (17
0 sin(a) cos(a) Il—sin(B) 0 cos(B) 0 0 1
zREG — [tx ty tz] (18)
Q9 = RREG . Q™ + ZREG (19)

In the above, M¥e! denotes the number of skeleton points in S, Q79 represents a registered point in S,, and sm

represents the skeleton model.

Recognition

Recognition was performed after the registration completed, as shown in Fig. 11. The members of the two nodes
in Sg; were determined in advance. As shown in Fig. 11, skeleton point P5™ in S,,, was first paired with the nearest
point Q1Y in Sg, (P™,Q;%9). Two additional points, Q,° and Q3“9 adjacent to point Q;“Yin S, were then
extracted from the set. If the two points were marked with the same member IDs, the skeleton point PS™ was
considered a member point with the corresponding member ID. However, if one of the points (Q,°Y or Q3°9) was

found to be the skeleton point of another member, the skeleton point was considered to be the point near connection

Pcom and was deleted thereafter.

Algorithm 3: Automatic multi-member recognition from skeleton points

Input: all skeleton points in Sg,,, all skeleton points S, where skeleton-point information in S, includes 3D coordinates
and the number of the member to which it belongs.
Output: the members skeleton points 3™
Spe™=0, k € [1, Number of members]

While (size (S¢p,,1)~=0)
PS™ = the first pointin S,
Find out the three nearest points Q;“9 — Q3% in S, corresponding to P™; the corresponding member
number of Q1Y — Q3°9 are M;*Y — M;*?
if M]“9=M,*9=M;*9=k
Add P*™ into S}*™
else
consider PS™ as the skeletal point around the nodes
end
Delete PS™ from S,
end

This step was performed using MATLAB. The resulting member skeleton points $3*™ were stored in the matrix

format in preparation for subsequent member reconstruction. The data volume was approximately 150 KB.

Reconstruction of the structural model

Member recognition yielded the skeleton points of members $3;**™ that were used to reconstruct the cable-dome

model. The first step was to determine the position and orientation of the members for fitting member nodes, as
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described in Section 6.1. The nodes connecting the members were obtained from a projection-reprojection member,
as described in Section 6.2. The entire cable-dome model was then reconstructed sequentially, as described in Section
6.3. This processing stage was accomplished using MATLAB, in which the data format was inherited from the
previous step.
6.1. Determination of position and orientation

The skeleton points of the recognized members were scattered in a structured space that was first linearly
aligned, as shown in Fig. 12. The initial bending defects of a member do not affect the overall performance of the
structural entity [57]. Therefore, it was assumed that member skeleton $3*™ could be fitted by straight line 1;;**™ in
space (Eg. (20)). Line £;**™ mainly comprised spatial position, P}*™, and direction vector v}**™ with A a linear
parameter determining the corresponding member’s length. The calculations of position P3**™ and direction vector

ve™ are discussed below.
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(a) Ridge struts. (b) Diagonal struts.
Fig. 12. Member skeleton points.
Ipem™ = pre™ + ve™ - Ay, k € [1, Number of members] (20)

In the above, mem indicates either a ridge or diagonal strut. P};**™ represents the spatial position of skeleton member

1™, whereas v**™ is the direction vector of line I}**™. The parameter A represents the distance parameter for the
linear interpolation, A, € [—%'l"z—l] and |[;**™| is the length of the corresponding member.

Position of a skeleton member

Position P3**™ was defined as the centroid of skeleton member S3**™. It should be noted that the point density
of a skeleton member was uniform following the previous processing. Therefore, the centroid coordinates were

simply the average of the skeleton member points in a member, as expressed by Eq. (21).
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mem

1 Z My
y;{nem — x}r{nem
mem t
M i=1
mem

P;{nem:< —them _ memz mem t € [1 M]r{nem] (21)
M i=1

mem

My
Zmem _
Zk Mmem Z

In the above, (Fj*e™, yie™, z™) and (xe™, yie™, zjn¢™) are the coordinates of the centroid and points of

skeleton member S7*°™, respectively. The skeleton member S3*™ comprised the total number M;*™ of skeleton
points.

Orientation of skeleton member $7e™

The spatial direction vector '™, of line I**™, was determined using the singular value decomposition (SVD)
method. The set S7**™ was first normalized to improve the fit accuracy [56]. The values of o7}, a,g’ , OF, were
calculated as the base point of the normalization in Eq. (22). The coordinates of the skeleton points in a member were

then sequentially normalized using Eg. (23). Thus, a normalized member skeleton, S7*¢™, was obtained for further

analysis.

. \/le\’lk (xmem _ —mem)

Ok = Mmem
—mem 2
Yo7 = le "o - @2)
k Mmem

. le (e 2y’

Ok M mem
k

RPE™ = (e — ) o
Smem /x\mem i (ymem }—IIZHQM)/O.,:CV (23)
R = (2™ - 2™ o

In the above, (2™, §ie™, 2™ ) are the coordinates of a point in S3*e™.

The normalized skeleton member set, 7™, was assumed factorizable by left singular matrix U, singular values
matrix Y, and right singular matrix V, as shown in Eq. (24). The vector vj**™ was then operated by §,’?emT - Sipem

that provided a symmetric property. The 3}{‘"’"‘ Sie™ product was expanded as shown in Eq. (25). The pivot unit
vector ¥, of V represents the major direction of the aligned points, and is denoted as ¥)'*™. Based on the

orthogonality, both sides of Eq. (25) were simultaneously multiplied by v}**™, yielding Eq. (26). The right-hand side

T.gmem _y .

of the equation was shifted to the left-hand side, as shown in Eq. (27). The determinant of Sire™
was then solved where the largest eigenvalue 1, corresponding to the unit vector v3**™ was found (Eqg. (28)). The

result 1, was substituted into Eq. (27), yielding vector vj**™.
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361 Because the vector ¥**™ was a non-zero vector, 1; was obtained by solving the determinant that allowed to
362  solve for ¥**™ in Eq. (28).
gmelircnem - U mem M]r(nem : ZMIr{nemX3 " VT3><3 (24)
; A 0 0
E;nem . ’S";(nem = V * 22 * VT = 1—7)2 0 /‘12 0 [1—7)1 ?2 1_7>3] (25)
v3/l0 0 2,
; 2
(g;(nem . gznem) . E’;Cnem _ ? 0 /12 ] [ l AT —>mem (26)
2 0 A
(g;(nemT i gznem -2 I) . T};{nem — 6 (27)
|sz1emT . gzlem _ /11 . I| =0 (28)
363 Position P*™ and orientation v**™ were found. The fit line I}**™ was then interpolated using the linear
364  parameter in Eq. (20) for the skeleton members. The nodes of the skeleton structural cable dome were then determined
365 based on the member lines, as described below.
366  6.2. Determination of nodes
367 The structural modeling of a cable dome requires reconstructed multi-section members connected by joints.
368  Considering that joints are represented by nodal points in a general structural analysis, it was assumed that the joints
369  of a cable dome in structural modeling could be simplified as nodes. However, the nodes could not be determined
370  directly from the intersection of the member lines, because these lines did not spatially intersect (Fig. 13). Instead, an
371  intersection was observed when these spatial lines were projected onto a common plane. A projection-reflection
372  method for finding a node was proposed. The x and y coordinates nodes were determined from the intersection of
373  the projected lines. The z-coordinates of the nodes were determined using the reprojection method.
+7
|
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Fig. 13. The intersection of member lines.
374 The nodes were categorized into three types based on the connection relationship of the lines: 1) a two-member
375  node (TMN) refers to a node that connects two members, 2) a multi-member node (MMN) refers to a node that
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connects multiple members, and 3) a single-member node (SMN) refers to a node that connects multiple members,

as shown in Fig. 14.
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Fig. 14. Classification of nodes.

Two-member nodes (TMNS):

A TMN, Pryy, connected two member lines, denoted by 1, and 1,, respectively. I, and I, were represented
mathematically by Eq. (27a) and Eq. (27b), where the coefficients were obtained as explained in the previous section.
The two lines were first projected onto the Z = 0 plane, Za'Xy and i,,,xy (Eq. (28a) and Eqg. (28b)). It was assumed

that the two projected lines intersected (Eq. (29)). Thus, the linear parameter A, = A, = AN'P was derived, as shown

in Eq. (30).

-fznem

Lo = PPom + B3om - A= |V " | + T3 - A (272)
Zmem
LZq
_?Znem_

I, = PPom 4+ 5pem - 5, = |[F7em |+ mpem - 4, (27b)
Zmem
L4 )

T =mem —mem f;nem —mem

la,XY = Pa Vg ' Aa= smem Vg, ’ Aa (283.)

Ya
m Smem flr;nem Smem
lpxy = Py b D= [omem| TV DB (28b)
Vb

Loxy = lpxy (29a)

iglem Zmem ?Zlem Jymem

—mem +‘Da Aa— yZlem +‘l7b 'Ab (29b)

a
—mem _ —mem
X - X
ANID — a (30)
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In the above, A,, A, and ANP represent the linear parameters of the two lines and node, respectively. NID represents
the node ID, as described in the INAM of a structural module.

The intersection coordinates Pry,y were calculated as follows: The values of x,; and y,;, were calculated using
Eqgns. (31) and (32), whereas the value of the linear parameter, AN'P | was obtained from Eq. (30) . The dimensional
differences between the two members were assumed negligible. Therefore, z,;, was obtained by averaging the z

values corresponding to I, and ,,.

Xgp = XM  Gmem . ANID (31)
yab — J—};nem + Banem . ANID (32)
1
Zap =§Zzi,i =aorb
(33)

— —

where z, = zmem 4 ymem . ANID 5 = — zinem 4 yinem . \NID

Multi-member nodes (MMNSs):

For the MMN, the node coordinate-fitting process resembles that of the TMN. The members connected by the
node were grouped two by two, with a total of MNP = pmcon . (Meom + 1) /2 groups, with M°°™ representing the
number of members. The coordinates of P;—P ,,nip 0f the groups were obtained by solving them using the projection-
reflection method. For example, P; connected two member lines [; and I;. The coordinates x;;, y;j, z;; of P, were
found by solving for the linear parameter AN'? (Eqns. (34a—-34d)). The final coordinates were the centers of P,—

P,,nip, obtained using Eq. (35).

smem

ymem
X; H
ANID— %

—X]

‘fj]mem — ﬁznem (34&)
X = —l_mem + -ﬁznem . ANID (34b)
yij — }—]imem + I—ﬁnem . ANID (340)
1
Zi; =§sz,k =iorj
(34d)
where z; = Z/™ + GIem . ANID, 7, = zimem . imem . ANID
1 uNID
XM = JNip X
1 uNID
YM = Nip yiul € [1, MNP] (35)
1 mNID

Zm = MNID 1 Zi

In the above, (xy, yu, zy) and (x;, y;, z;) are the coordinates of the final intersection and the intersection obtained in

a group, respectively. The parameter M represents the member IDs intersected by the node.
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Single-member nodes (SMNs):

The SMN is typically located at the edge of the structural module. The calculation of the SMN is generally
performed after those of the other nodes. Therefore, the positions of the connecting members and nodes adjacent to
the SMN were used to extrapolate the SMN coordinates using Eq. (36).

Xs

Zs

smem
‘xS

Smem
Vs

M — Xy
+ 1—7>mem . ANID’ANIDZ — (36)
s vgnem

Fmem
In the above, xs,7Vs,zg are the coordinates of P, . [xMem, ymem zmem] and yMe™ are the central points and
directional vectors of the line intersecting the node, respectively. The parameter S represents the line ID. The
parameter x,, represents the x coordinate of the node at the other end of the line.
6.3. Reconstruction of a cable dome

The reconstruction of the cable dome was initiated by sorting the data structures of the modules (Table 3). The
IDs of the skeleton members and connecting nodes followed those of the standard model Sg; from the INAM in Fig.
10(b). Nodes i and j indicate the coordinates of the nodes of the corresponding members that were later used in the
module assembly. The class, cross-section, and length of the columns can be later used in structural modeling and

future applications.

Table 3

The data structure of the module model.

Node i (m) Node j (m)
Member ID | Nodes ID? Class® | Cross-section® (mm) | Length (mm)
X y z X y z
1 1/2 0 0 0 1.1880 | 0.1583 | -0.1826 L D®30x3 1212.3
2 1/3 0 0 0 1.1435 | 0.4822 | -0.1954 L D30x%3 1256.3
11 6/9 2.3580 | 0.6161 | -0.4089 | 3.6593 | 0.4399 | -0.6574 L D40x%3 1336.5
12 6/10 2.3580 | 0.6161 | -0.4089 | 3.4254 | 1.3631 | -0.6439 L D40x%3 1323.8
35 9/24 3.6593 | 0.4399 | -0.6574 | 3.5571 | 0.9164 | -1.4542 L D®40x3 934.0
36 10/24 3.4254 | 1.3631 | -0.6439 | 3.5571 | 0.9164 | -1.4542 L D40x3 934.5
60 24/25 3.5571 | 0.9164 | -1.4542 | 3.0587 | 1.7491 | -1.4277 C ?12 970.4
61 25/26 3.0587 | 1.7491 | -1.4277 | 2.4837 | 2.5106 | -1.4473 C 12 954.2

a: Node ID represents the global Node ID at the two ends of the members: node a/node b.

b: The member form consists of straight lines (L) and curves (C) dictating the respective member-modeling methods.

c: The cross-section of struts are traffic circles, with the dimension of @ radius of the outer circle xtube thickness. The cross-
sections of the cables are circles with dimensions of the radius of the circle.

As the previous processing was conducted on the segmented modules sequentially, the processed modules were
assembled where the edge nodes of the modules were registered, as shown in Fig. 15. The assembly was done in two

stages: 1) a coarse global assembly and 2) a fine local assembly. The coarse assembly simply registered Node 1 of
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all the structural modules together. However, other edge nodes may not coincide with each other because of the
manual module segmentation. The shared nodes, for example, Node 16 in Module 1 and Node 19 in Module 8, were
combined by averaging the coordinates of the pairs of nodes. This was performed on individual modules until the

cable-dome skeleton model was obtained.

16 5 23 12
(0,0,0) -
4

§ g / 15
Coarse global assembly \/K\ \:ine local assembly

Fig. 15. Coarse global assembly and fine local assembly.

The reconstructed structural model is shown in Fig. 16. The ridge struts, diagonal struts, diagonal cables, and
ring-loop cables are colored green, blue, orange, and yellow, respectively, according to the structured data. Evidently,
the structural model captures the actual geometric features of the cable-dome structure. The structured data of the
structural model can be easily used for further development of numerical simulations or building information

modeling (BIM) design.

= Ridge struts

= Diagonal struts

Diagonal cables
Ring-loop cables

Fig. 16. The cable-dome structure model.

7. Discussion

This section first validates the proposed MASM method in terms of the processing accuracy and computational
efficiency; this is done in Section 7.1. In Section 7.2, the applications of the method to structural deviation inspection
and monitoring are demonstrated in detail. The novel aspects of the proposed MASM method are discussed in detail

in Section 7.3. Section 7.4 discusses the limitations of the proposed method that require future development.
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7.1. Validation of the MASM method

The MASM method was validated in terms of both the reconstruction accuracy and computational efficiency,
which are technical concerns in general structural modeling that uses laser measurements.

Accuracy validation

Accuracy validation amounted to evaluating differences between the nodes of the MASM method-based model
and those of the “ground truth” model, because nodes are important for structural analysis [58]. In addition, a true
reference model was manually built according to the preprocessed PCD cable dome, as shown in Fig. 17, using the
commercial software Geomagic Wrap [59]. First, the members” PCDs were manually and visually recognized and
then segmented from member to member. The segmented PCD members were sequentially fitted with the
corresponding 3D shapes, using the RANSAC function in the software. The centerlines of the members were then
plotted, the intersections of which were defined as reference nodes. Thus, the integrity of the reference nodes
constituted the true reference model. Constructing the true reference model required substantial manual work and

was time-consuming. The modeling was primarily used to validate the accuracy of the MASM method-based model.

Reference node

Fig. 17. Reference point extraction.

Accuracy validation then started by comparing the nodes of the MASM method-based model to those of the

reference model (Eq. (37)). The fit error Sy 45 Was defined as the 2-norm distance between Py 4y and Prey,

corresponding to the nodes of the MASM method-based model and the reference model, respectively.

2 2 2
Smasm = ”Pref - PMASM”2 = J(xref - xMASM) + (yref - yMASM) + (Zref - ZMASM) (37)
In the above, Syasy represents the fit error of Puyasy . (Xrer, Vrefs Zrer) and (Xmasm, Ymasmr Zuasm) are the

coordinates of P and Py 4su, respectively.
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The fit errors of the nodes were statistically analyzed, and the results are shown in Fig. 18. The histogram shows
the distribution of the fit errors. The probability density function (PDF) followed a Gaussian distribution with a mean
of 1.384 mm and standard deviation of 0.39 mm. The 95% confidence interval (Cl) was [1.227, 1.534]. Considering
the span of the cable dome, the accuracy of the MASM method-based model varied within 0.02%. According to the
technical specifications for space-frame structures [60], a typical constructional deviation is in the 35-185 mm range,
which is 10 times greater than the fit errors in the present study. The signal-to-noise ratio (SNR) was sufficiently high,
such that the errors did not impact the monitoring and analysis of constructional deviations[61]. Thus, the accuracy

of the MASM method was satisfactory.
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Fig. 18. Node-fitting errors.

Efficiency validation

The proposed MASM method targets the automatic structural modeling of a multimember-section cable dome
based on the PCD laser measurements. Unfortunately, none of these structural modeling methods are applicable to
cable-dome structures. Reference to efficiency validation allows to select the most updated structural modeling
method for steel structures with comparable computational complexity [39]. Runtime tests were conducted for both
structural modeling methods to demonstrate the computational efficiency of the proposed MASM method. The
runtime tests were performed on a personal computer equipped with an AMD Ryzen7 5800H @3.20GHz processor.
The runtimes of the structural modeling methods were recorded using the tic-toc function in MATLAB (Table 4).

PCD structural modeling generally includes two stages: 1) skeleton extraction and 2) model reconstruction.
However, the proposed MASM method implemented the module segmentation of the cable-dome PCD according to
the features of the structural configuration in advance. Module segmentation divided the cable-dome PCD into eight
structural modules, which took approximately 160.45 s. The skeleton extraction took approximately 3.28 s for the

structural module and approximately 21.18 s for the total 8 pieces of modules. The reconstruction stage took
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approximately 4.63 s for the module and 37.97 s for the entity. The total runtime was 221.95 s for data containing
approximately 12,661,192 points.

The reference BIM reconstruction method (BRM) processed steel structures with a volume of approximately
22,213,417 points. It utilized Laplacian-based central skeleton contraction and the rolling sphere algorithm to extract

the skeleton of the model, which took approximately 25,342.69 s. The reconstruction of the 3D model required

approximately 3,589 s to achieve the entire structural model.

TABLE 4

SDT modeling time.

S1: Skeleton extraction

Methods Stages Time
S1: Module segmentation 160.45 s
S2: Skeleton extraction Module Entity
Multi-member central shrinkage for skeleton-point
- 2.87s 18.75s
recognition
Smart multi-member recognition 0.41s 243s
MASM? Subtotal of S2 3.28s 21.18s
S3: Reconstruction of structural model Module Entity
Determinations of positions, orientations, and nodes 4.63s 37.97s
Reconstruction of a cable dome 2.35s
Subtotal of S3 40.32's
Total 221.95s

Laplacian-based central skeleton contraction 18342.58 s

Central axis candidate extraction 5891.21s

Central axis refinement 948.78 s

Regional growing-based central axis segmentation 160.12 s

BRMP[39]
Subtotal of S1 25,342.69 s
S2: Reconstruction of structural model

PCD segmentation 356.15s

Central axis curve estimation 2873.21s

3D modeling 359.67 s
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Subtotal of S2 3,589.03 s

Total 28931.72 s

MASM v.s. BRM® (%) 0.14%

Notes: a. MASM represents the automatic structural modeling method.

b. BRM represents the BIM reconstruction method.

d. Comparison of the runtimes of the two methods was performed using the same amount of data. Ratio =
(Time of MASM /Time of BRM) X 100%.

It was observed that the runtimes associated with the extraction of members were 2.43 s and 160.12 s,
respectively, for the MASM and BRM methods. The runtimes associated with the reconstructions of structural models
were 2.35 s and 359.67 s, for the MASM and BRM methods, respectively. Although the MASM method featured an
additional module-segmentation stage, this additional step greatly improved the computational efficiency of the latter
two stages. Consequently, the total performance time of the MASM method was only 0.14% that of the BRM method.

Thus, the efficiency of the MASM method was demonstrated.

7.2. Application to deviation monitoring

Currently, construction deviation monitoring is considered the most important aspect of any structural project.
Structural modeling using 3D laser measured PCD provides better access to deviation monitoring than manual or
local measurements. The previous sections described an analysis-ready cable-dome model with structured data. The
cable-dome model was aligned with the design model using the center struts of the two structural models. The

deviations can be determined from the distances between the node pairs, using Eq. (38).

DN'P = || Pyesign — P1\/1Asz\/1||2 = \/(xdesign - xMASM)Z + (Vaesign — yMASM)Z + (Zaesign — ZMASM)Z (38)
In the above, Pyesign and Py4sp are the nodes from the design model and those fitted using the SDT modeling
method, respectively. DV'® represents the deviation at a node from Puesign - (Xaesign: Xdesigns Xdesign) and
(Xmasm» Xmasm> Xmasm) are the coordinates of Pyeg; gy, and Pyasp, respectively.

The comparison results are presented in Fig. 19. The upper cable dome is a design model in which the nodes are
colored in orange. The lower cable dome is the MASM cable-dome model, in which the nodes are colored in red.
Differences between red and orange nodes are shown in the bottom mesh plot. The maximum deviation was 33.2 mm
and the average was approximately 21.7 mm. This was attributed to the deviation of the actual construction from the

ideal state, in which the lift to the ridge struts through tensioning was affected by the stiffness of the members.
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Fig. 19. Deviation of nodes.

7.3. Novel aspects of the MASM method

Structural modeling methods for laser-based PCD generally involve two major steps: 1) skeleton extraction and
2) structural reconstruction. However, traditional structural modeling methods generally have high computational
complexity, owing to the large volume of the PCD data associated with a structural entity. The cable-dome structure
in this study was formed using identical structural units. Therefore, the large amount of the PCD data associated with
the cable dome can be segmented into small PCD modules, as in Stage 1 of the MASM method. Module segmentation
is simple, and can be implemented in most commercial software. However, segmentation applies to most steel
structures with identical structural units, which effectively decreases the computation complexity associated with
further processing, as listed in Table 4.

The novel aspect of the MASM method is not module segmentation but the development of skeleton-processing
algorithms for cable domes with various cross-section members. The benefits of the developed algorithms for various-
section cable domes were demonstrated by comparing with existing popular methods.

Comparison of Skeleton-point Recognition Methods

Skeleton-point recognition is a key step in which the central points of the members are recognized from
volumetric PCDs. The MASM method proposes a novel algorithm called multimember central shrinkage for
skeleton-point recognition, to denoise and extract skeleton points from unstructured multi-sectional cable-dome
PCDs. This algorithm processes a layered PCD, in which the centroids of the clusters are identified sequentially.

Thus, the centroids of the clusters are considered as skeleton points, as described in Section 4.3.
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By contrast, general skeleton-point recognition uses a Laplacian-based skeleton contraction method [45]. The
Laplacian matrix comprises the neighborhood of the target point based on the distance relationship. The eigenvalues
of the Laplacian matrix are obtained from eigen-decomposition, where the small and large eigenvalues are separated
into two groups. Points with small eigenvalues are considered contraction points and discarded. Conversely, points
with large eigenvalues are considered attraction points and are retained. The procedure is repeated until the error is
minimized.

The two algorithms for skeleton-point recognition were applied to cable-dome module PCDs, and the superiority
of the proposed multi-member central shrinkage algorithm was validated. The Laplacian-based skeleton-contraction
algorithm performed poorly in the corner regions, as shown in Fig. 20(a). This discrepancy arose from the variation
in the cross-sectional dimensions of the members, where the Laplacian-based skeleton-contraction method allowed
only uniform contractions. The proposed multi-member central shrinkage method performed well, and the algorithm

was implicitly adapted to geometric variations (Fig. 20(b)).
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(b) Results of multi-member central shrinkage for skeleton-point recognition method.
Fig. 20. Comparison of skeleton-point recognition methods.

The computational times and accuracies are compared in detail in Table 5. The Laplacian-based skeleton
contraction required longer time than the multi-member central shrinkage method, with 90.34 s against 2.87 s per
structural module. The accuracy, noise, and distortion of the skeleton points were statistically analyzed. These results

demonstrate that the noise ratios for Laplacian-based skeleton contraction and multi-member central shrinkage for
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skeleton-point recognition methods were similar, at 1.74% and 1.55%, respectively. However, the distortion of the
Laplacian-based skeleton-contraction method was much larger than that of the multi-member central shrinkage
method for skeleton-point recognition (11.74% vs. 3.16%).

Thus, the proposed multi-member central shrinkage method for skeleton-point recognition is more effective than
existing methods, when processing cable domes with members of various cross-sections.

TABLES

Comparison of skeleton-extraction methods.

Shrinkage accuracy
Method Time?
Noise point Percentage® Distortion point Percentage®
Multi-member central shrinkage for

20.05s 65 1.74% 118 3.16%
skeleton-point recognition
Laplacian-based skeleton

90.33s 332 1.55% 2514 11.74%

contraction

Notes: Module 1 PCD were used for both methods in the comparison process.

b: Comparison of the number of noise-related skeleton points with the total number of skeleton points. Percentage =
(number of noise skeleton points /number of total skeleton points) x 100%.

c: Comparison of the number of distortion-related skeleton points with the total number of skeleton points. Percentage =
(number of distortion skeleton points /number of total skeleton points) X 100%.

Comparison of Member-recognition Methods

Member recognition is another important step in the skeleton-extraction process, in which members are
automatically recognized for future reconstruction. The MASM method uses a novel smart multi-member recognition
algorithm that automatically recognizes multi-section members composed of skeleton points according to a standard
model. The algorithm was compared to a general member-recognition algorithm, the region-growing method [51].
The region-growing method applies a test to the curvatures and angles of a random point and its neighbors in the
structural module. Thresholds are set for the curvatures and angles. Points within the boundaries defined by the
thresholds are assumed to belong to a member. The procedure is iterated until all points are processed.

Similar to the Laplacian-based skeleton-contraction algorithm, the region-growing method did not perform well
on cable domes with various section members, with respect to the automatic recognition of members (Fig. 21). The

fixed threshold was not adequate for dealing with intersections of multiple members.
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Fig. 21. Comparison of member-recognition methods.

The computational times and accuracies of the two algorithms were compared and are summarized in Table 6.
For the region-growing method, most members were not fully recognized. The correctness of the recognition was
low, with only four out of the 39 members perfectly recognized. However, the smart multi-member recognition
method yielded satisfactory results. The false positive rate was 7.69%. The runtimes of the two methods were also
compared. Taken together, the results suggest that the smart multi-member recognition method was more efficient
than the existing region-growing method.

TABLE 6

Comparison of member-recognition methods.

Recognition error
Methods Time?
Wrong Members Percentage®
Smart multi-member recognition 0.41s 3 7.69%
Region growing 2.57s 35 89.74%

Notes: Module 1 PCD were used for both methods in the comparison process.
b: Comparison of the wrong members with the members’ number. Percentage = (number of wrong members /number of
total members) X 100%.

The proposed MASM method not only encapsulates key algorithms for processing but also provides a systematic
automatic cable-dome structural modeling approach that integrates processing algorithms adapted to cable-dome

structures. The novel aspects of the algorithm and methods, and the potential benefits for applications, were validated.

7.4. Limitations of the MASM method

The proposed MASM method is applicable to cable-dome structural modeling with volumetrically measured

PCD. Although this method is novel and has important advantages, it is limited by several factors, as discussed below.
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The accuracy of the MASM method is affected by the measurement quality. Multi-member central shrinkage
requires a uniform PCD density for a single member. In other words, the algorithm performs sub-optimally when
missing points occur in the members. We note that PCD repair is always required during the data preparation stage,
implying the need for additional manual effort.

Module segmentation was conducted manually, and structural configurations and manual tuning had substantial
effects. Module segmentation requires the structural PCD to exhibit a repetitive formation of identical structural units,
such as a ring-symmetric cable dome. Manual experience determines the number of segmentations required for a
structural entity. Proper segmentation is advantageous for better processing efficiency. The number of module
segmentations should be optimized.

Conversely, the MASM method utilizes CloudCompare and MATLAB software to reconstruct the cable-dome
model. The capacity of the specific computational platform is another concern. The PCD size reaches 4 x 102 points,
equivalent to a 9 GB storage volume for CloudCompare. The MASM algorithm is constrained by MATLAB
resources, and this can be assessed using the WHOS function, which estimates the amount of data stored during the
analysis. By testing, the maximum storage capacity of MATLAB was determined as 2.88 x 10%*; consequently, the
maximum PCD could reach 10*2. In addition, owing to the dimensionless calculation procedure, this method has no
constraints on the size of the structural members.

The final factor is the accuracy of the MASM method. This study demonstrated that the accuracy of the MASM
method reached 1/ 4,334.63 of the structural span. This indicates that the MASM method does not accommodate
highly geometry-sensitive monitoring of targets. This method is also not suitable for member-level inspection, where

the accuracy is generally within 1 mm [61].

8. Conclusions

A high-fidelity structural model of the cable-dome structure was developed using the proposed MASM method
based on 3D laser scanning. The as-measured cable-dome model was used to efficiently and accurately monitor the
entire structural deviation. The conclusions are as follows:

1. The MASM method applies module segmentation to a cable-dome PCD entity based on the geometric features
of the structural configuration. The additional processing stage reduces the computational complexity more
efficiently than direct processing associated with the general method.

2. The MASM method uses two novel algorithms to automatically extract the skeleton and recognize members;

these algorithms are the multi-member central shrinkage for skeleton-point recognition and smart multi-
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member recognition. The proposed algorithm can accommodate cable domes with various cross-sectional
members. The accuracy and efficiency were validated by comparisons with popular algorithms.

The MASM method is a systematic structural modeling method that is applicable to general symmetric cable
domes with various types and dimensions of members. The reconstruction of the cable-dome model is
elaborated from members to modules and eventually to the entity. The accuracy and efficiency of the MASM
method were validated.

The limitations of the MASM method were discussed in detail. Module segmentation was constrained by
manual operations and structural configurations. The best measurement accuracy was 0.45 mm, heavily
depending on the PCD density. It was articulated that the computational capacity of the MASM method is
constrained by the software used.

This study proposed a technique for reconstructing a structural model from a large volume of PCD.

Reconstructed structural models are likely to enable automatic deviation monitoring. In future studies, the established

model will be considered for the SDT establishment and structural performance predictions, where numerical

simulations will involve high-fidelity SDT models.
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