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Deformation — or measurement uncertainty?

▸Two epochs produce two point clouds.

▸A visible difference can have two explanations:

▸the object has changed

▸the measurement process has changed

▸Without an adequate uncertainty model, both 
conclusions can be wrong.

▸The scientific task is therefore not only to estimate a 
displacement — it is to decide whether that displacement 
is distinguishable from measurement uncertainty.
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Deformation or Sensor Uncertainty?

Unreliable σ →  missed detections (safety risk)
or  costly false alarms

Type II Error
σ too large →
missed deformation

Type I Error
σ too small →
false alarm



TLS uncertainty is shaped by coupled influences

TLS uncertainty: explicit models and probabilistic learning 3

Intensity
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Three modelling routes answer the same uncertainty question

CLASSICAL ADJUSTMENT
functional and stochastic models 
specified

parameters estimated
LS / GEM / VCE

→ covariance and uncertainty 
propagation

BAYESIAN INFERENCE
model and priors specified

parameters jointly inferred
MCMC

→ posterior intervals and 
dependencies

PROBABILISTIC ML
features, family and loss specified

                                             learned

→ calibration and transfer tests

The modelling boundary moves — the requirement for assumptions and validation does 
not disappear.

The choice depends on what can be formulated credibly and what must be learned from data.
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The explicit route: prescribe the models, then choose the inference
A short reminder from the model presented at Hotine–Marussi 2022 — a different application, the same 
structure.

FUNCTIONAL MODEL  β
Prescribed geometry or physical relation
→ nonlinear model

STOCHASTIC MODEL
Prescribed dependence and error family
→

The model families are fixed — the algorithms differ in the uncertainty object they compute.

CLASSICAL INFERENCE
Generalized Expectation Maximization
optimises the robust likelihood
→ point estimate + local covariance

BAYESIAN INFERENCE
Metropolis-within-Gibbs MCMC
samples the joint posterior 
→ intervals and dependencies

Both routes use all observations; the Bayesian route additionally requires priors.

This route is powerful when the scientific structure is credible and interpretable.
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Reference measurements make TLS uncertainty learnable

• Place: Basement GIH 
• Reference: Laser tracker (15𝜇𝑚 + 6𝜇 𝑚/𝑚)
• TLS ZF + Imager 5016 (𝜎𝑎𝑛𝑔𝑙𝑒 = 0.004°, 𝜎𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 0.2 − 0.4𝑚𝑚)

Reflectivity

Distance

Incidence angle

Variation
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From reference measurements to a supervised data set

▪ Mesh from laser-tracker point cloud; distance deviation by ray-casting

▪ label:  Δd  — negative = measured too short, positive = too long

▪ features from the TLS observation itself: intensity, distance, incidence 
angle

▪ ≈ 21 mio. points, 4 attributes each

Data set Reference TLS Settings Date

A (Training) Leica ATS600 + CCR Z+F Imager 5016 (Hannover) Superhigh & Quality +
13.06.25–
16.06.25

B (Temporal) Leica ATS960 + CCR Z+F Imager 5016 (Hannover) Superhigh & Quality +
06.05.25–
12.05.25

C (Transfer) Leica ATS600 + CCR Z+F Imager 5016 (Clausthal) Superhigh & Quality +
13.06.25–
16.06.25

Research Questions:
1. Temporal stability?
2. Transferability?

Split by measurement configuration, not randomly — the same panel–distance–angle combination never appears in training and test.
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▪ Distance deviation distributions are nearly normal distributed

▪ Skewness and Kurtosis ~0 for all combinations

▪ Bias & Standard deviation depend on IA & Intensity

Data analysis – Normal distribution

Data set A
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GUM:

→ Error propagation
→ Manual uncertainty budget
→ Each source estimated 

seperately
→ Homoscedastic (constant σ)

Our Approach (Machine Learning)
• Joint estimation of μ and σ

→ Data driven 
→ Heteroscedastic: σ = f(x)

Uncertainty modeling: GUM vs. learned,
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Learning requires a different estimation workflow

The experiment defines the data; the selected model learns the mapping.

DATA PREPARATION
labels + feature engineering

configuration-wise split
80% train / 20% holdout

MODEL SELECTION
parametric baselines
XGBoost / PointNet

NGBoost / neural network

FIT AND TEST
optimise trees or weights

evaluate A holdout
transfer to B and C

Splitting by measurement configuration prevents the same panel–distance–angle combination from leaking into train and 
test.

The trained mapping may be hard to interpret physically — therefore independent 
testing becomes part of the model.
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Conventional (MSE)

𝑀𝑆𝐸 = ෍
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→ Only predicts ෝ𝝁
→ No uncertainty estimates

Probabilistic (GNLL)
• Assume Gaussian distribution
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→ Predicts (ෝ𝝁, ෝ𝝈) jointly
→ Penalizes overconfidence

Choosing the loss function: MSE vs. GNLL,
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Structured data set
• NGBoost

– Natural Gradient 
descent

• Neural network

– Residual network
Training: 
1. Bayesian Hyperparameter 

tuning
2. Bootstrapping (50 models)

Model Choice and training
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Coverage analysis 

Data set K Theory 
 [%]

NGBoost 
[%]

Neural network 
[%]

A 1 68.3 68.27 65.93

3 99.7 99.80 99.53

B 1 68.3 67.68 64.89

3 99.7 99.64 99.64

C 1 68.3 57.98 58.26

3 99.7 97.67 97.33

Results – Coverage analysis 
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▪ Calibration of the distance deviation Δ𝑑𝑐𝑎𝑙

▪ Δ𝑑𝑐𝑎𝑙 = Δ𝑑𝑟𝑎𝑤 − Δ𝑑𝑝𝑟𝑒𝑑

Results – Calibration: temporal stability 
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▪ Temporal (A & B)
▪ No systematic deviations for intensities > 10⁵ [𝐼𝑛𝑐]

▪ Reduced systematic deviations at low intensities (limited data)

▪ Transfer (C): → New systematic deviations due to calibration!

Results – Calibration: transfer fails 
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Reference model: 
Intensity based model 
(Schill et al., 2025)
→ NGBoost good agreement

Results – Aleatoric uncertainty (Precision)
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Estimate epistemic uncertainty 
using Bootstrap (50) models

NGBoost:

• Uncertainty <0.05mm

• Stable everywhere

Neural Network:

• Uncertainty intensity 
dependent

• Up to 0.3mm at the 
boundaries

Result – Epistemic uncertainty
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A calibrated model separates deformation from uncertainty

▸An observed change is interpretable only relative to measurement 
uncertainty.

▸If the scientific structure is credible, keep it explicit and estimate its 
parameters with classical or Bayesian inference.

▸If the coupled TLS relation cannot be formulated accurately enough, create 
traceable reference data and learn a conditional distribution.

▸Validate not only RMSE, but coverage, sparse regions, time transfer and 
scanner transfer.

Keep credible physics explicit.   Learn the missing relation.   
Calibrate before deciding deformation.

Thank you — questions and discussion
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• NGBoost: Offset of 0.2mm vs. Reference (True TLS precision) 

0.004° Registration 
residuals ~0.6𝑚𝑚

15𝜇𝑚 + 6𝜇 𝑚/𝑚

Our σ̂ is a realistic estimate 
of the set up

Results – Aleatoric uncertainty (Precision)

Alkhatib, Hartmann, Neumann 17


	Diapositiva 1
	Diapositiva 2
	Diapositiva 3
	Diapositiva 4
	Diapositiva 5
	Diapositiva 6
	Diapositiva 7
	Diapositiva 8
	Diapositiva 9
	Diapositiva 10
	Diapositiva 11
	Diapositiva 12
	Diapositiva 13
	Diapositiva 14
	Diapositiva 15
	Diapositiva 16
	Diapositiva 17
	Diapositiva 18
	Diapositiva 19
	Diapositiva 20


  15 𝜇 m + 6 𝜇   m / m


   𝜎  a n g l e = 0 . 004 ° ,    𝜎  d i s t a n c e = 0 . 2   − 0 . 4 m m


  M S E =   ∑  i = 1 n     (  y i −  𝜇 i ) 2


   𝝁 ^


  G N L L =   ∑  i = 1 n   [  1 2  log ⁡   ( 2 𝜋  𝜎 i 2 ) +      (  y i −  𝜇 i ) 2  2  𝜎 i 2 ]


   𝝁 ^ ,    𝝈 ^


    Δ d  c a l


    Δ d  c a l = Δ  d  r a w − Δ  d  p r e d


  0 . 004 °


    ~ 0 . 6 m m


  15 𝜇 m + 6 𝜇   m / m

