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Abstract 

Repeated three-dimensional point clouds provide a practical basis for monitoring local geometric deformation, but conventional 

pointwise or single-scale comparison is sensitive to residual registration error, nonuniform sampling, measurement noise, 

missing observations, and isolated outliers. To address these limitations, this study develops an interpretable confidence-

weighted multiscale point-to-plane detector for spatially coherent change in repeated point clouds. Local normals are estimated 

from covariance matrices at several neighbourhood scales; point-to-plane residuals are fused across scales, modulated by a 

planarity-density confidence term, thresholded with the median absolute deviation (MAD), and filtered by neighbourhood 

persistence. The MATLAB implementation was evaluated on a controlled non-planar synthetic surface with Gaussian 

deformation, rigid displacement, heterogeneous noise, nonuniform sampling, dropout, and outliers. Across 30 independent 

Monte Carlo realisations, the complete method achieved precision 0.836 ± 0.030, recall 0.967 ± 0.012, F1 0.897 ± 0.018, IoU 

0.813 ± 0.029, and FPR 0.0071 ± 0.0018. The single-scale point-to-plane baseline reached F1 0.625 ± 0.021, while confidence-

weighted multiscale scoring without persistence reached 0.640 ± 0.019. Trimmed ICP reduced robust nearest-neighbour RMSE 

from 7.262 ± 0.032 mm to 0.771 ± 0.009 mm. Across tested deformation amplitudes from 3 to 10 mm, F1 increased from 0.749 

to 0.930. The results show that spatial persistence provides the largest improvement in false-alarm suppression, with confidence 

weighting adding a complementary gain. All results are synthetic; sensor-specific detection limits and field accuracy are not 

claimed. 
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1. Introduction 

Repeated 3D point clouds are increasingly used to detect 

geometric changes in structural surfaces, industrial compo-

nents, terrain, façades, and other monitored objects. The un-

derlying task is deceptively simple: align two observations 

and identify regions that have changed. In practice, however, 

two scans of an unchanged surface are not identical. Their 

samples occupy different positions, point density varies spa-

tially, occlusion changes the visible surface, and the measure-

ments contain sensor noise and occasional outliers. These ac-

quisition effects can produce nonzero point-to-point distances 

without any physical deformation. 

Rigid registration is commonly performed using the itera-

tive closest point (ICP) family [1, 2], its point-to-plane vari-

ants [3], efficient refinements [4], or probabilistic approaches 

such as coherent point drift (CPD) [5]. Registration is neces-

sary but not sufficient for monitoring. A transformation may 

minimise the global distance between two point sets while lo-

cal residuals still contain contributions from sampling geom-

etry, registration uncertainty, measurement noise, and true de-

formation. A change detector must therefore treat global 

alignment and local change inference as related but distinct 

stages. 

Direct Euclidean nearest-neighbour distance is especially 

sensitive to tangential resampling. On a smooth surface, two 

independently sampled points may be separated tangentially 

although their underlying surfaces coincide. Projecting the lo-

cal discrepancy onto an estimated surface normal reduces this 

ambiguity. Surface-normal estimation from local covariance 

analysis is a standard geometric construction for unorganised 

point sets [6]. Multiscale neighbourhood analysis is also use-

ful because normal stability and geometric detail depend on 

the physical support used for estimation [7, 8]. In point-cloud 

change detection, multiscale surface comparison has been 

shown to improve robustness in complex natural geometry [9, 

10]. 

Recent point-cloud change-analysis research has also 

moved toward spatiotemporal segmentation and learning-

based detectors. The 4D Objects-By-Change framework treats 

persistent 3D surface changes as spatiotemporal objects [12], 

while Siamese KPConv learns multiple change classes di-

rectly from paired raw point clouds [13]. In parallel, modern 

registration approaches such as GeoTransformer and 

PointDSC improve correspondence robustness under difficult 

overlap and outlier conditions [14, 15]. Recent 2024 studies 

further extend this literature: change-aware deep networks im-

prove direct change segmentation in raw 3D point clouds [16], 

while engineering monitoring studies use terrestrial laser 

scanning with ICP-based multi-epoch deformation analysis 

for earth dams [17] and sliding-window surface fitting for 

bridge deformation [18]. These advances are complementary 

to the present study: our objective is not semantic change clas-

sification or learned feature matching, but an interpretable ge-

ometric detector whose individual stages can be inspected and 

calibrated. 

A further difficulty is threshold selection. A single absolute 

distance threshold is difficult to justify when sampling and 

noise vary across the object. Robust scale estimators based on 

the median absolute deviation (MAD) offer a data-dependent 

alternative that is less sensitive to a minority of large residuals 

than a mean-and-standard-deviation rule [11]. Even with a ro-

bust threshold, isolated correspondence errors or outliers can 

remain. For many monitoring tasks, a physically meaningful 

surface deformation is expected to influence a spatial neigh-

bourhood rather than a single sample. This motivates a second 

decision stage based on spatial persistence. 

The aim of this study is to formulate and evaluate a confi-

dence-weighted multiscale point-to-plane detector for re-

peated point clouds. The proposed method has four compo-

nents: (1) point-to-plane residuals evaluated at several neigh-

bourhood scales; (2) a local geometric-confidence factor com-

bining planarity and a normalised neighbourhood-density 

proxy; (3) a robust MAD-based threshold; and (4) a neigh-

bourhood-persistence rule for suppressing isolated responses. 

The entire processing chain is implemented in MATLAB and 

demonstrated on a controlled synthetic surface with known lo-

cal deformation. 

The combination of the four components is deliberate. Mul-

tiscale fusion reduces dependence on a single neighbourhood 

support, confidence weighting attenuates geometrically unsta-

ble estimates, and spatial persistence suppresses isolated 

threshold exceedances. None of these ingredients is claimed 

as novel in isolation; the methodological contribution is their 

integrated, quantitatively ablated use for repeated point-cloud 

monitoring under a controlled error model. 

The contribution is methodological rather than metrological. 

In addition to the representative score and decision maps, the 

controlled experiment includes repeated Monte Carlo compar-

ison, component ablation, registration diagnostics, robustness 

sweeps, parameter sensitivity, and deformation-amplitude 

analysis. These tests quantify algorithmic behaviour under 

known synthetic ground truth but do not establish a minimum 

detectable deformation for a particular laser scanner, camera, 

or photogrammetric system. Such claims require repeated 

physical measurements and independent displacement ground 

truth. 

2. Materials and Methods 

2.1. Repeated Point-Cloud Model 

Let the reference point cloud acquired at time 𝑡0 be 𝑃 =

{p𝑖 ∈ ℝ3}𝑖=1
𝑁  and the monitoring cloud acquired at time 𝑡1 be 

𝑄 = {q𝑗 ∈ ℝ3}𝑗=1
𝑀 . A monitoring observation is modelled 

conceptually as 
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q = R [p + d(p)] + t + ε,             (1) 

where R ∈ 𝑆𝑂(3)  and t ∈ ℝ3  describe the rigid transfor-

mation between coordinate systems, d(p) is the physical de-

formation field, and ε denotes acquisition error. A rigid trans-

formation is first estimated and applied to 𝑄 so that subse-

quent change analysis is performed in the reference coordinate 

system. The alignment stage follows the nearest-neighbour 

ICP principle [1, 2, 4]; the monitoring decision is computed 

only after registration. 

2.2. Local Surface Geometry 

For each reference point p𝑖 and scale 𝑠, let 𝒩𝑖
(𝑠)

 contain 

𝑘𝑠 nearest neighbours. The local centroid is 

μ𝑖
(𝑠)

=
1

𝑘𝑠
∑ p𝑗p𝑗∈𝒩𝑖

(𝑠) ,                (2) 

and the local covariance matrix is 

C𝑖
(𝑠)

=
1

𝑘𝑠−1
∑ (p𝑗 − μ𝑖

(𝑠)
)

p𝑗∈𝒩𝑖
(𝑠) (p𝑗 − μ𝑖

(𝑠)
)

𝑇
     (3) 

Let the eigenvalues of C𝑖
(𝑠)

 satisfy 𝜆1,𝑖
(𝑠)

≥ 𝜆2,𝑖
(𝑠)

≥ 𝜆3,𝑖
(𝑠)

≥ 0. 

The eigenvector corresponding to 𝜆3,𝑖
(𝑠)

 is taken as the local 

surface normal n𝑖
(𝑠)

 [6]. A planarity-related confidence com-

ponent is defined as 

𝑔𝑖
(𝑠)

=
𝜆2,𝑖

(𝑠)
−𝜆3,𝑖

(𝑠)

𝜆1,𝑖
(𝑠)

+𝜖𝜆

,  𝜖𝜆 > 0.           (4) 

The positive numerical stabilisers used in Equations (4)-(6) 

are denominator-specific safeguards. They are distinguished 

in the analytical notation so that each has the physical dimen-

sion of the denominator in which it appears; in the MATLAB 

implementation the corresponding machine-precision safe-

guard is represented by eps because all quantities are evalu-

ated numerically in SI units. 

2.3. Neighbourhood-Density Proxy and 

Geometric Confidence 

The implementation uses a three-dimensional 𝑘 -nearest-

neighbour density proxy based on the radius 𝑟𝑖,𝑘𝑠
 to the 𝑘𝑠-th 

neighbour: 

𝜌̃𝑖
(𝑠)

=
𝑘𝑠

4

3
𝜋𝑟𝑖,𝑘𝑠

3 +𝜖𝑉
.                 (5) 

Equation (5) is not interpreted as the physical areal density 

of samples on a surface. It is a volumetric neighbourhood-den-

sity proxy in the ambient 3D coordinate space. Because only 

its dimensionless normalised ratio is used in the final confi-

dence term, its purpose is to identify locally sparse neighbour-

hoods while preserving the MATLAB implementation that 

generated the reported figures. An areal proxy proportional to 

𝑟−2 would define a different weighting model and would re-

quire re-running the experiment before replacing Equation (5). 

On strongly curved surfaces, a spherical 3D neighbourhood 

can contain points that are close in Euclidean distance but 

poorly representative of the local tangent patch, which may 

bias this proxy. A future areal alternative could estimate den-

sity after projection onto the local tangent plane or from a lo-

cally reconstructed surface patch; such a replacement would 

require recalibration and a new experimental evaluation. 

The normalised density factor is 

𝑑𝑖
(𝑠)

= min [1,
𝜌̃𝑖

(𝑠)

median𝑗(𝜌̃𝑗
(𝑠)

)+𝜖𝜌

],          (6) 

and the geometric confidence is 

𝑐𝑖
(𝑠)

= min[1, max(𝑐min,  𝑔𝑖
(𝑠)

𝑑𝑖
(𝑠)

)].        (7) 

The lower bound 𝑐min prevents a valid but sparsely sam-

pled region from being completely suppressed. In the reported 

simulation, 𝑐min = 0.05. 

2.4. Confidence-Weighted Multiscale Change 

Score 

After registration, q𝜈(𝑖)  denotes the monitoring point as-

signed by nearest-neighbour association to p𝑖. At scale 𝑠, the 

signed point-to-plane residual and its magnitude are 

𝑒𝑖
(𝑠)

= (n𝑖
(𝑠)

)
𝑇

(q𝜈(𝑖) − p𝑖),  𝑟𝑖
(𝑠)

= |𝑒𝑖
(𝑠)

|.     (8) 

The simulation uses 𝑆 = 3  neighbourhood sizes, 𝑘𝑠 ∈

{10,20,40}. The multiscale residual and mean confidence are 

𝑟𝑖 =
1

𝑆
∑ 𝑟𝑖

(𝑠)𝑆
𝑠=1 ,  𝑐𝑖 =

1

𝑆
∑ 𝑐𝑖

(𝑠)𝑆
𝑠=1 .        (9) 

The continuous change score is 

𝑧𝑖 = 𝑟𝑖(𝑐𝑖)
𝛽 ,   0 ≤ 𝛽 ≤ 1.          (10) 

A small exponent is used so that confidence attenuates ge-

ometrically unstable observations without removing them. 

The reported simulation uses 𝛽 = 0.10. 

The nearest-neighbour association used here is intentionally 

simple and can be ambiguous on repetitive geometry, thin 

structures, sharp edges, or under large tangential displacement. 

More restrictive schemes can impose normal compatibility, 

bidirectional consistency, local descriptors, or probabilistic 

matching, but these add computational and modelling com-

plexity and would alter the residual error model. 
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2.5. Robust Threshold and Spatial Persistence 

Let 𝑚𝑧 = median𝑖(𝑧𝑖)  and MAD𝑧 = median𝑖|𝑧𝑖 − 𝑚𝑧| . 

The robust scale estimate follows the normal-consistency 

scaling of the MAD [11]: 

𝜎𝑧
∗ = 1.4826 MAD𝑧,   𝑇 = 𝑚𝑧 + 𝛾𝜎𝑧

∗.     (11) 

Candidate points satisfy 𝑧𝑖 > 𝑇. For each candidate, let ℳ𝑖 

contain its 𝐾 nearest reference neighbours. The neighbour-

hood-support ratio is 

ℎ𝑖 =
1

𝐾
∑ 𝐼𝑗∈ℳ𝑖

(𝑧𝑗 > 𝑇),            (12) 

where 𝐼(⋅) is the indicator function. The final decision is 

𝑦̂𝑖 = {
1, 𝑧𝑖 > 𝑇 and ℎ𝑖 ≥ 𝜂,
0, otherwise.

         (13) 

This rule encodes the assumption that the target defor-

mation is spatially coherent. It should not be applied without 

calibration to defects whose footprint approaches the local 

point spacing. 

In particular, narrow cracks, small impact damage, or other 

genuine defects whose footprint is smaller than the persistence 

neighbourhood can be rejected despite a high local score. The 

persistence settings must therefore be calibrated against the 

minimum spatial footprint of defects that are relevant to the 

intended application. 

2.6. Synthetic Surface and Deformation Model 

A non-planar reference surface was generated over 0 ≤

𝑥 ≤ 1 m and 0 ≤ 𝑦 ≤ 0.6 m. Define the dimensionless coor-

dinates 𝑢 = 𝑥/(1 m) and 𝑣 = 𝑦/(0.6 m). The same surface 

used in the MATLAB implementation can then be written in 

a dimensionally explicit and compact form as 

𝑧(𝑢, 𝑣) = 0.018 m sin(2𝜋𝑢)sin(2𝜋𝑣) + 0.0024 m 𝑢𝑣      (14) 

The local deformation field is Gaussian: 

𝛿(𝑥, 𝑦) = 𝐴exp [−
1

2
(

𝑥−𝑥𝑐

𝜎𝑥
)

2

−
1

2
(

𝑦−𝑦𝑐

𝜎𝑦
)

2

].     (15) 

A reference point is labelled as changed in the synthetic 

ground truth when 

𝑦𝑖 = 𝐼[𝛿(𝑥𝑖 , 𝑦𝑖) > 0.002 m].          (16) 

Equation (16) defines the point-level ground truth used 

when quantitative classification metrics are exported from a 

MATLAB run. 

2.7. MATLAB Implementation and 

Reproducibility Parameters 

The nominal parameters in Table 1 reproduce the 

MATLAB implementation used for the representative visual-

isation (seed 42). For quantitative comparison and ablation, 

the complete stochastic generation and processing chain was 

repeated for 30 independent random seeds. Robustness, pa-

rameter-sensitivity, and deformation-amplitude sweeps used 

15 independent realisations per setting. Within each seed, all 

compared methods processed the same generated reference 

and monitoring clouds, so differences are attributable to the 

detector configuration rather than to different random inputs. 

The registration stage used the same trimmed nearest-neigh-

bour ICP settings in every configuration. 

Table 1. Main parameters of the MATLAB simulation and processing workflow. 

Parameter Value Meaning 

𝑁  7000 Number of reference points 

Random seed 42 Reproducible stochastic realisation 

𝐴  0.006 m  Maximum local deformation 

(𝑥𝑐 , 𝑦𝑐)  (0.67,0.32) m  Deformation centre 

(𝜎𝑥, 𝜎𝑦)  (0.07,0.055) m  Deformation spread 

Ground-truth threshold 0.002 m  Changed-point label in Equation (16) 

Reference noise 0.25/0.70 mm  Heterogeneous Gaussian noise 

Monitoring noise 0.35/1.00 mm  Heterogeneous Gaussian noise 

Dropout probability 0.12/0.32  Missing monitoring points 

Outlier fraction 1%  Uniform isolated outliers 
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Parameter Value Meaning 

Rotation (0.45, −0.35,0.30)∘  Rigid coordinate displacement 

Translation (4, −3,2) mm  Rigid coordinate displacement 

Dense-sampling fraction 0.25  Nonuniform sampling perturbation 

Dense-region 𝑥 distribution Beta(2,5)  Additional sampling-density variation 

ICP trimming fraction 0.85  Fraction retained in each alignment iteration 

ICP maximum iterations 60 Registration stopping bound 

ICP convergence tolerance 10−8 m  RMSE-change criterion 

𝑘𝑠  {10,20,40}  Normal-estimation neighbourhoods 

𝑐min  0.05  Confidence lower bound 

𝛽  0.10  Confidence exponent 

𝛾  3.5  MAD threshold coefficient 

𝐾  15 Persistence neighbourhood 

𝜂  0.35  Minimum support ratio 

 

In Table 1, paired noise and dropout values refer respec-

tively to the general region and the higher-noise subregion 

𝑥 > 0.78 m. The synthetic sampling includes a denser region 

generated by replacing the 𝑥  coordinate of 25% of points 

with samples from a Beta(2,5) distribution. This deliberately 

breaks spatial uniformity. The high-noise and high-dropout 

subregion for 𝑥 > 0.78 m provides an additional stress test 

for the confidence term and edge behaviour. 

For practical calibration, the persistence neighbourhood K 

should be chosen so that its physical support radius does not 

substantially exceed the minimum defect footprint of interest, 

while eta should represent the minimum expected fraction of 

locally consistent detections. If point density varies strongly, 

a radius-based persistence neighbourhood may be preferable 

to a fixed neighbour count. The sensitivity results in Section 

4.6 show that eta and K materially affect F1; the reported 

sweeps are used as calibration evidence rather than as test-set 

optimisation. 

2.8. Evaluation Criteria and Ablation Protocol 

When the binary ground truth from Equation (16) is availa-

ble, the detector can be quantified using precision, recall, F1 

score, intersection over union (IoU), and false-positive rate 

(FPR): 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
,   Recall =

𝑇𝑃

𝑇𝑃+𝐹𝑁
,      (17) 

𝐹1 =
2 Precision Recall

Precision+Recall
,   IoU =

𝑇𝑃

𝑇𝑃+𝐹𝑃+𝐹𝑁
,     (18) 

FPR =
𝐹𝑃

𝐹𝑃+𝑇𝑁
.                 (19) 

Two complementary comparisons were performed on iden-

tical input clouds. The baseline comparison used five config-

urations: (A) Euclidean nearest-neighbour distance; (B) sin-

gle-scale point-to-plane residual with 𝑘 = 20 ; (C) un-

weighted multiscale point-to-plane residuals with 𝑘 ∈

{10,20,40} ; (D) confidence-weighted multiscale scoring 

without persistence; and (E) the complete method. A focused 

four-way ablation, reported in Table 3 and visualised in Figure 

3, used: multiscale only, multiscale plus spatial persistence, 

multiscale plus confidence, and the full proposed method. To-

gether these comparisons isolate the effects of normal projec-

tion, multiscale fusion, confidence weighting, and spatial per-

sistence. 

For each run, the validation workflow records TP, FP, FN, 

TN and the derived classification metrics. The method-com-

parison and ablation results in Tables 2 and 3 are reported as 

mean ± standard deviation over 30 independent realisations, 

while the robustness, parameter-sensitivity, and deformation-

amplitude sweeps use 15 realisations per setting. The supple-

mentary MATLAB script supplied with this revision repro-

duces the representative seed-42 processing chain, Figures 1-

3, and the seed-42 ablation CSV; it is not presented as the 

multi-seed driver for the aggregate statistics. The broader val-

idation workflow underlying the 30-run and 15-run summar-

ies can be supplied by the corresponding author. Because the 

changed region occupies only a small fraction of the cloud, the 

discussion emphasises precision, recall, F1, IoU, and FPR ra-

ther than overall accuracy. 
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3. Results 

3.1. Multiscale Change-Score Distribution 

 
Figure 1. Confidence-weighted multiscale change score for the representative synthetic realisation (seed 42). 

Figure 1 shows the continuous score 𝑧𝑖 over the complete 

simulated surface. Most points remain in the low-response 

range, while a compact region of elevated values is concen-

trated around 𝑥 ≈ 0.65-0.75 m and 𝑦 ≈ 0.25-0.35 m. This 

location is consistent with the imposed deformation centre 

(𝑥𝑐 , 𝑦𝑐) = (0.67,0.32) m. The colour scale reaches approxi-

mately 5.5 × 10−3 in the highest-response zone. The transi-

tion from the background to the deformation core is spatially 

gradual rather than randomly scattered, which is consistent 

with the Gaussian deformation field and the neighbourhood-

based construction of the score. 

The nonzero background is expected. The monitoring cloud 

differs from the reference cloud not only by the prescribed de-

formation but also by heterogeneous noise, nonuniform den-

sity, dropout, outliers, and residual registration error. The rel-

evant result is therefore the contrast between the spatially dif-

fuse background and the compact high-score region, rather 

than an expectation of zero residual outside the changed area. 

3.2. Final Deformation Map 

 
Figure 2. Detected deformation region after robust thresholding and spatial-persistence filtering (seed 42). Legend: TN, true negative; TP, 

true positive; FP, false positive; FN, false negative. 
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Figure 2 presents the final binary decision after MAD 

thresholding and neighbourhood-persistence filtering. The de-

tected points form a dense, spatially coherent cluster in the 

same region that produces the highest continuous scores in 

Figure 1. This agreement between the score field and the bi-

nary map is important for interpretation: the final detector is 

responding primarily to a connected geometric pattern rather 

than to a uniformly scattered set of large residuals. 

A limited number of isolated detections remain outside the 

main region, particularly near the sampled-surface boundaries. 

In the synthetic experiment these responses cannot represent 

additional physical defects because only one deformation field 

was prescribed. They are therefore attributable to the com-

bined effects of local correspondence ambiguity, sparse neigh-

bourhoods, outliers, noise, and residual alignment error. Their 

presence illustrates why a monitoring decision should be in-

terpreted together with the continuous score and local confi-

dence, rather than from the binary map alone. 

3.3. Quantitative Comparison and Ablation 

Across 30 independent Monte Carlo realisations, the com-

plete detector achieved precision 0.836 ± 0.030, recall 0.967 

± 0.012, F1 0.897 ± 0.018, IoU 0.813 ± 0.029, and FPR 0.0071 

± 0.0018 (Table 2). The point-to-point baseline was domi-

nated by false positives (precision 0.156; FPR 0.147), while 

the single-scale point-to-plane baseline raised F1 to 0.625. 

Unweighted multiscale fusion was nearly identical (F1 0.625), 

and confidence weighting without spatial persistence in-

creased F1 modestly to 0.640. Thus, the full method improved 

F1 by 0.272 over the single-scale point-to-plane baseline 

while reducing FPR from 0.0418 to 0.0071. 

Table 2. Baseline comparison over 30 Monte Carlo realisations (mean ± SD). 

Method Precision Recall F1 IoU FPR 

P2P NN 0.156 ± 0.012 0.734 ± 0.039 0.257 ± 0.017 0.147 ± 0.011 0.1474 ± 0.0040 

P2Plane k=20 0.462 ± 0.022 0.969 ± 0.012 0.625 ± 0.021 0.455 ± 0.022 0.0418 ± 0.0023 

Multiscale 0.462 ± 0.023 0.969 ± 0.011 0.625 ± 0.021 0.455 ± 0.023 0.0417 ± 0.0024 

MS + confidence 0.478 ± 0.021 0.968 ± 0.012 0.640 ± 0.019 0.471 ± 0.021 0.0391 ± 0.0025 

Proposed 0.836 ± 0.030 0.967 ± 0.012 0.897 ± 0.018 0.813 ± 0.029 0.0071 ± 0.0018 

 

Ablation results isolate the source of this gain (Table 3). 

Adding spatial persistence to the unweighted multiscale de-

tector increased F1 from 0.625 to 0.885 and reduced FPR from 

0.0417 to 0.00816 while leaving recall essentially unchanged 

(0.969 to 0.969). Adding confidence weighting on top of per-

sistence further increased precision from 0.815 to 0.836, F1 

from 0.885 to 0.897, and IoU from 0.794 to 0.813. Spatial per-

sistence therefore provides the dominant false-alarm suppres-

sion in this synthetic benchmark, whereas confidence 

weighting adds a smaller complementary improvement. Rep-

resentative seed-42 detection maps for the four Table 3 con-

figurations are shown in Figure 3. 

Table 3. Ablation of confidence weighting and spatial persistence (mean ± SD, n = 30). 

Configuration Precision F1 IoU FPR 

Multiscale only 0.462 ± 0.023 0.625 ± 0.021 0.455 ± 0.023 0.0417 ± 0.0024 

MS + persistence 0.815 ± 0.028 0.885 ± 0.018 0.794 ± 0.029 0.0082 ± 0.0016 

MS + confidence 0.478 ± 0.021 0.640 ± 0.019 0.471 ± 0.021 0.0391 ± 0.0025 

Full proposed 0.836 ± 0.030 0.897 ± 0.018 0.813 ± 0.029 0.0071 ± 0.0018 
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Figure 3. Representative visual ablation maps for the synthetic realisation (seed 42): (a) unweighted multiscale point-to-plane detection; (b) 

multiscale detection with spatial persistence; (c) confidence-weighted multiscale detection without persistence; and (d) the complete proposed 

method. TN, TP, FP, and FN denote true negatives, true positives, false positives, and false negatives relative to the known synthetic ground 

truth, respectively. 

Figure 3 provides a visual counterpart to the quantitative 

ablation results in Table 3. The unweighted multiscale detec-

tor produces numerous spatially scattered false-positive re-

sponses outside the imposed deformation region. Adding spa-

tial persistence removes most isolated responses while pre-

serving the principal changed area. Confidence weighting 

alone produces a more modest reduction in unstable detections, 

consistent with the numerical ablation results. The complete 

method combines both mechanisms and yields the most spa-

tially coherent detection pattern with substantially fewer false 

positives. The figure corresponds to the representative seed-

42 synthetic realisation; the statistics reported in Table 3 re-

main the mean ± standard deviation over 30 independent real-

isations. 

Registration diagnostics showed that trimmed ICP reduced 

robust nearest-neighbour RMSE from 7.262 ± 0.032 mm be-

fore alignment to 0.771 ± 0.009 mm after alignment, an 89.38 

± 0.10% reduction. In 15-run amplitude sweeps, mean F1 in-

creased from 0.749 at 3 mm to 0.839, 0.871, 0.894, 0.916, and 

0.930 at 4, 5, 6, 8, and 10 mm, respectively. The 3-10 mm 

sweep represents millimetre-scale, spatially coherent local de-

flection or dent-like change under the present synthetic geom-

etry. It is a sensitivity study, not a sensor-specific detection 

limit, and the reported performance must not be transferred 

directly to sub-millimetre deformation tasks. Outlier fractions 

from 0 to 5% produced F1 values between 0.893 and 0.905, 

while doubling the nominal dropout reduced F1 to 0.854. The 

measurement-noise sweep was non-monotonic: F1 was 0.727 

at 0.5× noise, 0.893 at nominal noise, 0.806 at 1.5×, and 0.640 

at 2×, reflecting interaction between the adaptive MAD 

threshold and the score distribution. 

4. Discussion 

4.1. Geometric Interpretation of Point-to-Plane 

Residuals 

The observed behaviour supports the geometric rationale of 

the point-to-plane residual. Euclidean nearest-neighbour sep-

aration contains both normal and tangential components. 

When two point clouds sample the same continuous surface at 

different locations, the tangential component can be nonzero 

despite the absence of physical motion. Point-to-plane com-

parison, introduced widely in registration and surface compar-

ison [3, 9, 10], reduces this particular ambiguity by retaining 

the local normal component. 

This advantage depends on the quality of the estimated nor-

mal. Local covariance analysis [6] is stable only when the 

neighbourhood contains enough geometrically informative 

points. On sharp edges, high curvature, or sparse sampling, a 

single planar normal can be a poor approximation. The pro-

posed confidence term is intended to identify part of this in-

stability rather than to certify metrological accuracy. 

4.2. Role of Scale and Confidence 

The neighbourhood set {10,20,40} should be interpreted 

as a discrete approximation to several support sizes rather than 
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as an intrinsic property of the monitored object. Small neigh-

bourhoods preserve local detail but are more sensitive to noise; 

larger neighbourhoods stabilise local orientation but can 

smooth small defects. This scale dependence is a general prop-

erty of point-sampled surface analysis [7, 8]. 

Neighbour count and physical support radius are not equiv-

alent. In a dense region, 𝑘 = 40 may span only a small area, 

whereas the same 𝑘 can cover a much larger patch in a sparse 

region. The normalised density proxy in Equations (5)-(7) 

therefore provides context for the reliability of the covariance 

estimate. Because Equation (5) uses a 3D spherical proxy, it 

should not be interpreted as an estimator of surface sampling 

density in points per square metre. If a future version replaces 

it with an areal density model, the MATLAB experiment must 

be repeated and the figures regenerated. 

Curvature introduces a second source of reduced confi-

dence. A large neighbourhood on a curved surface may violate 

the local-planarity assumption and produce an averaged nor-

mal. Low confidence can therefore reflect sparse sampling, 

complex geometry, or both. During field interpretation, these 

causes should be distinguished rather than treating every low-

confidence point as a measurement failure. 

4.3. Spatial Persistence and Alarm Reliability 

Spatial persistence encodes information that is absent from 

a pointwise residual. The ablation results quantify its effect: 

applying persistence to the unweighted multiscale score in-

creased precision from 0.462 to 0.815 and F1 from 0.625 to 

0.885, while reducing FPR by approximately 80% (0.0417 to 

0.00816) with essentially unchanged recall. This confirms that, 

for the present spatially coherent Gaussian deformation, 

neighbourhood support primarily removes isolated false re-

sponses rather than suppressing true changed points. 

The same mechanism creates a limitation. If the support 

neighbourhood 𝐾 spans a physical region wider than a nar-

row crack or local impact, a true change may fail the support 

condition even when its local score is high. Conversely, a very 

small 𝐾 provides little protection against clustered outliers. 

The pair (𝐾, 𝜂)  must therefore be calibrated against local 

point spacing and the minimum spatial footprint of a relevant 

defect. Reporting 𝐾 only as a number of points is insufficient 

when point density varies strongly across datasets. 

4.4. Robust Thresholding and Failure Modes 

The global MAD threshold is robust to a minority of large 

residuals [11], but it assumes that unchanged points dominate 

the score distribution. If a large fraction of the monitored ob-

ject changes, the changed population can contaminate the 

background estimate. Regional thresholds, stable reference 

zones, or mixture models may then be preferable. 

A second failure mode is a spatially structured registration 

error. A small residual rotation or translation can create a 

smooth score gradient over a large part of the object. Such a 

pattern may satisfy the persistence condition even though it is 

not physical deformation. Registration quality must therefore 

be assessed independently before change classification. Use-

ful diagnostics include the residual distribution in known sta-

ble regions, repeated registration from different initial condi-

tions, and comparison with external control measurements 

when available. 

Nearest-neighbour association is also an approximation. It 

can become ambiguous on repetitive geometry, thin structures, 

sharp edges, or surfaces with large tangential motion. More 

restrictive correspondence rules could incorporate normal 

compatibility, bidirectional consistency, local descriptors, or 

probabilistic matching [5]. Any such change alters the error 

model and should be evaluated independently rather than as-

sumed to improve performance automatically. 

4.5. Uncertainty and Traceability 

The score 𝑧𝑖  is influenced by sensor noise, local point 

spacing, registration uncertainty, normal-estimation error, 

correspondence ambiguity, dropout, and outliers. The current 

confidence coefficient represents only local geometric relia-

bility; it is not a formal probability or a complete uncertainty 

interval. A high value of 𝑐𝑖
(𝑠)

 therefore indicates a locally sta-

ble surface estimate under the adopted model, not guaranteed 

accuracy of the full measurement chain. 

Traceability requires each result to be linked to a docu-

mented set of inputs and parameters. A minimal run record 

should contain source point-cloud identifiers, coordinate units, 

preprocessing operations, random seed, registration settings, 

neighbourhood scales, 𝑐min , 𝛽 , 𝛾 , 𝐾 , 𝜂 , and the software 

version. The stored outputs should include the rigid transfor-

mation, continuous score vector, threshold value, candidate 

mask, persistence values, and final labels. This allows an en-

gineer or reviewer to reproduce why a particular point was 

classified as changed. 

Negative and positive controls are equally important. Re-

peated scans of an unchanged object estimate the false-alarm 

behaviour under realistic acquisition variation. A controlled 

deformation with an independently measured displacement 

verifies that the method can recover a change of practical rel-

evance. These controls provide a more defensible basis for 

threshold selection than tuning the detector on a single syn-

thetic example. 

4.6. Robustness and Parameter Sensitivity 

The robustness sweeps indicate that different disturbance 

mechanisms affect the detector differently. Outlier contamina-

tion from 0 to 5% had little effect on mean F1 (0.893-0.905), 

consistent with trimmed registration, MAD thresholding, and 

persistence rejecting isolated responses. Increasing dropout pro-

duced a gradual decline from F1 0.908 at half the nominal drop-

out to 0.854 at twice the nominal level, mainly through reduced 

precision. These results support robustness to moderate point 
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loss and isolated outliers within the tested synthetic ranges. 

The noise sweep requires a more cautious interpretation. 

Mean F1 was 0.727 at 0.5×, 0.893 at 1×, 0.806 at 1.5×, and 

0.640 at 2× the nominal measurement noise. The unexpectedly 

lower score at 0.5× was caused by reduced precision and a 

higher FPR, showing that a global MAD threshold changes 

with the background score distribution rather than acting as a 

fixed physical tolerance. Consequently, detector calibration 

should be assessed jointly with the expected noise regime; 

lower sensor noise does not automatically imply a better clas-

sification result when the decision threshold is re-estimated 

from each cloud. 

Parameter sweeps likewise show that the nominal settings 

were fixed operating values rather than values optimised on the 

evaluation set. For example, F1 increased from 0.890 at γ = 3.5 

to approximately 0.925 at γ = 4.0-4.5; increasing η from 0.35 to 

0.50 raised F1 to 0.930; β = 0.30 produced F1 0.899; and Ksp = 

30 produced F1 0.899. These higher synthetic-benchmark val-

ues are not substituted for the nominal configuration because 

selecting the best setting on the same generated data would give 

an optimistic performance estimate. The sweeps instead 

demonstrate the need for application-specific calibration. 

4.7. Validation on Real Monitored Objects 

Synthetic data are appropriate for method development be-

cause the deformation field is exactly known, but field valida-

tion requires repeated measurements of a physical object with 

independently imposed displacement. A plate, panel, or struc-

tural element could be translated or deflected by a known 

amount while a dial indicator, displacement transducer, total 

station, or another traceable instrument provides ground truth. 

Sensor type, nominal accuracy, acquisition distance, inci-

dence angle, point density, environmental conditions, prepro-

cessing, and registration controls should be reported so that 

detection, displacement agreement, and repeatability can be 

evaluated separately. 

4.8. Multi-Epoch Monitoring 

The formulation extends naturally from two epochs to a se-

quence of point clouds registered to a common reference. Re-

peating the score at each epoch produces a temporal record for 

every reference location: a one-off response is more consistent 

with an acquisition artefact, whereas a coherent region that per-

sists or grows is more consistent with progressive deformation. 

A fixed reference preserves cumulative change, while an adja-

cent-epoch comparison improves sensitivity to short-term in-

crements; both can be retained in a hybrid monitoring strategy. 

4.9. Computational Considerations and 

Operational Reporting 

The main computational costs arise from repeated nearest-

neighbour searches and local covariance estimation. Spatial 

indexing, cached neighbour lists, parallel evaluation of local 

geometry, and coarse-to-fine processing are natural accelera-

tion strategies. For operational reporting, point-level detec-

tions should also be aggregated into coherent regions with 

centroid, extent, point count, score statistics, and persistence. 

These summaries provide a traceable layer between auto-

mated detection and engineering interpretation, but decima-

tion and clustering rules must be reported because they can 

suppress small defects. 

4.10. Limitations 

The present experiment is synthetic and does not reproduce all 

effects encountered in terrestrial laser scanning, structured-light 

measurements, depth sensing, or photogrammetric reconstruction. 

Real observations can exhibit range-dependent uncertainty, inci-

dence-angle effects, reflectance-related errors, structured occlu-

sion, environmental changes, and calibration bias. The current 

figures demonstrate algorithmic behaviour under controlled con-

ditions, not sensor-specific metrological accuracy. 

The method is designed primarily for displacement normal 

to the local surface. Tangential motion along a smooth surface 

may produce a small point-to-plane residual even when the 

Euclidean displacement is large. This is an intentional conse-

quence of suppressing tangential resampling, but it means that 

the method is not a complete 3D displacement-vector estima-

tor. Applications requiring full displacement vectors should 

combine change detection with feature tracking or non-rigid 

registration. 

Finally, the quantitative superiority reported here is limited 

to the stated synthetic generator, deformation model, and 

tested parameter ranges. Monte Carlo repetition reduces de-

pendence on a single random seed but does not replace inde-

pendent datasets or real-object ground truth. The robustness 

and sensitivity sweeps also demonstrate parameter-dependent 

behaviour, so the nominal threshold and persistence settings 

should not be transferred to another sensor, object, or point 

density without calibration. 

5. Conclusions 

A confidence-weighted multiscale point-to-plane model 

was developed for detecting local geometric change in re-

peated 3D point clouds. The method combines covariance-

based surface normals, multiple neighbourhood scales, a pla-

narity-density confidence factor, robust MAD thresholding, 

and a spatial-persistence rule. The workflow was implemented 

in MATLAB and tested on a non-planar synthetic surface con-

taining a controlled Gaussian deformation together with rigid 

displacement, heterogeneous noise, density variation, dropout, 

and outliers. No field sensor measurements were used in the 

present validation. 

Across 30 independent synthetic realisations, the complete 

method achieved precision 0.836 ± 0.030, recall 0.967 ± 0.012, 

F1 0.897 ± 0.018, IoU 0.813 ± 0.029, and FPR 0.0071 ± 0.0018. 

http://www.sciencepg.com/journal/mcs


Mathematics and Computer Science http://www.sciencepg.com/journal/mcs 

 

116 

The single-scale point-to-plane baseline achieved F1 0.625 ± 

0.021, and confidence-weighted multiscale scoring without per-

sistence achieved 0.640 ± 0.019. Ablation showed that spatial 

persistence produced the largest improvement, raising mul-

tiscale F1 to 0.885, while confidence weighting provided an ad-

ditional increase to 0.897. Trimmed ICP reduced robust nearest-

neighbour RMSE by 89.38%, from 7.262 to 0.771 mm. Perfor-

mance increased across the tested 3-10 mm deformation-ampli-

tude range, but these synthetic results do not establish a sensor-

specific detection limit or field accuracy. 

The methodological contribution is the separation of five in-

terpretable stages: global rigid alignment, multiscale local ge-

ometry, point-to-plane residual calculation, confidence-

weighted robust thresholding, and spatial persistence. Each 

stage addresses a distinct source of ambiguity. This modular 

structure makes the detector suitable for subsequent calibration, 

ablation, and adaptation to specific monitoring technologies. 

Abbreviations 
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