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Abstract

To support design-consistent modeling of large-span trusses from field scans, this study
aims to develop and evaluate a workflow guided by CAD priors for isolating load-bearing
members and completing structural topology in severely occluded regions. A semantic seg-
mentation algorithm based on voxel spatial indexing and two-stage neighborhood matching
first uses the CAD model to discretize the search space and isolate main load-bearing trusses
from cluttered backgrounds. On a manually labeled subset of 339,075 measured points
from 12 representative regions, the segmentation stage achieves an F1-score of 85.65%
and an IoU of 74.91%. A point cloud fusion and completion algorithm then combines
distance-weighted iterative closest point registration with region-growing hierarchical
mapping to reconstruct design-consistent point sets in shadowed node regions. The work-
flow is evaluated on the Zhongyuan International Convention and Exhibition Center. It
achieves a normalized Chamfer distance of 0.53% and a normalized Hausdorff distance of
1.16% relative to the CAD reference. Under a 50 mm evaluation tolerance, the F-Score is
20.02%, more than twice the best traditional baseline, although the modest absolute value
indicates limited strict-tolerance agreement. The output provides researchers, engineers,
decision-makers, and asset managers with a traceable basis for digital-twin model prepara-
tion, inspection planning, and topology-aware documentation; CAD-derived points must
nevertheless remain distinguishable from measured data in deformation monitoring and
structural assessment.

Keywords: large-span spatial structures; semantic segmentation; point completion;
multi-source data fusion; voxel spatial indexing

1. Introduction

Large-span spatial structures play a core role in modern infrastructure and urban
development. Ensuring their structural safety during complex construction processes
and long-term operation is of paramount importance. As these structures face multiple
factors throughout their service life, their performance status often exhibits significant un-
certainty [1-3]. Therefore, there is an urgent need to acquire real-time structural responses
using structural health monitoring (SHM) technologies to provide scientific guidance. In
recent years, mobile 3D laser scanning systems integrating simultaneous localization and
mapping (SLAM) and Global Navigation Satellite System Real-Time Kinematic (GNSS
RTK) positioning have emerged as a cutting-edge method for capturing the as-built spatial
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geometry of large-scale buildings [4]. This is largely due to their high efficiency, non-contact
nature, and large-area coverage. However, rapidly and accurately converting the massive,
unstructured point clouds acquired via mobile scanning into traceable structural geometric
models remains a fundamental bottleneck in the digital construction and operation and
maintenance of large-span spatial structures [5,6].

During the transition from raw point cloud data to structured models, the semantic
segmentation of target components [7-9] and the design-consistent completion of missing
geometry [10,11] are two critical challenges that require urgent resolution. On one hand, the
on-site scanning environment for large-span spatial trusses is extremely complex. The raw
point clouds contain not only the main trusses and A-shaped columns but are also cluttered
with massive redundant data [12-14]. Accurately identifying and isolating the main load-
bearing skeleton from such massive, unstructured data with complex backgrounds is highly
challenging. On the other hand, due to the geometric complexity of spatial trusses, dense
occlusion at member intersections, and the limitations of on-site mobile scanning angles,
the initially extracted main truss point clouds often suffer from severe sparsity [15] or
even large-area data loss [16] in shadowed node regions and elevation transitions. If 3D
geometric reconstruction is performed directly based on such incomplete data, it inevitably
leads to structural topological connection errors and local geometric boundary distortions,
fundamentally undermining the reliability of subsequent structural deformation inversion
and performance evaluation [17-19].

Existing studies and conventional data-processing methods still exhibit limitations
when applied to large, complex spatial structures [20-22]. For point cloud semantic seg-
mentation, recent work has emphasized scene-level feature extraction and multimodal
guidance. Wei (2024) [23] used cross-modal 2D-3D guidance and region-point semantic
consistency and reported 46.9% mean intersection over union (mloU) on the ScanNet v2
validation set under scene-level supervision, an 8.8 percentage-point improvement over the
38.1% comparison result. Wu (2025) [24] proposed TBGA-Net to capture long-range global
information. These benchmark results quantify recent progress, although methods relying
mainly on local surface geometry can still misclassify members when periodic structural
undulations and overlapping components have similar features [24,25]. For point cloud
completion, research has progressed from local geometric interpolation to learning-based
structural inference. Wu (2024) [26] introduced HSG-Net with iterative heuristic structure
growth, and Xiao (2024) [27] developed Cross-PCC to combine 2D and 3D information
under single-view guidance. On the 3D-EPN and PCN object benchmarks, Cross-PCC re-
ported average L, Chamfer distances of 9.1 x 10~% and 9.9 x 104, respectively [27]. These
values provide numerical context for current completion research, but they are not directly
comparable with field-scale truss results because the datasets, missing-region patterns,
normalization, and evaluation tolerances differ. Severe occlusion in spatial trusses can re-
move entire joints or members; without a reliable global topological constraint, completion
boundaries may blur [28] and intersecting members may be geometrically distorted [29].

To overcome the data-conversion bottleneck in the digital modeling of complex spatial
trusses, this paper proposes a workflow guided by CAD priors for main truss semantic
segmentation and point cloud completion. As shown in Figure 1, the workflow contains
two linked stages. First, voxel spatial indexing and two-stage neighborhood matching
use the CAD model to constrain the search space and isolate the main truss from the field
point cloud. Second, distance-weighted registration and region-growing fusion use the
member arrangement encoded by the CAD model to generate design-consistent point sets
in missing regions. The resulting output is intended to preserve member continuity and
topology for model preparation and visualization, rather than to infer unobserved as-built
deformation.
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Figure 1. Framework of the CAD-prior-guided point cloud semantic segmentation and completion
method.

The completed points should therefore be interpreted as CAD-constrained geometric
imputation, not as direct observations of the as-built surface. In shadowed or occluded
regions, the procedure restores design-consistent topology and member continuity, but
any unknown local deformation or construction deviation may be masked by the CAD
prior. For deformation monitoring, only measured points (and independently surveyed
control points, where available) should be used for displacement estimation; CAD-derived
completed points should be explicitly flagged and excluded or assigned lower confidence.
The present method is consequently most appropriate for topology recovery, visualization,
and model preparation, rather than for inferring unobserved deformation. Accordingly,
this study asks whether CAD geometric priors can improve target-truss isolation and
design-consistent completion, relative to conventional feature-based segmentation and
geometric completion baselines, for field-scale point clouds with severe occlusion. The
working hypothesis is that CAD-guided spatial indexing, registration, and fusion reduce
design-reference deviations and preserve structural topology, while CAD-imputed regions
cannot recover unknown as-built deformation that was not measured.

The remainder of the manuscript is organized as follows. Section 2 presents the CAD-
prior-guided semantic segmentation, Section 3 presents point cloud completion, Section 4
reports engineering validation, Section 5 discusses the findings and their applicability, and
Section 6 concludes the study.

2. Semantic Segmentation Algorithm for Point Clouds Based on CAD
Priors and Voxel Matching

Due to the massive scanning scale and the extreme geometric complexity of the spatial struc-
ture, which encompasses main trusses, herringbone columns, purlins, and secondary trusses,
isolating component point clouds from the raw data poses significant challenges [30-32]. To
achieve target-oriented isolation, this study proposes a novel semantic segmentation algorithm
based on voxel spatial indexing and two-stage neighborhood matching.
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2.1. Establishment of Voxel Spatial Indexing

Traditional point cloud comparison algorithms typically rely on direct Euclidean
distance searches. For massive point clouds containing hundreds of millions of points,
this global search method incurs immense computational redundancy, rendering real-
time engineering processing unfeasible. To alleviate this, a voxelized spatial indexing
mechanism is introduced [33]:

PC:{(xi/yilzi) |i:1/2/---/nc} (1)

where 7, represents the total number of points in the CAD model. The three-dimensional
space is then discretized into a voxel grid with a defined voxel size vs, and the voxel index

SRR

Consequently, the subset of points contained within each discrete voxel is expressed as

for each point is defined as

V(k) = {(xi,yi,2:) € P | ki = k} 3)

The voxel size is set to vs = 0.1 m because it is smaller than the characteristic transverse
scale of the truss members while remaining large enough to aggregate neighboring scan
samples. A maximum of N, = 5 representative points is retained per occupied voxel so
that densely sampled surfaces do not dominate the lookup, while sufficient local samples
remain to represent surface variation. Decreasing vs or increasing N, retains more detail
but raises memory and search costs; increasing v; or reducing N, can merge thin features
or underrepresent sparsely sampled surfaces. The adopted values were selected from the
member scale and measured point spacing of the present dataset and should be retuned for
structures with different member dimensions or scan densities.

Furthermore, to ensure computational concentration and geometric validity, the dis-
cretized spatial boundary is defined to exclude non-structural regions (e.g., ground, tempo-
rary equipment, or peripheral walls):

B= [xrnin/ xmax] X [ymin/ ]/max] X [Zmin/ Zmax] (4)

2.2. Two-Stage Neighborhood Matching Mechanism

The core principle of the point cloud matching is to determine whether a measured
point p; = (xj, y;, z) geometrically overlaps with the local neighborhood of a CAD model
point p; € P. within a specific distance constraint:

d(pi,pj) = \/(xi —x5) (i) + (2 - 7)) > <76 (5)

If the constraint is satisfied, p; is classified as belonging to the component. To balance
processing speed and semantic segmentation precision, a two-stage screening mechanism
is designed:

Stage 1: Coarse Screening (Recall Prioritization). In the initial stage, a relatively large

() = 1.0 m, is applied to capture the entirety of the truss structure. Because

search radius, 7
the preprocessed point cloud still contains interfering elements like secondary trusses and
node connections, the primary objective here is to ensure a high recall rate, guaranteeing
that no component points are missed. The result obtained from this coarse screening is
formulated as

P = {pj € P | 3pi € Ped(pipy) <V} ©

https:/ /doi.org/10.3390/buildings16204062


https://doi.org/10.3390/buildings16204062

Buildings 2026, 16, 4062

50f 20

Stage 2: Fine Screening (Precision Optimization). Building upon the intermediate

results, the second stage employs a smaller search radius, 7s? =

0.4 m, for rigorous re-
filtering. This strict constraint eliminates remaining random noise and mismatched points,
retaining points within the selected fine CAD-neighborhood envelope. The intermediate
fine screening result is expressed as:

The two radii implement an explicit recall-precision trade-off. The coarse radius ;) =
1.0 m provides a permissive candidate envelope around the CAD geometry so that residual
alignment offsets and geometrically complex joints are retained. The fine radius r;® =
0.4 m then rejects neighboring members and clutter within that candidate set. A smaller
coarse radius can omit valid truss points, whereas a larger one increases the amount of
interference passed to the fine stage. Likewise, reducing r5'? preserves a stricter boundary
but can fragment sparse surfaces, while increasing it improves continuity at the cost of
admitting adjacent components. These project-specific values were selected in relation
to member scale, residual registration offset, and measured point spacing; they are not
universal constants.

P = {pj e PV | 3pi € Ped(pipy) < P} ?

Ultimately, the extracted structural component point cloud is represented by

2)

Prryss = Pt (8)

2.3. Local Voxel Neighborhood Search

To further accelerate the computational efficiency during the matching process, the
algorithm restricts the search scope strictly to the local voxel space rather than traversing
all CAD points. For any given measured point p;, the algorithm first calculates its corre-
sponding voxel k; and then retrieves potential matches exclusively within its adjacent voxel
neighborhood, defined as follows [34]:

A = {(Ax,Ay,Az) | Ax, Ay, Az € [-M, M]} ©9)

where the condition limits are defined as

M= [r} (10)

Us

The candidate voxel set for the neighborhood search is represented as
N (k) = {V(ki+4) | Ac A} (11)

By performing searches solely within this confined subset, the computational com-
plexity scales down to an approximately linear relationship. Additionally, to circumvent
floating-point calculation errors and maintain stability across millions of points, distance
comparisons are executed using squared distances:

2

P (pirpj) = (xi—x)" + (i —v)* + (2 —7)" < 72 (12)

This strategy eliminates computationally expensive square root operations, maintain-
ing algorithm stability at the scale of millions of points.
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2.4. Matching Constraints and Algorithm Performance

Robust spatial boundary control is enforced during the matching process. Any mea-
sured point exceeding the expanded bounding box of the CAD model is discarded:

(xj/ Yj, Z]) ¢ [xmin — I's, Xmax + rs] X []/min — T's, Ymax + rs] X [Zmin — ¥s, Zmax + rs] (13)

This constraint prevents non-structural elements from entering the matching pipeline.
To counter local voids and random noise in the measured data, a neighborhood projection is
integrated. A point is classified as a valid structural point only if multiple consecutive points
within its local vicinity satisfy the matching criteria; isolated points are instantly designated
as noise. This mechanism enhances the structural continuity and overall robustness of the
semantic segmentation.

Regarding computational cost, voxel neighborhood generation and index retrieval
dominate the coarse screening stage, whereas point-to-point distance evaluation dominates
the fine stage. Equation (14) therefore describes the expected cost structure, not a measured
runtime benchmark.

3
T—cl-nc+c2-nr<rs> (14)

Us
where Cy and C, represent the single-point time constants for voxel generation and neigh-
borhood searching, respectively. Reducing the number of retained voxels or narrowing
the search radius is expected to lower computational cost, but it also changes the recall-
precision trade-off and therefore requires case-specific verification.

Computational reporting: Each exhibition hall contains approximately 100-200 million
raw points. Reproducible runtime logs were not retained for the present field campaign;
accordingly, the manuscript does not claim an experimentally demonstrated runtime
advantage. Future benchmarks will report all stages on fixed hardware together with input
and output point counts (Figure 2).

Original Truss )
fStage 1: Coarse Screening\ / Stage 2: Fine Screening\
(Recall Prioritization) (Precision Optimization)

r(1)=1.0m r(2)=04m

@ Laser Scanning

Sampled Point Cloud

B . O

Coarse screening ensures Strict constraint eliminates
\ high recall j k mismatched points j
f Loss Computation & \ / Isolated Structural \

Reconstruction Head Component Point Cloud

ol

Multiscale feature learning

Chamfer Distance

a

N
U

K Curvature Consistency /

Final isolated componeny

Figure 2. Schematic of point cloud semantic segmentation algorithm based on CAD priors and voxel
matching.
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3. Point Cloud Completion Based on Multi-Source Geometric Priors and
Data Fusion

3.1. Method Overview

Following the preliminary semantic segmentation of the target component point cloud,
the acquired data often exhibits significant incompleteness despite the reasonable accuracy
of the aforementioned spatial matching method. This deficiency primarily stems from the
inherent geometric complexity of the structures, mutual occlusions among components,
and viewing angle limitations inherent in mobile scanning operations. The missing data is
predominantly localized at member intersections, shadowed regions of node components,
and areas with abrupt elevation changes. Because the laser beam cannot fully cover all struc-
tural surfaces during mobile scanning, coupled with weak reflection signals or equipment
occlusions in certain areas, the point density in these regions becomes sparse or completely
absent. Traditional methods, such as simple interpolation or neighborhood expansion, fail
to recover complex spatial morphologies, often resulting in blurred structural boundaries
or geometric distortions at member intersections [35,36].

3.2. Adaptive Downsampling and Feature Extraction

In terms of algorithm design, efficient loading and memory optimization are initially
applied to the point cloud data. Addressing the large volume and dispersed nature of
the field-acquired files, a stream reading mechanism is employed to parse the point cloud
files line by line. When a maximum-point threshold is required for memory control, the
retained subset must preserve spatial coverage; the threshold is therefore treated as a data-
management parameter whose effect requires verification for each dataset. The numerical
maximum-point cap used in the original run was not retained.

Subsequently, to reconcile the scale and density disparities between the CAD model
and the measured data, an adaptive voxel downsampling method is employed. The
original point cloud is partitioned into multiple 3D voxel blocks, where the size of each
voxel is jointly determined by the overall bounding box dimensions of the point cloud
and a predefined target density coefficient. The average coordinate within each voxel is
designated as the representative point. Let the spatial bounding range of the point cloud
be defined as follows [37]:

B = max(P) — min(P) (15)

Given the known average boundary scale, the adaptive voxel edge length is defined as

vs=b-p (16)

where p denotes the target density coefficient. This downsampling approach reduces the
number of points and the cost of subsequent processing; preservation of local contours
depends on the selected density coefficient and is considered in the parameter-sensitivity
discussion below. The numerical value of p used in the original run was not retained.

During the point cloud feature extraction phase, to facilitate precise registration and
structural recognition, a local geometric feature descriptor based on PCA is introduced. For
each point p;, a neighborhood point set N; within a search radius r is identified, and the
covariance matrix is calculated:

1
N & (=) (=7 (17)
ENi

Ci=
il

where the local neighborhood mean is utilized. By performing eigenvalue decomposition
on the covariance matrix, the eigenvectors and their corresponding eigenvalues are derived.
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Consequently, the normal vector can be accurately extracted, and the local curvature is
evaluated using the following equation:

A3

= 18
A+ A+ Aj (18)

K

The PCA-derived normals and curvature describe local geometry and can support cor-

respondence screening and diagnostic assessment. In the implementation evaluated here,

however, they are not explicit multiplicative factors in the scalar weight of Equation (19);
that weight is determined only by Euclidean correspondence distance.

3.3. Distance-Weighted ICP Registration

The registration stage is therefore described as distance-weighted iterative closest point
(ICP) registration. KD-tree nearest-neighbor correspondences are established between the
source and target point clouds, and larger-distance correspondences are down-weighted
in the optimization. Normal and curvature information is not added to the objective in
Equation (20).

KD-tree spatial indices are established for both the source and target point clouds
to compute the Euclidean distance d; between corresponding points, utilizing a specific
weighting function:

w; = exp (—(Z) (19)

where the average distance is incorporated. Subsequently, a weighted least squares method
is applied to solve for the optimal rotation matrix R and translation vector ¢ by minimizing
the objective function:
E(R,t) :sz’HRPi+t—¢7i||2 (20)
1

This distance weighting reduces the influence of remote correspondences during
registration. For a reproducible reconstruction of the reported case-study workflow, corre-
spondences with d; > 0.50 m are rejected, and the maximum iteration count is 50. These
reconstructed settings are consistent with the reported processing scale, but the original
ICP configuration file was not retained and the exact identity with the historical run cannot
be verified.

3.4. Region-Growing Fusion and Hierarchical Mapping

Following registration, a region-growing point cloud fusion algorithm is designed
to execute the completion of the missing data. This method first merges the registered
measured point cloud with the CAD point cloud and partitions the structural regions via
Density-Based Spatial Clustering of Applications with Noise (DBSCAN). During clustering,
the Euclidean distance threshold € and the minimum sample number minPts dictate the
region-growing scope, facilitating the identification of primary spatial units corresponding
to members and nodes.

For DBSCAN, € controls cluster connectivity and minPts controls the rejection of sparse
or noisy points. For the reproducible reconstruction, € = 0.30 m and minPts = 10. An ¢
that is too small or a minPts value that is too large fragments valid member and node
regions, whereas an ¢ that is too large or a minPts value that is too small merges neighboring
components or retains isolated noise. The reported values are project-specific and should
be retuned for a different scanner, sampling density, or structural scale.

For clustered regions exhibiting high density in the measured point cloud, the work-
flow treats them as measured high-density zones for fusion and supplements them with
points extracted from the CAD model belonging to identical or adjacent clusters. To prevent

https:/ /doi.org/10.3390/buildings16204062


https://doi.org/10.3390/buildings16204062

Buildings 2026, 16, 4062

9 of 20

abrupt geometric transitions or boundary discontinuities during completion, a neighbor-
hood expansion strategy is additionally incorporated. For each measured point p;, a CAD
neighborhood within 27 = 0.40 m is queried and added to the completion set, where r =
0.20 m is the PCA neighborhood radius in the reconstructed configuration. The expanded
completion set is expressed as

C'={cjeC||cj—pi| <2r,Vp; € Pu} (21)

where Py, represents the measured point cloud set. The final completed point cloud is a
union of the original measured points and the supplementary inferred points:

P.=P,ucC’ (22)

This procedure ensures continuous transitions and geometric smoothing across struc-
tural defect regions, successfully restoring the global spatial characteristics of the com-
ponents. To further eliminate fusion-induced noise and anomalous points, a Statistical
Outlier Removal (SOR) strategy is introduced. By calculating the average distance from
each point to its k nearest neighbors, the filtering threshold is determined based on the
global average distance yi; and standard deviation ¢;: in the reconstructed completion
configuration, k = 50.

T=u;+aoy (23)

where « is a standard deviation multiplier coefficient. Compared to traditional fixed-radius
filtering, this robust statistical approach removes isolated points and noise layers while
preserving critical local details, thereby refining the smoothness of the point cloud surface.
The corresponding completion-stage multiplier is & = 2.0.

Completion quality is most sensitive to the registration neighborhood and correspon-
dence settings, DBSCAN connectivity parameters, region-growing expansion radius, and
SOR threshold. An overly small registration neighborhood or correspondence threshold
makes the alignment unstable under noise and initial offset, whereas an overly large setting
smooths local joint geometry and admits false correspondences. For DBSCAN, a small
epsilon or large minPts fragments valid members, while a large epsilon or small minPts
merges adjacent members or retains noise. Increasing the 2r expansion improves continuity
but also increases the risk of CAD-point leakage across nearby components. Finally, stricter
SOR settings may remove legitimate points in sparse node regions, whereas looser settings
retain fusion outliers. The parameters are therefore scaled to post-registration point spacing
and local density; the present single-case evidence supports qualitative robustness only,
and a quantitative multi-case sensitivity study is identified as future work.

Parameter record and reproducibility: The surviving materials verify the segmentation-
stage values: voxel size = 0.1 m, a maximum of 5 representative points per occupied voxel,
and coarse and fine search radii of 1.0 m and 0.4 m, respectively. They also verify a two-
standard-deviation preprocessing SOR rule. The original per-run completion configuration
was not preserved. Consequently, the ICP, DBSCAN, r/2r, and completion-stage SOR
values stated above are a single reconstructed configuration selected to be consistent with
the 0.1 m voxel scale, member dimensions, and final outputs; they are not independently
verified historical log values. Numerical records are unavailable for the adaptive density
coefficient p, the optional maximum-point cap, the measured high-density-zone cutoff,
radius-based filter settings, and stage-wise runtime. These distinctions should be retained
when reproducing or extending the case study.

From a workflow perspective, the proposed method is a hierarchical geometric-
processing pipeline. Spatial indexing, feature description, distance-weighted registration,
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region clustering, completion generation, and outlier removal are linked sequentially in the
mapping function (Figure 3).
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Figure 3. Point cloud completion workflow based on CAD geometric priors and data fusion.

Terminology note: The registration module is described in the text as distance-
weighted ICP because the scalar weighting in Equations (19) and (20) depends on cor-
respondence distance. PCA-derived normals and curvature are retained as local geometric
descriptors, not as terms in the reported objective.

4. Engineering Application and Field Validation
4.1. Project Overview and On-Site Data Collection

The empirical engineering background of this study is the Zhongyuan International
Convention and Exhibition Center project in Zhengzhou, as shown in Figure 4. This
investigation specifically targets the full-lifecycle geometric topology and deformation
monitoring of exhibition halls 9# to 16#. The primary structure of these exhibition halls
utilizes a portal frame structural system combining A-shaped columns and spatial trusses.
Each independent exhibition hall features planar dimensions of 144 m x 84 m. The span of
the main load-bearing trusses reaches 84 m with an axial spacing of 24 m. Additionally, a
secondary truss system with a spacing of 12 m is integrated between adjacent main trusses
to enhance the overall stiffness of the roof structure. In terms of elevation and structural
height configuration, the total height of exhibition halls 9# to 14# is 19.048 m, whereas that
of exhibition halls 15# and 16# reaches 21.298 m. This project is characterized by a large
spatial span, high component elevations, and a complex on-site construction environment.
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(b)

Figure 4. Project context: (a) aerial rendering of the Zhongyuan International Convention and

Exhibition Center; (b) main structural system of exhibition hall 11.

Given the high structural elevations and large spatial volume of this project, as well as
the limitations of conventional static terrestrial laser scanning, which is highly susceptible
to occlusions and restricted fields of view in complex construction environments, a mo-
bile scanning paradigm was adopted for large-scale, three-dimensional point cloud data
collection. To mitigate laser saturation and multiple reflection phenomena on the steel
surfaces, scanning was performed under favorable lighting and stable wind conditions.
A boom lift was utilized as an elevated mobile platform to comprehensively capture the
spatial geometric features of the upper structural components, particularly the main trusses
and the terminal joints of the A-shaped columns. The platform was elevated to heights of
7-8 m, while the point cloud stream was monitored in real-time to identify and immediately
address any occluded zones.

To ensure the precise capture of structural edges and maintain uniform point density,
the translation speed was strictly controlled between 0.5 and 1.0 m/s under stable, vibration-
minimized conditions. Multi-path reciprocal scanning at dual heights (7 m and 8 m)
ensured a 60-70% spatial overlap between adjacent passes. Ultimately, approximately
100 to 200 million data points were collected per exhibition hall, yielding a high-density,
continuous raw point cloud foundation for subsequent truss isolation and geometric
reconstruction algorithms (Figure 5).

Figure 5. Field mobile scanning operation using an elevated platform.

4.2. Point Cloud Data Preprocessing and Structural Isolation

Following data acquisition, preprocessing and structural isolation are conducted.
The raw point cloud of the exhibition hall encompasses steel components, concrete walls,
roof covers, equipment, and ground noise. This raw data has a large volume, structural
complexity, and significant redundancy, as shown in Figure 6. The point density in the roof
and steel truss regions is higher than that of the concrete walls and ground, primarily due
to optimal laser incidence angles and surface reflectivity.
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Figure 6. Raw point cloud data of the structural system.

The preprocessing preserves structural morphology while filtering irrelevant data.
Initially, point clouds are aligned into a geographic coordinate system using GNSS-assisted
positioning. Through an automatic registration algorithm based on overlapping regions,
the global error is restricted to the centimeter level. Spatial bounding box cropping is
then applied to eliminate peripheral areas like background buildings and construction
enclosures, reducing the data volume by approximately one-third while maintaining the
density of core regions.

To isolate the steel structure, normal vectors and curvatures are calculated to detect
flat areas, and the Random Sample Consensus algorithm performs plane-fitting to remove
concrete walls. A region-growing algorithm provides supplementary identification at
boundary zones overlapping with steel structures to prevent residual wall misjudgments.
For remaining non-structural elements, Euclidean distance-based cluster segmentation
is applied. Clusters with large slenderness ratios and consistent principal directions are
classified as structural members, whereas irregular clusters are removed as noise [38].

To guarantee geometric accuracy, a multi-stage denoising procedure is conducted. SOR
eliminates isolated points exceeding two standard deviations, and radius-based filtering
removes suspended noise. A curvature-adaptive filtering method smooths the surfaces
of slender truss members without blurring cross-sectional boundaries. Finally, geometric
skeleton isolation is performed using local linear fitting and voxelization. Residual analysis
shows that fitting residuals in the main truss region are within 10 mm, and nodal position
deviations are below 20 mm compared to field measurements, satisfying engineering
precision requirements. The preprocessed point cloud is illustrated in Figure 7. These
residual and nodal checks apply to preprocessing and visible measured regions only; they
do not validate the completed occlusions [39]. For this preprocessing SOR step, « = 2.0 is
retained, whereas the neighbor count k and the radius-filter settings were not recorded.

Figure 7. Preprocessed structural point cloud after filtering and component isolation.
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4.3. Main Truss Point Cloud Semantic Segmentation and Completion

Using voxel spatial indexing and two-stage neighborhood matching, the main truss
point clouds are isolated from the preprocessed data. The four relatively intact main trusses
in the central region (the second to fifth low-level spans) are used as representative targets.
The CAD prior constrains the candidate region and reduces the mixing of adjacent roof
components observed with the comparison methods. Figure 8 shows the resulting target
point sets.

Figure 8. Semantic segmentation results of the main trusses using the proposed algorithm.

A qualitative comparison was also conducted on the same four central trusses using
Principal Component Analysis (PCA) linearity filtering (Figure 9a), iterative multi-plane
Random Sample Consensus (RANSAC) (Figure 9b), 2.5D grid elevation variance (Figure 9c),
and pass-through filtering combined with Statistical Outlier Removal (SOR) (Figure 9d).
In this case, the visual results show loss of member continuity for the local-feature and
plane-fitting methods and incomplete separation of overlapping roof components for the
elevation and filtering methods. These observations provide contextual evidence for the
CAD-constrained search and are considered together with the independent quantitative
validation below.

Figure 9. Point cloud isolation results using traditional segmentation algorithms: (a) PCA linearity
filtering; (b) multi-plane RANSAC; (c) 2.5D grid elevation variance; (d) pass-through combined with
SOR.

To provide independent quantitative validation of semantic segmentation, 12 regions
of interest (ROIs) were selected from the four trusses (three per truss): an isolated-member
region, a member-intersection or joint region, and a truss-end region affected by adjacent
roof components and the supporting structure. All 339,075 measured points within these
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ROIs were manually labeled by multi-view inspection of the measured point cloud as either
target main truss points or non-target/interference points. CAD-derived and subsequently
completed points were excluded from the annotation. The extracted output was mapped
back to the corresponding measured input points, and precision, recall, F1-score, and
intersection over union (IoU) were calculated for the target main truss class. The values
in Table 1 are micro-averaged over the three ROIs for each truss, and the pooled row
aggregates all 12 ROIs.

Table 1. Point-wise segmentation performance on the manually labeled representative subset.

Truss Labeled Points Precision (%) Recall (%) F1-Score (%) IoU (%)
Second span 74,457 88.80 79.78 84.05 72.49
Third span 94,442 90.16 85.85 87.95 78.49
Fourth span 96,579 87.83 82.21 84.93 73.80
Fifth span 73,597 87.90 82.69 85.22 74.24
Pooled (12 ROIs) 339,075 88.71 82.80 85.65 7491

On the pooled manually labeled subset, the proposed method achieves a precision of
88.71%, recall of 82.80%, F1-score of 85.65%, and IoU of 74.91%. Across the four trusses,
the Fl-score ranges from 84.05% to 87.95%, and the IoU ranges from 72.49% to 78.49%.
Inspection of the errors shows that omissions are concentrated near the truss ends adjacent
to the supporting structure, where conservative boundary rejection reduces recall. The
quantitative evidence therefore supports effective target isolation on the representative
subset while also identifying end-region segmentation as a limitation requiring further
refinement.

Following main truss isolation, contiguous missing regions remain at member inter-
sections and shadowed areas. The proposed CAD-prior-guided completion workflow is
compared qualitatively with four alternatives in Figure 10. Local midpoint interpolation
does not bridge the largest gaps; alpha-shape completion introduces web-like surfaces
across hollow grid cells; RANSAC primitive fitting fragments some intersecting joints; and
FPFH plus fast global registration produces a visible global misalignment in this repetitive
truss geometry. These observations explain the relative CAD-reference metrics in Table 2,
but they should not be interpreted as independent recovery of the hidden as-built surface.

Table 2. Performance metrics comparison of different completion algorithms.

Algorithm NCD (%) NHD (%) F-Score (%)
Proposed Method 0.53 1.16 20.02
Local Interpolation 0.65 3.06 9.95
Alpha-Shape Contour 0.72 3.52 7.16
RANSAC Primitive 0.67 3.11 8.86
FPFH + FGR Fusion 4.92 26.79 9.28

The proposed completion method (Figure 10a) integrates CAD geometric constraints
with region-growing fusion. The distance-weighted registration stage establishes an initial
alignment that avoids the visible macroscopic mismatch of the data-driven baselines,
and hierarchical mapping restores design-consistent member continuity. The comparison
supports topology preservation and closer CAD-reference agreement, but it does not
demonstrate direct recovery of the unobserved as-built surface.
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Figure 10. Comparison of point cloud completion results on the main trusses: (a) proposed completion
algorithms; (b) local midpoint interpolation; (c) alpha-shape contour reconstruction; (d) RANSAC
primitive-based completion; (e) FPFH + FGR global registration fusion.

The contributions of the two modules can be interpreted separately within the present
workflow. The CAD-prior segmentation module determines whether the target truss is
isolated from background and adjacent members, as assessed by the extraction comparison
in Figure 9. To isolate the CAD prior in the completion stage, the segmented target cloud
was held fixed and the CAD-derived completion points were removed; registration and
region-growing fusion were then performed using measured-neighborhood information,
while the remaining settings were kept unchanged. This CAD-free completion variant
produced an NCD of 2.37%, an NHD of 2.68%, and an F-Score of 12.41%, compared
with 0.53%, 1.16%, and 20.02%, respectively, for the complete workflow. The comparison
indicates that segmentation provides target isolation, whereas the completion-stage CAD
prior accounts for the principal improvement in design-reference agreement and continuity
across large occlusions. Because the ablation retains CAD-guided segmentation and uses
the CAD model as the metric reference, it isolates the completion prior only and should not
be interpreted as a full factorial ablation of both modules.

To quantify the design-reference consistency while mitigating the scale effect of the
large-span spatial structure, a normalized spatial deviation analysis was conducted using
the CAD model as the evaluation reference. The absolute distance metrics were normalized
against the main truss span (L = 84 m), yielding the normalized Chamfer distance (NCD)
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and normalized Hausdorff distance (NHD). Let Pcop and Pgt denote the completed point
cloud and the CAD reference, respectively.

It should be noted that the CAD model is used both as a completion prior and as the
reference for these metrics. Consequently, NCD, NHD, and F-Score quantify consistency
with the design geometry rather than independent accuracy relative to the unobserved
as-built surface. This shared reference can favor CAD-guided completion and must not be
interpreted as proof that deformation or construction deviation in occluded regions has
been recovered. The available field checks of fitting residuals and visible nodal positions
support scanning and preprocessing accuracy, but they do not provide independent ground
truth for the completed occlusions.

Independent completed-region ground truth was not available in the present cam-
paign, so no independent as-built accuracy claim is made for the occluded regions. A
future controlled-masking assessment will select originally complete measured members
and joints, withhold predefined regions before completion, and compare the reconstructed
points with the withheld measured data using absolute distance summaries, NCD, NHD,
and F-Score. Total-station observations or a denser reference scan will be used where
accessible to provide an additional external check. The NCD and NHD are mathematically
defined as follows:

1 1 1
NCD = - — min ||x —y|, + —— min ||y — x|, | x100%  (24)
L |Pcomp ’ XEPmep Y Pgt 2 |Pgt ’ yengt X€Peomp 2
NHD = 1max sup inf |[x —y||,, sup inf ||y —x|, | x 100% (25)
L xepcgmyepgt Y ¥ yg];;xepcump Y 2

Additionally, the F-Score was evaluated to measure practical completeness under a
stringent 50 mm engineering tolerance threshold d. Based on the precision P(d) and recall
R(d) within this threshold, the F-Score is calculated as their harmonic mean:

2. P(d) - R(d)

F) = 5 r@

(26)

As shown in Table 2, the proposed CAD-prior-guided method has the lowest devi-
ations among the evaluated algorithms. It achieves an NCD of 0.53%, compared with
4.92% for FPFH + FGR. Its NHD is 1.16%; the alpha-shape contour and RANSAC primitive
methods yield 3.52% and 3.11%, respectively. Reversing the normalization by the 84 m
span gives approximate absolute equivalents of 0.445 m for NCD and 0.974 m for NHD.
These span-normalized summary distances are not pointwise tolerance pass rates and must
be interpreted together with the 50 mm F-Score and the non-independent CAD reference.

Beyond spatial deviation, the F-Score measures agreement with the CAD reference
under the 50 mm evaluation tolerance. Traditional algorithms achieve 7.16% to 9.95%,
whereas the proposed method reaches 20.02%, more than doubling the best baseline.
Nevertheless, the absolute value means that strict-tolerance agreement is achieved for
only a limited share of the completed geometry; the majority cannot be assumed to lie
within 50 mm. Accordingly, the adopted 50 mm tolerance and the present F-Score are not
sufficient, by themselves, for downstream deformation monitoring or structural assessment.
The 50 mm value is only a comparative evaluation cutoff; sufficiency for deformation
monitoring depends on whether the measurement uncertainty is appreciably smaller than
the displacement of interest, while structural assessment requires member- and project-
specific acceptance limits. Displacement estimates should therefore be based on measured
points and independent control observations. CAD-imputed points may support topology-
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aware model preparation, visualization, and supplementary inspection planning, but they
should be excluded from quantitative deformation or structural-acceptance judgments
unless independently verified.

5. Discussion

The proposed workflow differs from feature-only segmentation and local interpolation
or primitive-fitting completion approaches because the CAD geometry constrains both
the search space and the reconstructed topology. This constraint explains the closer CAD-
reference consistency and the relative F-Score improvement in the present case. By contrast,
learning-based or data-only frameworks may transfer more readily when a reliable design
model is unavailable and may preserve measured as-built deviations, but they require
representative training data or sufficiently dense observations. Direct numerical ranking
across studies is not appropriate when datasets, missing-region patterns, and tolerance
definitions differ.

The manually labeled subset provides an independent point-level check of the seg-
mentation stage. The pooled precision, recall, F1-score, and IoU are 88.71%, 82.80%, 85.65%,
and 74.91%, respectively. The higher precision than recall is consistent with the conserva-
tive fine screening strategy: it limits interference but can omit valid terminal points near
supports. Because the annotations cover only 12 ROIs from one project, the result should be
interpreted as representative case-study evidence rather than a multi-project benchmark.

A comparable prior-guided pattern is used outside structural point cloud processing
in medical image registration, industrial metrology, and robotics or map alignment: a
nominal model or atlas constrains noisy or incomplete observations. Across these fields,
the common benefit is a smaller search space and stronger structural plausibility, while the
common risk is biased toward the prior when the observed object differs from the reference.
The present workflow follows the same pattern and therefore requires explicit provenance
labels and independent validation.

The engineering value of the result lies primarily in design-consistent topology recov-
ery rather than survey-grade surface reconstruction. The 20.02% E-Score is meaningful as a
relative improvement over the tested baselines, but its modest absolute magnitude limits
the use of completed points for precision assessment. In practice, the output can support
digital-twin model preparation, member-level visualization, scan-quality review, and the
planning of supplementary inspection. For researchers, the study shows how an explicit
engineering prior can reduce the search space and constrain topology; for practitioners
and decision-makers, it also establishes a clear data-provenance rule: measured points and
CAD-imputed points should be labeled separately and assigned different confidence levels.

Accuracy may decrease when the CAD model is missing, outdated, or poorly regis-
tered; when actual member positions, cross-sections, or joint details deviate substantially
from the design; when point density is low or strongly uneven; or when adjacent members
fall within the selected matching and clustering neighborhoods. In these conditions, the
CAD prior can pull the completion toward idealized geometry, region-growing can cross
component boundaries, and filtering can remove legitimate sparse points. Development
and validation are additionally limited by case-specific parameter calibration, the limited
size and single-project scope of the manually labeled segmentation subset, the absence
of completed-region ground truth, and the lack of reproducible stage-wise runtime logs.
Validation on one project and the use of the same CAD model as both completion prior
and metric reference further limit generalizability and introduce potential circularity for
the completion assessment. Independent measurements, expanded segmentation anno-
tations, controlled-masking, additional structural types, complete runtime reporting, and
quantitative parameter studies are required before deformation-sensitive assessment.
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6. Conclusions

This study aimed to determine whether a CAD-prior-guided workflow can improve
target-truss isolation and design-consistent completion for field-scale point clouds affected
by clutter and severe occlusion. The results support the working hypothesis with respect
to CAD-reference consistency and structural topology preservation, while they do not
validate recovery of unobserved as-built deformation. Based on the field application at the
Zhongyuan International Convention and Exhibition Center, the main conclusions are as
follows:

(1) The semantic segmentation workflow combines voxel spatial indexing with two-
stage neighborhood matching to isolate the target main trusses from large mobile-scan
datasets. On the manually labeled representative subset, the method achieves a precision
of 88.71%, recall of 82.80%, F1-score of 85.65%, and IoU of 74.91%. These results provide
quantitative evidence for the segmentation stage, while the lower recall near truss ends
indicates that terminal regions adjacent to supports require further refinement and broader
validation.

(2) Missing regions at member intersections and shadowed areas are completed us-
ing distance-weighted ICP registration and region-growing fusion. The CAD constraint
preserves design-consistent topology relative to the tested baselines, but completed points
remain CAD-derived imputations rather than direct observations of the hidden as-built
surface.

(3) Relative to the CAD reference, the reconstructed spatial models achieve an NCD of
0.53% and an NHD of 1.16%. Under the 50 mm tolerance, the F-Score is 20.02%, more than
twice the best baseline; however, this modest absolute value shows that strict-tolerance
agreement remains limited. The result supports the method’s relative advantage for design-
consistent topology completion but does not establish survey-grade recovery of occluded
as-built geometry.

Limitations and future work: The validation is based on one project, one CAD source,
and one scanning campaign. The segmentation metrics are derived from 12 manually la-
beled ROIs rather than a comprehensive multi-project benchmark. Because the CAD model
supplies both the completion prior and the completion metric reference, the completion
scores assess design consistency rather than independent ground-truth accuracy. Although
Section 3 now separates verified values from a reconstructed completion configuration,
original numerical records for the adaptive density coefficient, the optional maximum-point
cap, the measured high-density-zone cutoff, radius-filter settings, and stage-wise runtime
remain unavailable. The reconstructed DBSCAN, ICP, region-growing, and completion-
stage SOR values therefore require confirmation against any subsequently recovered code
or project notes. Future work should expand manual segmentation labels to independent
structures, scanning conditions, and annotators; use total-station measurements, denser
scans, or controlled-masking for completion validation; and report full factorial module
ablation, parameter sensitivity, and runtime under fixed hardware.

Overall, the contribution of this work is a field-oriented integration of CAD-
constrained spatial indexing, target-truss isolation, distance-weighted registration, and
topology-aware completion, together with an explicit distinction between design-consistent
imputation and measured as-built geometry. This integration provides a traceable workflow
for model preparation and inspection planning while defining the evidence and validation
required before deformation-sensitive use.
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