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Abstract -
Accurate as-built BIM models are essential for construc-

tion monitoring, Quality Control (QC), and Facilities Man-
agement (FM). However, current Scan-to-BIM workflows
struggle in reconstructing accurate as-built models. This
paper presents the inverse kinematics -based iterative closest
point (ICPIK) method for automated parametric modelling
of deformed elements without manual intervention. Experi-
mental validation across four case studies demonstrates that
the algorithm achieves precise alignment (RMSE < 0.006m)
for deflections up to 22.5°, handles multiple cross-sections
and deformation locations, and maintains accuracy with up
to 25% missing data.
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1 Background
Many studies have shown that the presence of an ac-

curate digital as-built model enables project managers to
identify deviations and adjust schedules as needed during
construction without having to rely on human intervention
[1]. An as-built model also unlocks potential for use in
Facilities Management (FM) and structural health moni-
toring, reducing costs and increasing efficiency [1, 2].Yet,
to this date, the Architecture, Engineering, and Construc-
tion (AEC) industry has had to rely on manual labour to
track the as-built conditions of buildings, lacking the dig-
ital tools necessary for accurate data collection and doc-
umentation [3]. The nature of the inspections carried out
is susceptible to human judgement and error. As a result,
there is a significant lack of reliable and accurate as-built
information in construction projects [4].

The advent of reality capture technologies has signifi-
cantly improved the state of data capture. The most popu-
lar tool used for collecting point cloud data (PCD) of an ex-
isting building or infrastructure asset is laser scanning, al-
though alternative sensing technologies, such as structure-
from-motion photogrammetry and 3D range cameras (e.g.,
the Microsoft Kinect), have also gained popularity [2].

Aside from data capture, Scan-to-BIM and Scan-vs-
BIM software have seen advancements for detecting (as-

designed) 3D BIM model elements in 3D point clouds,
quantifying deviations, and creating BIM models from 3D
point clouds [5].

Scan-to-BIM is the process of generating a Building In-
formation Model (BIM) from point cloud data, typically
obtained via laser scanning. It is currently the most widely
used method to create as-built models. However, it relies
on object recognition algorithms and necessitates manual
interpretation [6]. Most Scan-to-BIM workflows rely on
fitting idealised geometric primitives, which means that
deformed components, such as a bent column or pipe,
may be inaccurately reconstructed as perfect geometries.
As a result, manual intervention is frequently required to
interpret data correctly and capture deviations from the
original design, a process that is far from fully automated
according to the review by Son et al. [6]. At the core of
Scan-vs-BIM processes is the registration of the captured
data (typically point clouds) in the coordinate system of
the project BIM model. This enables Scan-vs-BIM algo-
rithms to automatically search for component matches in
the vicinity of their designed locations and, if matches are
found, to calculate deviations and make further inferences.

Scan-vs-BIM is the process used to match as-built data
with as-designed models by using object detection and
recognition. It is primarily used to compare a 3D as-built
point cloud (typically generated from laser scanning) with
a design BIM model to identify deviations [7]. fig. 1 sum-
marizes a data processing workflow by Bosché et al. [1]
for information management that integrates Scan-vs-BIM
and Scan-to-BIM. But, most research on this topic stops at
identifying the recognition, identification, and deviation
of as-built conditions from as-planned conditions, lacking
capability to generate the final as-built BIM model.

Among the available registration methods (which in-
clude traditional robust project survey point-based meth-
ods), optimisation-based methods are widely adopted, as
rigorous mathematical theories can guarantee their conver-
gence, they require no training data, and generalise well
to unknown scenes [8]. Optimisation-based registration
methods can be characterized into global, coarse, and fine
registration. Coarse registration provides rough, approxi-
mate alignment as a computationally efficient initialization
step. Fine registration refines an already roughly aligned
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Figure 1. Data processing system for life-cycle BIM model dimensional information management (reproduced
with permission from [1]

dataset to achieve precise alignment, but can fail if the ini-
tial alignment is poor. Global registration aims to achieve
precision registration without initialisation, and is gener-
ally achieved by using coarse registration first, followed by
fine registration for optimal results [8].

3D registration methods can also be categorized into
rigid, non-rigid, and semi-rigid types [9]. Each industry
adopts the registration approach that best aligns with the
characteristics of the objects being registered. For ex-
ample, in medical imaging, non-rigid registration is often
used because as it allows for deformation, which is essen-
tial for accurately modelling objects that undergo continu-
ous shape changes, such as soft tissues [10]. On the other
hand, the AEC industry typically relies on rigid registra-
tion, which aims to align point clouds through translation
and rotation only, without altering the object’s shape [8].
Semi-rigid registration offers a balance between rigid and
non-rigid registration and is also known by various aliases,
such as ’articulated registration’. It is mainly used in the
field of robotics and motion tracking [11][9].

In the AEC, although rigid registration methods are
effective for aligning scenes for scan-vs-BIM and to sub-
sequently find the as-built pose of each objects, they may
be inadequate for finding the as-built pose of some objects.
This is because some objects can have deformations, which
rigid methods cannot capture. Semi-rigid and non-rigid
registration methods could potentially be implemented to
fill this gap, but have yet to be explored in this context.

Many objects in construction scenes are linear elements,
all of which can be subject to deformations (principally
along their main axis). Therefore, accurately modelling
the as-built pose of linear objects subject to such deforma-
tion is important and could be achieved using semi-rigid
fine registration methods, in particular.

1.1 Contribution

This work aims to enhance the practice of as-built BIM
modelling by implementing a semi-rigid fine registration
algorithm within a Scan-vs-BIM framework, to automati-
cally produce accurate parametric models of linear objects
subject to geometric deformations. The study focuses only

on the deformation of the extrusion path of a linear object;
surface deformations are outside the scope.

Being able to produce as-built models that more cor-
rectly capture such deformations would directly support
the following uses:

• Enhancing structural health monitoring, helping en-
gineers assess safety and serviceability with im-
proved precision.

• Improving dimensional quality control during con-
struction by enabling the detection and quantification
of deviations in shape, not just position, thus facili-
tating early corrective actions and reducing rework.

• Facilitating digital documentation of historical or
ageing infrastructure, where deformation is often
present, supporting preservation, retrofit, and restora-
tion efforts through accurate digital replicas.

2 3D Fine Registration Methods
2.1 Iterative Closest point Algorithm (ICP)

The Iterative Closest Point Algorithm (ICP) is the most
popular rigid fine registration algorithm, introduced by
Besl and McKay [12]. It is also widely used in articulated
registration and non-rigid workflows [9].

Point-to-point ICP revolutionised 3D shape registration
at its time by iteratively establishing point correspondences
and calculating rigid transformations to minimise mean
squared errors. While efficient and independent of shape
representation, it must be noted that ICP’s reliance on
accurate initial alignment limits its robustness, as poor
estimates can lead to local optima or failure to converge
[12, 9]. Point-to-plane ICP is a variant of the ICP algo-
rithm that aligns point clouds by minimising the distance
between points in one cloud and the planes defined by the
normals of points in the other cloud [13]. To address is-
sues in vanilla point-to-point and point-to-plane ICP, He
et al. [14] introduced the Geometric Feature-based ICP
(GFICP), which incorporates geometric features such as
curvature and surface normals to enhance accuracy and
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speed. However, GF-ICP is sensitive to feature extrac-
tion errors in noisy environments, and surface normals
computed must be accurate to prevent incorrect matches.

2.2 Non-Rigid Fine Registration

Non-rigid registration methods allow for more flexibil-
ity by enabling the deformation of point clouds to achieve
alignment. They often employ sophisticated algorithms,
such as Coherent Point Drift (CPD) [15] and Gaussian
Mixture Models (GMM) [9], to handle the complexities
of deformable shapes. Ge [16] proposed a method lever-
aging geodesic distances and the 4-Point Congruent Sets
(4PCS) algorithm integrated with RANSAC, enabling ro-
bust alignment of deformed objects while preserving in-
trinsic surface properties. Similarly, Amberg et al. [17]
extended ICP with locally affine transformations, effec-
tively aligning flexible, non-rigid objects like human faces
by ensuring smooth transitions across regions. How-
ever, these methods can be computationally intensive and
cannot deal with large volume points, the case in AEC
applications[10]. Also, they rely on distinctive points that
must be matched in two sets of data. In the case of column,
no such point really exists.

2.3 Semi-Rigid Fine Registration

Semi-rigid or ’articulated’ registration methods repre-
sent an intermediary approach that deals with articulated
chains or bodies of rigid segments. Lin et al. [11] presents
one of the few semi-rigid registration methods in the AEC
industry for aligning 3D point clouds when rigid objects
in the target scene have undergone positional or rotational
changes from the source scene. The method starts by
breaking down point clouds into rigid segments. It then
determines segment correspondences between two point
clouds using energy minimisation solved with integer pro-
gramming, which establishes an initial rigid transforma-
tion for the entire point clouds. Finally, the rigid transfor-
mation for each pair of matching segments is calculated.
This method effectively works, for aligning entire scenes
in a Scan-vs-BIM context where items are misplaced or
misaligned. However, it does not attempt to reconstruct
as-built poses of individual objects.

A comprehensive survey on rigid to non-rigid regis-
tration methods by Tam et al. [9] reveals that, although
significant advancements have been made, most of these
advancements are in the fields of real-time hand tracking,
post-estimation, and medical imaging, without any signif-
icant work associated to the AEC sector.

Within the array of articulated registration methods,
Fleishman et al. [18] introduces a robust articulated ICP
algorithm for matching a kinematic model of an articu-
lated body to a point cloud for real-time hand tracking.

The algorithm determines the joint transformation to align
an articulated hand model to captured point clouds of dif-
ferent hand poses in real time, using an Inverse Kinematics
(IK) approach and leveraging the iterative nature of ICP.
Tests were performed using depth sensors and the perfor-
mance of the algorithm was comparable to state-of-the-art
methods, with failures occurring due to erroneous corre-
spondences made or inaccuracies in the hand modelling.
Tam et al. [9] predicted such failures, claiming that articu-
lated registration requires more reliable correspondences
to be found, which is a challenging task. Nonetheless, the
method proposed by Fleishman et al. [18] shows signifi-
cant potential in applications within the AEC industry.

3 Method
A computational method is implemented for the as-built

modelling of linear BIM elements in the AEC industry,
based on the ICPIK algorithm introduced by Fleishman
et al. [18] for hand tracking. The ICPIK approach was tai-
lored for AEC applications by creating a kinematic mod-
elling algorithm, implementing weighting mechanisms,
and specifying constraints for structural elements based
on their realistic behaviour. fig. 2 illustrates the ICPIK
algorithm implementation workflow.

Figure 2. ICPIK Workflow

3.1 Kinematic Modelling of a Linear Object

To apply the ICPIK method, a linear element is modelled
as an articulated chain of jointed segments that are then
rotated to align with the deformed point cloud. Multiple
segments form the object, connected via rotational joints
with three degrees of freedom (X, Y, Z). Each segment
maintains its world-space position and a local rotation rel-
ative to its parent, forming a parent-child hierarchy where
movement of one segment affects its children. Accurate
computation of the direction vector is essential for updat-
ing segment positions and generating 3D geometry. Each
segment’s local rotation is represented by three angles (x,
y, z) in radians, used to construct rotation matrices 𝑅𝑥 , 𝑅𝑦 ,
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𝑅𝑧 , which are combined as local orientation 𝑅 = 𝑅𝑧𝑅𝑦𝑅𝑥 .
The world orientation is obtained by multiplying the par-
ent’s orientation by the local orientation, and the direction
vector is calculated by applying the world orientation to a
unit Z-axis vector.

The dependent relationships between segments ensure
transformations propagate correctly through the kinematic
chain. When a parent rotates, its children maintain local
orientations while moving and rotating in world space,
preserving connectivity and allowing realistic deforma-
tions. This kinematic model forms the basis for the in-
verse kinematics-based registration algorithm (ICPIK) de-
scribed in section 3.3.

3.2 Correspondence Finding: Point-to-Point ICP

Correspondence finding is performed using the ICP al-
gorithm. Point-to-Point matching is chosen for its lower
computational cost and suitability for simple, symmetric
objects. To improve the quality of the matches, a distance
threshold limits potential point pairs, reducing incorrect
matches. Inverse distance weighting emphasises closer
points with non-linear scaling, and segment-based weight-
ing prioritises segments with more correspondences.

The ICPIK algorithm employs two-level convergence.
At the inner level, Open3D’s ICP terminates when rela-
tive changes in fitness score and RMSE both fall below
1e-6. At the outer level, the main optimisation loop termi-
nates when the maximum distance between correspond-
ing points falls below 0.001m, or after 100 iterations. An
adaptive distance threshold for correspondence matching
is initialized at 0.3m and gradually decreases with iteration
count, tightening matching criteria as the model converges
toward the target geometry.

3.3 Inverse Kinematics Optimisation

The inverse kinematics optimisation represents the core
solution to the problem. Once correspondences between
the kinematic model and the simulated point cloud are
established, the algorithm employs a damped least squares
method to determine optimal joint angles that minimise the
distance between the closest corresponding points [18].

The Inverse kinematics problem is stated as eq. (1),
finding values for the joint rotations, 𝜽 , such that:

𝜽 = arg min
𝜽

∥t − s(𝜽)∥2 (1)

where 𝒔(𝜽) are the positions of source points on the kine-
matic model as a function of the joint angle, 𝜽 , and 𝒕 are the
corresponding target points on the deformed point cloud.
Unlike traditional IK formulations where a fixed set of end-
effectors (eg:fingertips) are predefined, this method treats

all correspondence points as optimisation targets. This ap-
proach is more suitable for linear structural elements since
they dont have specific control points.

The problem can be solved by computing the Jacobian
(eq. (2)) to linearly approximate the function.

𝑱(𝜽) =

(
𝜕𝑠𝑖

𝜕𝜃 𝑗

)
(2)

The entries of the Jacobian matrix 𝑱(𝜽), are calculated
using eq. (3). For each correspondence between a source
point 𝑠 and a target point 𝑡, the influence of a segment’s ro-
tation is captured using the cross product of the segment’s
rotation and the difference between the source points being
handled at that iteration and their respective joint:

𝜕𝑠𝑖

𝜕𝜃 𝑗

= v 𝑗 × (si − p 𝑗 ) (3)

where v 𝑗 is the rotation in world coordinates for joint 𝑗 ,
and p 𝑗 is position of the joint, 𝑗 , and s𝑖 represents the
current position of source point 𝑖

The Jacobian matrix 𝐽 and error vector 𝑒 are assembled
from the matched point pairs, and the optimal change in
joint angles Δ𝜽 is computed by solving eq. (4):

(𝐽⊤𝐽 + 𝜆𝐼 + 𝐶 +𝑄)Δ𝜽 = 𝐽⊤e (4)
where 𝐽⊤𝐽 is:

𝐽𝑇 𝐽 =

𝑚∑︁
𝑖=0

𝜕𝑠𝑖

𝜕𝜃 𝑗

(5)

and 𝐽⊤𝑒 is:

𝐽𝑇e =

𝑚∑︁
𝑖=0

𝜕𝑠𝑖

𝜕𝜃 𝑗

· (𝑡𝑖 − 𝑠𝑖). (6)

𝜆𝐼 is a damping term that ensures numerical stability
and prevents overshooting, 𝐶 is a directional constraint
matrix that favours natural bending along the dominant
deformation axis while penalising motion in orthogonal
directions, and𝑄 is a continuity matrix that penalises sharp
changes in rotation between neighbouring segments.

The algorithm incorporates additional mechanisms to
improve performance. Weighted point correspondences
assign higher importance to more reliable points, while
segment prioritisation gives greater influence in the Jaco-
bian to segments with more active correspondences. Joint
angle limits constrain segment rotations to prevent un-
realistic deformations, and adaptive damping adjusts the
damping factor to ensure stability and convergence.

4 Experimental Validation
This method is implemented in Python using Open3D,

PythonOCC, and NumPy. The following sections will
outline features designed for experimental validation, the
evaluation criteria, experimental set up, and discussion.
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4.1 Point Cloud Simulation

To evaluate the method, a function was created for sim-
ulating realistic point clouds of the deformed kinematic
models. It calculates the number of points to allocate to
each segment by dividing the total number of points in the
simulated point cloud (a user-defined parameter) by the
number of segments in the model (also a user-defined pa-
rameter). Reproducible results are ensured by initialising
the random number generator with a fixed seed.

Different cross-section handling is implemented for
generating point clouds from the kinematic model. For
example, in circular cross-sections, the radius is extracted
from the segment’s size property, and points are distributed
on the cylinder surface using a grid approach along theta
(circumference) and z (length) coordinates. Small random
perturbations (i.e. noise) are added to avoid perfectly reg-
ular patterns, and a parameter is included allowing the user
to exclude faces in order to simulate occlusions. Figure 3
shows an example of simulated point cloud.

Figure 3. Simulated Complete Point Cloud: Circular
cross-section and 10000 total points

4.2 Evaluation Criteria

The effectiveness of registration methods in as-built
modelling is typically evaluated based on accuracy, com-
putational efficiency, and robustness to occlusions. For
articulated registration method, we recommend evaluat-
ing capacity at handling different degrees of deforma-
tion,locations of the deformation, and cross-sections.

Accuracy is commonly measured using the Root Mean
Square Error (RMSE) between the registered and target
point clouds. This quantitative metric is complemented
by qualitative visual inspection to reveal alignment issues
not fully captured by RMSE alone. For articulated models
specifically, the Euclidean distance between correspond-
ing nodes in the kinematic chain can also be computed
to assess alignment at discrete points along the linear ele-
ment, identifying which segments are better aligned.

In this paper, the ICPIK algorithm is evaluated against
these criteria using simulated point clouds with controlled
deformations, allowing for precise measurement of perfor-
mance under various conditions.

4.3 Experimental Setup

Four case studies are considered to evaluate the perfor-
mance of the ICPIK algorithm. They include:

• Case Study 1: To evaluate ability to handle different
degrees of deformation. Conducted with a 0.1 x 0.3m
beam cantilever with a rectangular cross-section.

• Case Study 2: To evaluate ability to handle deforma-
tions at different locations. Conducted with a circular
column with a 0.15m radius, fixed at one end.

• Case Study 3: To evaluate ability to handle different
cross-sections. Conducted with circular, box, and
H-section columns.

• Case Study 4: To evaluate ability to handle different
levels of PCD completeness. Conducted with the
same beam as Case Study 1, with missing PCD from
(1) one side parallel to the deformation axis, (2) one
side perpendicular to the deformation axis, and (3)
jointly two sides perpendicular and parallel to the
deformation axis.

Eleven experiments are conducted using the four case
studies. table 1 summarises details of each test. All exper-
iments employ kinematic models with linear elements of
2.5m in length, decomposed into 10 segments with each
segment having a 0.25 m length and apply deformations
beyond realistic deflections to test the limits of the ICPIK.

Table 1. Overview of Experimental Tests
Case Study Test Description

1 a 9° rotation at seg. 8 (small)
b 22.5° rotation at seg. 8 (moderate)
c 45° rotation at seg. 8 (large)

2 a 9° rotation at seg. 8 (top)
b 9° rotation at seg. 4 (mid)

3 a Circular (0.15m & 0.2m)
b Box (0.35m × 0.35m)
c H-section

4 a Missing side parallel
b Missing side perpendicular
c Two missing sides (50%)

4.4 Results and Discussion

The experimental results are summarised in fig. 4 for
visual evaluation, in fig. 5 reporting the RMSE, and in
fig. 6 reporting the final error between segment nodes.

Case Study 1 (fig. 4a) reveals that the algorithm’s suc-
cess is highly dependent on deformation magnitude. De-
flections below 22.5°achieved excellent alignment with
RMSE values below 0.006m, while deformations at 45°
resulted in complete failure. This limitation stems from
the point-to-point ICP correspondence finding step, which
struggles when source and target points are initially far
apart [12]. For structural BIM elements operating within
serviceability limits, this threshold is adequate. However,
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(a) Case Study 1 (b) Case Study 2

(c) Case study 3 (d) Case Study 4

Figure 4. 3D visual of original (white), ground truth
(blue), and ICPIK result (green)

for applications involving non-structural elements (e.g.,
MEP components) that may experience larger deforma-
tions, alternative correspondence methods such as GFICP
should be explored.

Case Study 2 (fig. 4b) confirms that deformation lo-
cation does not significantly impact the algorithm’s suc-
cess for cantilevers, with both tip and midpoint deflec-
tions achieving comparable accuracy. The observed dif-
ference in RMSE convergence patterns simply reflects
better initial conditions rather than fundamental perfor-
mance differences. However, this experiment is limited
to elements with one fixed end, and the lack of tests on
doubly-constrained elements represents a gap that should
be addressed in future work.

Case Study 3 (fig. 4c) reveals superior performance for
circular cross-sections. Circular sections converges 20-
40 iterations earlier than rectangular, box, or H-sections
and achieved lower final RMSE values (0.004-0.005m
vs 0.006-0.009m). This is likely because point-to-point
ICP lacks directional information, making it suboptimal
for geometries with multiple orthogonal planes. When
matching points on planar surfaces, the algorithm cannot
leverage surface normal information, increasing the like-
lihood of erroneous correspondences. Since the weight-
ing mechanism prioritises high-quality correspondences,
planar cross-sections received fewer heavily weighted
matches, affecting overall accuracy. Future work should
explore point-to-plane ICP with surface normal computa-
tion, which could significantly improve performance for
non-circular sections. In terms of overall performance,
point-to-plane converges faster than point-to-point. While
it has a slightly higher computational cost per iteration
due to calculating surface normals, the fewer total itera-
tions required lead to overall faster registration. Thus, it

(a) Case Study 1

(b) Case Study 2

(c) Case Study 3

(d) Case Study 4

Figure 5. Root Mean square Error (RMSE) at Each
Iteration

would increase the overall speed and accuracy for planar
sections, but could reduce accuracy due to the sensitivity
of the surface normal computation to noise.

Case Study 4 (fig. 4d) demonstrates that the algorithm
maintains reasonable accuracy when up to 25% of the
point cloud is missing, with tip deviations remaining be-
low 0.05m. Interestingly, removing the side perpendicular
to deformation results in marginally larger errors (0.048m)
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(a) Case Study 1

(b) Case Study 2

(c) Case Study 3

(d) Case Study 4

Figure 6. Euclidean Distance Between Nodes in
Ground Truth and ICPIK Result

than removing the parallel side (0.015m), despite the par-
allel side having greater surface area. This suggests that
geometric information perpendicular to the deformation
axis plays a more critical role in constraining the solution
space. However, when 50% of the point cloud is missing,
the algorithm fails completely, bending toward incorrect
axes with deviations exceeding 0.3m. This failure high-
lights two issues: insufficient bending direction constraints
in the kinematic model and the importance of adequate cor-
respondence coverage. Preprocessing techniques should

be explored to improve robustness in occluded scenarios.
Across all experiments, 82% of tests (9 out of 11)

achieve successful alignment despite the fact that the
applied deformations are beyond realistic deflections,
demonstrating the algorithm’s practical viability for as-
built modelling within its operational envelope. The con-
vergence patterns observed—rapid initial improvement,
brief plateau, then gradual refinement—reflect the algo-
rithm’s structure, where adjustments propagate through
the kinematic chain. For typical structural monitoring ap-
plications where deflections remain well below the 45°
threshold, the ICPIK method provides an effective au-
tomated solution that eliminates the manual intervention
required by traditional Scan-to-BIM workflows.

While the simulations incorporate random perturbations
to approximate noise, captured PCDs present considerably
more complex characteristics, such as spatially uneven
density and mixed noise. These factors could affect perfor-
mance at two key stages. First, uneven point density would
introduce bias into the segment-based weighting mecha-
nism, causing the Jacobian matrix to over-represent well-
sampled regions of the element while under-constraining
sparsely scanned segments, potentially skewing the com-
puted joint angle updates and degrading alignment ac-
curacy. Second, real noise differs fundamentally from
random Gaussian perturbations and could corrupt the
correspondence-finding step, producing erroneous point
pairs that propagate through the IK optimisation. To ad-
dress these challenges, future work should evaluate the
algorithm on captured PCD, and investigate preprocess-
ing strategies such as statistical outlier removal.

5 Conclusions
This paper presented the ICPIK algorithm for automated

as-built modelling of deformed linear structural elements
from 3D point clouds. The method integrates kinematic
modelling, the ICP algorithm, and Inverse Kinematics-
based optimisation to create parametric models that accu-
rately reflect existing geometric deformations.

The algorithm demonstrated robust performance across
multiple stress-testing scenarios. For deflections un-
der 45°, ICPIK achieved precise alignment. Align-
ment was achieved for circular, rectangular and H cross-
sections, with better performance achieved for circular
cross-sections requiring 40-60 iterations compared to 80+
iterations for the other two. The method successfully han-
dled point clouds with up to 25% missing data when oc-
clusion occurred on a single face, though performance
degraded significantly with 50% data loss.

The ICPIK method addresses a critical gap in existing
Scan-to-BIM and Scan-vs-BIM workflows by enabling au-
tomated parametric modelling of deformed elements with-
out manual intervention. This capability has immediate
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applications in structural health monitoring, digital twin
development, and facility management where accurate as-
built documentation is essential. Current limitations in-
clude the assumption of rigid segments without material
(surface) deformation and reliance on point-to-point ICP
for correspondence finding. Future work should (1) incor-
porate point-to-plane ICP for improved correspondence
matching, (2) extend the framework to account for surface
deformations, (3) extend validation on real-world captured
point clouds. The potential extension to MEP components,
particularly deformed piping systems, represents a promis-
ing direction given their frequent deformation and current
reliance on manual inspection processes.
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