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Abstract

Reliable geometric verification is essential in the construction industry, particularly for large-scale maritime infrastructures where
deviations can critically affect functionality and safety. The emerging Scan-vs-BIM approach enables automated quality assessment
by comparing as-built point clouds with as-designed BIM models. It allows evaluation of the entire structure, rather than just
specific points, but relies heavily on accurate spatial registration. This paper presents an evaluation of several Iterative Closest Point
(ICP) variants for fine registration within a Scan-vs-BIM framework dedicated to construction tolerance verification. Three ICP
variants are compared in terms of convergence behavior, robustness to noise, and stability using synthetic point clouds derived from
maritime structures. The methods are then tested on real datasets, each acquired under different conditions, leading to varying data
quality. Based on the results, a hybrid method is proposed to improve registration reliability. The results show that the proposed
approach improves the inlier rate by 8–9 % while reducing the mean deviation by approximately 1 cm on the noisiest datasets,
compared to the classical point-to-plane ICP.

1. Introduction

Errors in the construction domain have a significant impact on
project costs, emphasizing the crucial need for reliable qual-
ity control. Traditional verification methods mainly focus on
checking characteristic points of a structure, making them time-
consuming and error-prone. As a result, they often overlook
local deformations and cannot fully represent the actual struc-
tural condition. Recent technological advances, such as ter-
restrial, mobile laser scanning (TLS, MLS) and unmanned aer-
ial systems (UAS), now enable the efficient acquisition of high-
density geometric data with improved accuracy. Concurrently,
Building Information Modeling (BIM) has become a key com-
ponent of modern construction workflows, integrating geomet-
ric and semantic information within a shared digital model
throughout the infrastructure lifecycle. The use of BIM facil-
itates collaboration among stakeholders by providing a shared,
information-rich model throughout the infrastructure lifecycle.
Compared to point clouds, BIM models offer structured data
that can be exploited for control, verification, and monitoring
during all project phases, from construction to operation and
demolition. The comparison of laser scanning point clouds and
BIM, known as Scan-vs-BIM, offers new opportunities for auto-
mated quality assessment and tolerance verification. Such com-
parisons enable the computation of point-to-model deviations,
which can be exploited directly or to reconstruct building ele-
ments and to evaluate their dimensions, as well as to detect
their presence or absence (Bosché et al., 2015) (Stilla and Xu,
2023). However, ensuring accurate spatial registration between
as-built point clouds and as-designed BIM models remains a
major challenge. The alignment accuracy directly affects the
reliability of the resulting deviation analyses. Registration is
generally the dominant contributor to the total measurement er-
ror, as any misalignment propagates directly to all subsequent
deviation analyses. This step can be divided into coarse and
fine registration. The former provides a rough alignment of the

point cloud, independently of its initial position, while the latter
refines this alignment by precisely adjusting the point cloud to
a reference. Fine registration typically requires a good initial
approximation to perform effectively. Consequently, achiev-
ing accurate registration is a critical step in the measurement
chain. In practice, this task becomes increasingly challenging
when dealing with large-scale point clouds containing millions
of points, as registration can become computationally expens-
ive. Additional difficulties arise when the object geometry is
weakly constrained or when the point cloud is affected by signi-
ficant measurement noise and outliers, which can degrade con-
vergence and bias the registration results. Among existing fine
registration methods, the Iterative Closest Point (ICP) algorithm
and its variants are widely used, yet their performance depends
strongly on the point cloud quality (noise, density, occlusions,
initial pose) and the geometry of the scene. This paper presents
an evaluation of ICP variants for construction tolerance verific-
ation of maritime infrastructures. In this study, both the point
cloud and the BIM model are georeferenced within the same
coordinate reference system (coarse registration), and only fine
registration is subsequently studied. Section 2 introduces the
need for fine registration in the context of tolerance verification.
Section 3 presents the ICP algorithm and the selected variants
considered in this study. Section 4 describes the experimental
setup and evaluates the performance and behavior of the differ-
ent variants on synthetic datasets. Section 5 proposes a hybrid
approach combining the strengths of the most effective meth-
ods. Finally, Section 6 evaluates the performance of both the
variants and the proposed method on real datasets.

2. Registration assessment for internal error
determination

Tolerance verification in construction is commonly defined
within national or international regulatory frameworks. In this
study, the French decree of September 16th, 2003 (Ministère de
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l’Équipement, 2003) is used as a reference, as it provides ex-
plicit tolerance thresholds applicable to construction elements.
While it does not explicitly address the Scan-vs-BIM process,
similar principles are found in international standards such as
ISO 19157, which define general frameworks for assessing
the quality of geospatial data (Ariza-López et al., 2022). To
ensure compliance with prescribed tolerances, deviations are
computed between the as-built point cloud and the as-designed
BIM model. Tolerances define acceptance thresholds, whereas
measurement standard deviation characterizes the dispersion of
repeated measurements and contributes to uncertainty estima-
tion. Compliance is assessed by comparing the deviations to the
tolerance thresholds, considering different confidence levels.
The deviations between the point cloud and the BIM model can
be decomposed into three main sources of error: internal error,
legal reference network error, and georeferencing error. The lat-
ter two are related to external referencing processes and do not
depend on the intrinsic quality of the point cloud. Therefore,
this study focuses exclusively on the internal error, which re-
flects the intrinsic quality of the point cloud and includes effects
related to sensor precision, data acquisition, and internal con-
sistency after registration. It is evaluated by analyzing the de-
viations between the point cloud and the BIM model within an
independent local coordinate system (Akca et al., 2010), after
applying an optimal rigid transformation. This transformation
corresponds to the registration step, where the ICP algorithm
minimizes residual distances between corresponding points. As
the internal error is assessed after registration, accurate regis-
tration is essential to avoid biasing the analysis. The selected
ICP variants represent commonly used approaches for fine re-
gistration in industrial inspection workflows, assuming an ap-
proximate initial alignment. Global registration methods ad-
dressing coarse alignment, such as TEASER++ or KissMatcher,
are therefore outside the scope of this study, as the datasets are
already georeferenced.

3. ICP algorithm and variants selected for the study

The original variants of the ICP algorithm (Alg. 1) were in-
troduced by (Besl and McKay, 1992) and (Chen and Medi-
oni, 1992). Although both follow the same general principle,
they differ in the error metric being minimized. The formula-
tions are commonly referred to as point-to-point and point-to-
plane, respectively. Since then, numerous variants have been
proposed to improve robustness, accuracy and convergence be-
havior. In this study, three ICP variants were selected based
on related work. The point-to-plane formulation is known to
provide faster and more reliable convergence than the point-to-
point version (Rusinkiewicz and Levoy, 2001). Moreover, the
reference is a BIM model that can be represented as a mesh,
only the point-to-plane family has been considered here. This
formulation serves as the reference baseline for the comparison.
The variants have been selected either for their known robust-
ness to noise or for their ability to operate directly on meshes.
The three selected variants are as follows :

1. Point-to-plane ICP with a Cauchy robust kernel (Babin
et al., 2019). The squared residuals are replaced by a ro-
bust cost function ρ(ri), defined by Eq. 1 and 2.

ECauchy(R, t) =
∑
i

ρ(ri) (1)

ρ(ri) =
c2

2
log

(
1 + (

ri
c
)2
)

(2)

Algorithm 1 Iterative Closest Point (ICP)

Require: Source point cloud P = {pi}Ni=1, target point cloud
Q = {qj}Mj=1, convergence threshold ϵ

Ensure: Estimated rigid transform (R, t) aligning P to Q
1 Initialize transformation (R, t)← (I, 0)
2 Set previous error Eprev ←∞
3 repeat
4 Correspondence: For each point pi ∈ P , find its closest

neighbor qi ∈ Q (using Euclidean distance or projection
along surface normal)

5 Transformation estimation:
Compute the optimal rotation R and translation t min-

imizing the alignment error:

• Point-to-point: minimize
∑

i ∥Rpi + t− qi∥2

• Point-to-plane: minimize
∑

i

(
(Rpi + t− qi) ·ni

)2,
where ni is the normal at qi

The solution is obtained via least squares (e.g., using
SVD or linearization).

6 Apply update: Transform P ← {Rpi + t}
7 Check convergence:

Compute the mean alignment error E and stop when
|Eprev − E| < ϵ.

Set Eprev ← E.
8 until convergence
9 return (R, t)

The associated IRLS (Iteratively Reweighted Least
Squares) weight is given by Eq. 3.

wi =
1

1 +
(
ri
c

)2 (3)

This reduces the influence of points with large residuals.

2. Point-to-plane ICP with an adaptive robust kernel
(ARK-ICP) (Chebrolu et al., 2020). Residuals are minim-
ized using Barron’s generalized robust loss (Barron, 2017),
whose shape parameter αk is adapted at each iteration,
defined by Eq 4.

EARK(R, t, αk) =
∑
i

ρ(ri(R, t), αk, c) (4)

Barron’s robust kernel is given by Eq. 5.

ρ(r, α, c) =
|α− 2|

α

[(
(r/c)2

|α− 2| + 1

)α/2

− 1

]
(5)

The shape parameter αk is updated at each iteration based
on the current residual distribution, typically by max-
imizing the likelihood of the residuals under Barron’s
model. This adaptive scheme allows the loss to smoothly
transition between different robustness regimes (e.g., from
quadratic to heavy-tailed), improving resilience to outliers
during early iterations while retaining accuracy near con-
vergence. Barron’s robust kernel is similar to an earlier
formulation of parametric robust loss functions, called
Smooth Exponential Familly (Tarel et al., 2002), which
already aimed at modeling several classical estimators
such as Cauchy and Geman–McClure.

3. Mesh-based ICP (MICP) (Mock et al., 2024) (Mejia-
Parra et al., 2019). Correspondences are obtained by
closest-point projection onto the mesh via a raycasting ac-
celeration structure, as shown in Eq. 6.
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EMICP(R, t) =
∑
i

(
n⊤
i (Rpi + t−ΠCPC(Rpi + t))

)2

(6)
where ΠCPC denotes the closest-point projection onto the
mesh surface.

4. Evaluation of the variants

To identify the most suitable variant for the Scan-vs-BIM
application, experiments were conducted to evaluate each
method’s convergence basin, robustness to noise and stability.
In this context, robustness refers to an algorithm’s ability to
converge in the presence of noise, outliers, or incomplete data,
whereas stability describes the consistency of the registration
results when applying the same method to identical datasets un-
der identical parameter settings. For the point-to-plane variants,
the BIM model (used as the reference) must be sampled into a
point cloud. It is important to note that the sampling strategy
directly influences the results. If the sampled model contains
too few points, correspondences between the two datasets may
become unreliable. Therefore, it is recommended to sample the
model with a density similar to or higher than that of the points
cloud. Depending on the sampling method (uniform, Poisson,
etc.), computation time may increase significantly. The influ-
ence of the sampling density was evaluated in preliminary ex-
periments and kept consistent across all tests, as it is known to
affect point-to-point distance computations (Lague et al., 2013).
For the MICP variant, the results may be affected by the qual-
ity of the mesh, particularly if it contains holes, distorted faces
or other defects. In the context of Scan-vs-BIM, however, the
mesh used as the reference originates from a BIM model and
can thus be assumed to be of high quality.

4.1 Synthetic datasets

The dataset used for the first tests is synthetic. A retaining wall
without a coping beam made of concrete (Figure 1). This ob-
ject represents a real-world maritime infrastructure element. Its
well-constrained geometry and moderate size make it suitable
for evaluating registration behavior under realistic conditions,
while keeping the computational cost of the experiments reas-
onable. Using the BIM model of the infrastructure, a TLS ac-
quisition was simulated from four stations to generate a point
cloud (Figure 2). The simulation parameters were defined as
follows, an angular resolution of approximately 0.25° horizont-
ally and 0.30° vertically and a Gaussian noise with a standard
deviation of 5 mm. The BIM model used as reference is con-
verted into a point cloud using Poisson disk sampling (Yuksel,
2015).

Figure 1. Infrastructure used for the experiments

Figure 2. Infrastructure transformed into a point cloud (a) Point
cloud created, colored by stations (b) Positions of the stations,

one color per station

4.2 Robustness to the initial pose

Since the initial position of the point cloud is one of the main
limitations of the ICP algorithm, this aspect was evaluated for
each method. The convergence basin of an ICP method corres-
ponds to the range of initial errors (rotation and/or translation)
from which the algorithm is still able to converge toward the
correct solution. A grid of initial transformations was defined,
ranging from 0 to 30 cm for translations and from 0° to 30° for
rotations, with a step of 2 units for each. To determine whether a
method should be considered convergent, several convergence
criteria were defined. Following the recommendations (Li et
al., 2022), the first criterion requires the RMSE (Root Mean
Squared Error) to remain below three times the standard devi-
ation of the applied noise. Additional criteria were introduced
to further ensure convergence: (1) RMSE must be below 1.5
cm; (2) at least 80% of the points must be classified as inliers
(residual < 2 cm); (3) at least 95% of the points must have re-
siduals below 3 cm. Firstly, rotation and translation were ana-
lyzed separately. For each test, an initial transformation was
applied to the source point cloud according to the magnitude
of the rotation or translation. For each step, 20 random dir-
ections were generated to define the transformation direction,
resulting in 20 independent registrations per level. To ensure
a fair comparison between the variants, no rejection threshold
was applied, and an appropriate scale was adopted for the ro-
bust variants. For each method and each grid step, a success
rate was computed as the proportion of tests satisfying all con-
vergence conditions. These experiments (Figures 3 and 4) allow
visualization of the stability domain of each ICP variant. A lar-
ger convergence basin reflects a better ability to recover from
poor initial alignment, which is particularly important in real-
world scenarios where precise initialization cannot be guaran-
teed, even when the datasets are georeferenced. Since real-
world transformations typically involve simultaneous changes
in translation and rotation, convergence was also evaluated us-
ing combined perturbations (Figure 5). For each configuration,
only one trial registration has been performed. Combined with
the separate tests, this analysis reveals which components of
the transformation are more difficult for each ICP variant to
handle. The ARK-ICP variant appears to be more sensitive
to rotational errors, which is consistent with the findings of
Chebrolu et al. (2020). The results highlight the behavior of
the different variants clearly. The limits of the convergence
basin depend strongly on the robust kernel used. In the case
of ARK-ICP, the kernel becomes increasingly aggressive as the
misalignment grows, classifying distant points as outliers and
substantially reducing the convergence basin. With the Cauchy
kernel, this effect is less pronounced, leading to slightly bet-
ter convergence. The non-robust variants exhibit comparatively
large convergence basins, which can be attributed to the absence
of any distance-based rejection threshold typically applied in
practice. It is important to note, however, that these results are
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facilitated by favorable geometry (strong constraints) and suf-
ficient data quality. For more elongated or weakly constrained
geometries, similar performance may not be achieved. Minor
differences can be observed between the separate and combined
experiments. This is due to the evaluation protocol.

Figure 3. Convergence basin for rotational initialization errors,
ICP P2Pl (Classic) and MICP curves are superimposed.

Figure 4. Convergence basin for translational initialization
errors, ICP P2Pl (Classic) and MICP curves are superimposed.

Figure 5. Convergence basin of each ICP variant, MICP covers
the exact same area as ICP P2Pl (Classic).

4.3 Robustness to noise

Noise is unavoidable in real-world data. However, the concept
of noise is not always clearly defined in the literature. In prac-
tice, three different phenomena can be considered as noise, al-
though they have distinct origins and effects. Artefacts, cor-
responding to groups of points located far from the main point
cloud, often result from reflections or sensor errors. Masks and
occlusions can also be regarded as noise since they interfere
with the completeness and quality of the acquired data. Finally,
measurement noise refers to small random deviations intro-
duced by the instrument itself, even when properly calibrated.

Each acquisition device inherently generates a certain level of
noise, and the characteristics of the scanned object can exacer-
bate it. Reflective or transparent materials, such as mirrors or
water surfaces, tend to produce stronger disturbances. These
observations emphasize the importance of data preprocessing
before registration and the necessity to control every step of
the processing pipeline to ensure sufficient data quality. Even
when ICP is applied to a filtered or denoised point cloud, resid-
ual noise can remain and lead to poor alignment results. There-
fore, it is essential that the fine registration method is robust to
noise. In this section, only measurement noise was considered,
occlusions have been considered in section 4.4. In the con-
text of tolerance verification, it is assumed that the point cloud
was acquired in accordance with state-of-the-art recommenda-
tions, ensuring sufficient quality and reducing occlusions. It is
also assumed that the point cloud to be registered was prepro-
cessed to improve its quality, with irrelevant areas and outliers
removed. To quantitatively assess the influence of noise on re-
gistration performance, a dedicated experiment was conducted.
The objective was to evaluate the robustness of each ICP variant
when the source point cloud was affected by increasing levels
of Gaussian noise. Ten noise levels were defined, ranging from
1 cm to 10 cm (standard deviation), distributed logarithmically
to cover both low- and high-noise regimes. For each noise level,
a small fixed transformation (a rotation of 1° and a translation
of 3 cm) was applied to the point cloud. It was chosen to lie
within the convergence basin of all considered variants, while
remaining otherwise arbitrary, thereby enabling a fair compar-
ison and isolating the effect of noise from that of the initial pose.
Each ICP variant was executed on these noisy datasets. After
registration, the estimated transformation (R,t) was compared
to the known ground truth to compute two error metrics : the
rotation error (°) (Figure 6) and the translation error (cm) (Fig-
ure 7). A rejecting threshold has been applied, fixed at 2 cm.
It is commonly used to reduce the computational cost of the
registration, ensuring that the algorithm will not search for cor-
respondences too far away. Moreover, the rejecting threshold
constitutes the sole means by which non-robust variants mitig-
ate the influence of noise. The scale parameter of the Cauchy
kernel and ARK-ICP was set based on the standard deviation
of the applied Gaussian noise, following common practice in
robust estimation (Chebrolu et al., 2020, Babin et al., 2019).

Figure 6. Rotation error as a function of the noise standard
deviation (σ)

The results (Figures 6 and 7) highlight the instability of the
MICP variant and the classic point-to-plane ICP when subjec-
ted to increasing noise levels. Both rotation and translation er-
rors increase proportionally with the noise standard deviation,
indicating a strong sensitivity to measurement perturbations and
a lack of robustness. Conversely, ARK-ICP and Cauchy remain
the most stable and consistent variants across all tested noise
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Figure 7. Translation error as a function of the noise standard
deviation (σ)

levels, yielding nearly identical results. This behavior is ex-
pected, as Gaussian noise perturbs point positions and degrades
correspondence estimation. The Cauchy kernel mitigates the
influence of these mismatches by down-weighting large resid-
uals, leading to improved robustness. Consequently, we ob-
served that ARK-ICP selects a Cauchy kernel in these condi-
tions, leading to similar performance.

4.4 Robustness to occlusions

Even when the point cloud is assumed to have been acquired in
accordance with state-of-the-art recommendations, occlusions
cannot always be avoided. A simulation of occlusions was per-
formed at the scale of the entire structure to assess their im-
pact on registration accuracy. The experiment was conducted
on the BIM model of a boat lift. A model containing large ad-
ditional objects was created to emulate masking effects during
acquisition (Figure 8). Various elements were introduced, such
as crates, floors, scaffolding, containers, and material pallets.
The added elements were incorporated progressively, resulting
in a gradual decrease in the proportion of inliers in the simulated
point cloud. No preprocessing was applied, meaning that points
corresponding to the added objects were retained. The applied
transformation consists of a small translation mainly along the
vertical axis (approximately 8.8 cm) and very small rotations
(below 0.03°). This transformation was derived from the ac-
tual registration between the BIM model and the acquired real
point cloud. The results show that occlusions have a limited
effect on the translation error (Figure 9). Regarding rotation,
no significant impact was observed, as the applied rotational
perturbation was too small to produce measurable differences.
Most variants exhibit an error of approximately one millimeter
for an 8.8 cm translation, which remains acceptable. Even as
the inlier percentage decreases, the error stays within the same
range. However, the classic point-to-plane ICP demonstrates
noticeable instability. This limited influence of occlusions was
expected, since fine registration using ICP can be regarded as
an optimization problem. Occlusions generally have a minor
impact on optimization problem, whereas noise plays a signi-
ficantly more influential role (Lee et al., 2020).

4.5 Stability of the results

As the instability of the classic point-to-plane variant has been
demonstrated, an experiment was carried out to assess the sta-
bility of each ICP variant. Twenty registrations were performed
on the boat lift dataset, using identical parameters (a rejec-
tion threshold of 2 cm and a robust scale of 0.005) and the
same initial transformation applied at section 4.4. For each
registration, the translation error was computed. The stability

Figure 8. Masks simulation : (a) the original BIM model (b) the
modified model (c) the simulated point cloud

Figure 9. Translation error as a function of inliers

test reveals clear differences in the variability of the translation
error across the ICP variants (Figure 10). The classic point-
to-plane method exhibits the largest dispersion, confirming its
sensitivity to small perturbations in the data and its tendency to
converge inconsistently, even under identical conditions. The
Cauchy-based variant shows moderate variability, indicating
improved robustness but still a non-negligible dependence on
local geometry or correspondence selection. ARK-ICP dis-
plays a markedly lower spread, reflecting stable convergence
behavior and reliable optimization steps. Finally, MICP pro-
duces the most consistent results, with no observable variability
across repetitions, demonstrating the determinism of the mesh-
based correspondence strategy and its insensitivity to minor de-
viations in the input data. Overall, the comparison highlights
that robust kernels and mesh-based formulations significantly
improve the repeatability of the registration process compared
with the classic point-to-plane ICP.

Figure 10. Variability of the translation error

4.6 Requirements for the Scan-vs-BIM pipeline

Regarding the data and the overall Scan-vs-BIM workflow, sev-
eral criteria were defined to guide the selection of the most ap-
propriate ICP variant. The specifications require that the Scan-
vs-BIM pipeline must respect five conditions (1) robust to the
initial pose; (2) robust to noise; (3) stable results; (4) no need
to downsample the BIM model; (5) user-friendly configuration
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(minimal parameter tuning). The first three requirements are
straightforward. However, the last two relate to practical con-
siderations that strongly influence the reliability of the regis-
tration. It was decided not to downsample the BIM model in
order to avoid incorrect correspondence selection and to elim-
inate the additional computational cost associated with this pre-
processing step. Inappropriate parameter settings may lead to
suboptimal results, even when a theoretically suitable method
is used. Furthermore, the workflow must remain accessible to
non-expert users, for whom identifying appropriate parameter
values can be challenging. This may even be difficult for ex-
perienced users. The tests revealed both the limitations and the
strengths of the different variants, summarized in the Table 1.
As none of the variant satisfies all the requirements, a hybrid
method is proposed.

Criterion Classic Cauchy ARK-ICP Mesh ICP
Downsampling req. Yes Yes Yes No
Robust to initial pose Yes Medium No Yes
Robust to noise No Yes Yes No
Stability of results No No Medium Yes
Requires settings Yes Yes Yes Yes

Table 1. Comparison of ICP variants according to Scan-vs-BIM
requirements

5. Proposed hybrid method

The proposed approach combines the correspondence strategy
of MICP, based on ray-casting onto the mesh surface, with
the adaptive weighting mechanism of ARK-ICP (Alg. 2).
While both methods individually show strong properties, their
combination raises several theoretical and practical difficulties.
First, the two formulations do not minimize the same type of re-
siduals (Eq. 4 and Eq. 6), as seen at section 3. ARK-ICP oper-
ates on unsigned residual magnitudes, whereas MICP naturally
provides signed point-to-plane distances, whose sign depends
on the local surface normal. A difficulty arises from the geo-
metry of the mesh. During the iterative registration process, the
closest triangle associated with a point may change, resulting
in abrupt variations of the surface normal. These normal flips
induce discontinuous residuals, a residual can move from very
small to very large between two iterations. Such discontinuities
severely disturb the optimization of the kernel and therefore the
robustness weighting. Another incompatibility concerns outlier
rejection. MICP relies on a distance threshold, while ARK-ICP
relies entirely on its weighting strategy and expects all residuals
to be present. Combining the two strategies is possible but not
efficient. When a rejection threshold is applied, the weighting
strategy lacks sufficient residuals to adapt and identify an appro-
priate kernel. As a result, we observed that it tends to converge
toward an L2 kernel, meaning that the weighting effect becomes
negligible. In this configuration, the rejection threshold effect-
ively suppresses the robustness provided by adaptive weight-
ing. For this reason, no rejection threshold or annealing strategy
was applied in this variant. The Hessian matrix associated with
the point-to-plane formulation can also become ill-conditioned,
especially in the presence of many coplanar correspondences,
which is common in infrastructures. A normalization term is
therefore added to stabilize the solver, which improves numer-
ical behavior although it does not fully remove the intrinsic de-
generacy. The normalization term Z(α) (also referred to as a
partition function) ensures proper scaling of the loss and is pre-
computed numerically for a discrete set of α values. To address
the incompatibility between signed MICP residuals and the un-
signed nature required by ARK, the absolute value of the resid-

uals is used for kernel evaluation and weighting. In addition,
at each iteration, the loss is evaluated for all α values in a pre-
defined grid and the α that minimizes the robust loss is selected.
This adaptive mechanism significantly improves stability by al-
lowing the method to adjust to the residual distribution at each
iteration. These adjustments lead to a more stable and func-
tional method, although at the cost of increased computation
time compared to the classic ICP. Runtime optimization has not
been addressed in this work, as several requirements had to be
fulfilled first and computation time was considered secondary.
This remains an avenue for future improvements. One of the
design requirements of the proposed method was to keep the
configuration as user-friendly as possible. Combining MICP
with ARK-ICP introduces one parameter : the kernel scale c.
The challenge is the selection of the kernel scale c which is
known to be difficult. If c is too small, most weights collapse
and the method becomes overly conservative, if c is too large,
the kernel becomes almost quadratic, losing robustness. As ex-
plained by Chebrolu et al. (2020), it is theoretically possible to
estimate the optimal pair (α, c) jointly. However, in practice,
the two parameters are strongly correlated and tend to influence
each other, making the joint optimization unstable. For this
reason, Chebrolu et al. (2020) fixed the value of c before the
optimization and the same choice is adopted in the current hy-
brid method. In theory, c should be chosen equal to the standard
deviation of the noise in the point cloud. In practice, visually
estimating this noise level is extremely difficult. To alleviate
this issue, we propose a simple initialization strategy, before
the first iteration, the distribution of point-to-surface residuals
is analyzed and its empirical dispersion (using the MAD, mean
absolute deviation) is used to compute an approximate value of
c. This initialization does not aim at estimating the true noise
standard deviation accurately, but rather at providing a reason-
able and fully automatic scale parameter that improves the ro-
bustness and usability of the method. It should be noted that
the estimation of c is only meaningful when the point cloud has
been preprocessed so that non-relevant structures are removed.
Points belonging to objects that are not present in the model
would generate large residuals that do not correspond to sensor
noise and would therefore strongly bias the scale estimation.
Similarly, the estimation of c assumes that the initial pose is
reasonably good. If the point cloud is located far from the mesh
due to georeferencing errors or incorrect initialization (superior
to 30 cm), the residual distribution will be dominated by a large
global offset and the estimated c will be meaningless. In such
cases, we recommend performing a coarse alignment first, for
instance using RANSAC-based global registration, to obtain a
sensible initial pose before applying the proposed method.

6. Tests on real data

To evaluate the performance of the tested variants under real-
istic conditions, four BIM/point-cloud pairs were selected, cov-
ering a wide range of geometries, scales, acquisition devices
and noise levels (Table 2). For each dataset, five variants were
compared: ARK-ICP, classic point-to-plane, point-to-plane
with Cauchy kernel, MICP and the proposed hybrid method.
Two indicators related to the registration process were com-
puted : the overall RMSE (reported for completeness but not
used for ranking due to fundamental differences in outlier hand-
ling between methods) and the percentage of inliers (points
within the 2 cm tolerance). Four post-registration geometric
deviation statistics were also computed : mean deviation, me-
dian deviation, standard deviation and the 95th percentile. Be-
cause robust-kernel variants retain all correspondences while
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Algorithm 2 Hybrid ARK–MICP (Point-to-Mesh ICP)

Require: Source cloud P = {pi}, target meshM, parameters
Ensure: Estimated rigid motion (R, t)

1 Initialize R← I3, t← 0
2 Build RaycastingScene for M and precompute mesh nor-

mals
3 Precompute lookup table {αk, Z(αk)}
4 Raycast each pi to obtain (qi, ni)
5 Compute signed distances di = n⊤

i (pi − qi)
6 Set robust scale c = median(|di −median(di)|)
7 for k = 1 to Kmax do

Correspondences
8 Transform p

(k)
i = Rpi + t

9 Raycast each p
(k)
i to get (qi, ni) and compute ri =

n⊤
i (p

(k)
i − qi)

Adaptive selection of α
10 for each candidate αk do

L(αk) =

N∑
i=1

ρ(|ri|, αk, c) +N log
(
cZ(αk)

)
11 end for

α⋆ = argmin
αk

L(αk)

Computation of the weights
12 Compute per-residual weights:

wi =
1

|ri|
∂ρ(|ri|, α⋆, c)

∂r

13 Explicit expression:

wi(α
⋆, c) =

1

c2
(
1 +

r2i
c2|α⋆ − 2|

)1−α⋆/2

Linearized point-to-plane update
14 Jacobian: Ji =

[
((Rpi + t)× ni)

⊤ n⊤
i

]
15 Normal equations: H = J⊤WJ, g = J⊤Wr, with

W = diag(wi)
16 Regularize the system: H ← H + λI
17 Solve H δx = −g for δx = (ω, v)

SE(3) update
18 R← exp(ω̂)R, t← exp(ω̂)t+v, where ω̂ denotes the

skew-symmetric matrix associated with ω
Stopping criterion

19 Stop if RMSE or ∥δx∥ is below thresholds or if Kmax is
reached

20 end for
21 return (R, t)

threshold-based methods explicitly reject outliers, the RMSE
values are not directly comparable across families of methods.
RMSE is therefore reported but not used as a decision criterion.
Across all datasets (Tables 3, 4, 5 and 6), the hybrid method
consistently achieves the highest inlier ratios while maintaining
deviation statistics comparable to those of the robust ICP vari-
ants. These results indicate that the proposed approach is well
suited to the Scan-vs-BIM context. It operates reliably across
different geometries and acquisition conditions, remains prac-
tical to configure and delivers alignment quality on par with
state-of-the-art robust methods. This confirms its relevance for
tolerance verification workflows, where maximizing the propor-
tion of well-aligned points is essential.

The real-data experiments reveal several consistent trends.
Robust-kernel variants (Cauchy and ARK-ICP) generally pro-
duce stable deviation statistics, but their inlier ratios remain be-

Site Dimensions (m) Sensor # points
Dam 195 × 10 × 9 MLS 3 356 730
Boat lift 102 × 33 × 16 TLS 7 151 054
Technical room 5.9 × 3.5 × 2.3 GoPro 436 323
Technical room 5.9 × 3.5 × 2.3 iPhone 397 518

Table 2. Characteristics of the real datasets used for validation

Metric ARK Classic Cauchy MICP Hybrid
RMSE (cm) 8.3 0.9 8.3 1.1 8.3
Inlier (%) 32.6 23.9 32.5 25.6 32.6
Mean (cm) 5.5 6.5 5.4 6.2 5.4
Median (cm) 3.4 4.7 3.4 4.4 3.4
Std. dev. (cm) 6.3 6.7 6.3 6.7 6.3
p95 (cm) 17.9 20.1 18.1 20.0 18.0

Table 3. Comparison of methods on the dataset of the dam

low those of the hybrid method. Classic point-to-plane ICP
achieves low RMSE values due to its distance-based rejection,
but its inlier ratio and deviation distribution indicate lower re-
liability in the presence of noise. Classic point-to-plane and
MICP perform well on the boat lift dataset, where the point
cloud is high quality, but their performance decreases on nois-
ier datasets, highlighting the importance of robustness. The
hybrid method systematically improves the inlier percentage,
often by a significant margin, while preserving deviation met-
rics on par with the best robust variant. The hybrid method
was also evaluated on synthetic datasets to analyze its beha-
vior with respect to noise, convergence basin, occlusions, and
result stability. The results are consistent with those obtained
on real datasets, showing that the hybrid method combines the
noise robustness of ARK-ICP with the stability of MICP. This
confirms that combining mesh-based correspondences with ad-
aptive weighting provides a strong balance between robustness
to noise and geometric accuracy. Overall, the hybrid method
meets the requirements of the Scan-vs-BIM pipeline more con-
sistently than the other variants.

7. Conclusion

This study evaluated several ICP variants in the context of Scan-
vs-BIM registration, considering robustness to initial misalign-
ment, measurement noise, occlusions, and result stability. The
analysis highlighted the respective strengths and limitations of
classical ICP, robust-kernel formulations, and mesh-based ap-
proaches. Robust variants exhibited consistent behavior under
noise, whereas classical point-to-plane ICP and MICP showed
reduced reliability on the most challenging datasets. Con-
versely, non-robust variants were less sensitive to initialization
when no rejection threshold was applied. Occlusions had a
limited impact on the results, while noise remained the domin-
ant factor affecting registration accuracy. The stability analysis
further revealed that the classical point-to-plane formulation
exhibited the highest variability, whereas mesh-based ICP be-
nefited from a more stable correspondence strategy. These chal-
lenges are particularly critical in the context of large-scale infra-
structures, where extended planar and coplanar surfaces (e.g.,
walls or decks) can lead to ambiguous correspondences and de-
graded registration performance. Overall, no existing variant
fully satisfied the requirements of Scan-vs-BIM workflows. To
address these limitations, a hybrid method was proposed, com-
bining mesh-based correspondence selection with adaptive re-
sidual weighting. This approach was designed to meet key oper-
ational constraints: robustness to initialization and noise, min-
imal parameter tuning, and direct use of BIM meshes without
downsampling. Experiments on real datasets showed that the
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Metric ARK Classic Cauchy MICP Hybrid
RMSE (cm) 5.9 0.7 6.0 0.8 5.8
Inlier (%) 81.2 81.8 81.9 82.1 81.8
Mean (cm) 2.7 2.7 2.7 2.7 2.7
Median (cm) 0.8 0.8 0.8 0.8 0.8
Std. dev. (cm) 5.4 5.5 5.5 5.5 5.5
p95 (cm) 16.9 17.0 17.0 17.0 17.0

Table 4. Comparison of methods on the dataset of the boat lift

Metric ARK Classic Cauchy MICP Hybrid
RMSE (cm) 7.9 0.8 8.0 1.0 7.9
Inlier (%) 58.4 54.6 62.0 35.4 62.4
Mean (cm) 4.3 4.7 4.3 5.8 4.3
Median (cm) 1.5 1.6 1.3 3.6 1.3
Std. dev. (cm) 7.0 7.1 7.1 6.3 7.1
p95 (cm) 21.4 22.0 21.5 20.7 21.6

Table 5. Comparison of methods on the dataset of the technical
room (Gopro)

proposed method improves the inlier ratio by approximately
8–9% compared to classical ICP, while maintaining deviation
statistics comparable to robust ICP variants. These results
demonstrate that the hybrid approach provides a reliable and
practical solution for tolerance verification tasks, particularly
in scenarios affected by noise, occlusions, or incomplete data.
Beyond these results, this work highlights the importance of
integrating additional sources of information into registration
processes. In particular, the use of semantic information from
BIM models could further improve robustness by guiding the
registration toward structurally relevant elements (e.g., walls,
beams) while reducing the influence of non-structural or tran-
sient objects. Finally, computation time was not addressed in
this study. Future work will focus on optimizing the execution
time of the hybrid ICP and exploring its integration into near-
real-time quality control workflows. While the current method
is designed for post-acquisition processing, such developments
could extend its applicability toward more operational inspec-
tion pipelines.
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