INTRODUCTION



Why a Geological Service for Europe?

FINANCIAL TIMES




There is a Critical Need for
High-Quality Subsurface Data!



Objective

The overall objective of the EU project is to establish a Geological Service for Europe as a
permanent collaborative network of European geological survey organisations.

EU will structurally address specific challenges in the sustainable management of the subsurface
at EU and national level.



From Geological Data to Policy Support

INTEROPERABLE GEOLOGICAL DATA

3D GEOLOGICAL FRAMEWORK

Energy
Minerals
Ground water
Climate
Build environment

IMPACTS & PROTECTION

DECISION SUPPORT INFORMATION



Past ... Present ... Future ...




Consortium



Consortium Members

National and Regional Geological Surveys
are collaborating to build a

permanent network of organisations
focusing on the planet itself:

the earth beneath our feet.

Find all partners at:
https://www.geologicalservice.eu/about-us/project-partners



https://www.geologicalservice.eu/about-us/project-partners
https://www.geologicalservice.eu/about-us/project-partners
https://www.geologicalservice.eu/about-us/project-partners
https://www.geologicalservice.eu/about-us/project-partners
https://www.geologicalservice.eu/about-us/project-partners

Project Coordinator

EuroGeoSurveys is a not-for-profit organisation representing
the Geological Surveys of Europe.

Through the collaborative research and activities of Expert
Groups and Task Forces, and the provision of open-access,
harmonised geological data infrastructure, EGS provides
the European Institutions, regulators, industry, and the
public, geoscientific data-based advice to address key
societal challenges.



Pan-European Challenges

!

Cross-border Solutions

In order to address transnational and
continental-scale subsurface
problems we need to be able to zoom
out and go beyond national borders.




Project Structure



Project Structure



Maximise Social Impact



Stakeholder Engagement

We aim to inform and support a broad range of stakeholders through a programme of communication,
dissemination and exploitation — to raise awareness of the critical value of the earth beneath our feet
and its role in a sustainable future.



Bringing the subsurface into the light -
drawing together the baseline data and
knowledge needed to manage Europe's
natural resources and reach Net Zero




www.geologicalservice.eu

00



https://www.facebook.com/GeologicalServiceForEurope/
https://www.linkedin.com/company/gseu-geological-service-for-europe
https://twitter.com/GeoServiceEU

Uncertainty Quantification and Sensitivity Analysis for Informed
Decisions with Geological Models: Open Tools and Open Questions

GSEU Workshop

Florian Wellmann, Miguel de la Varga, Denise Degen, Zhouji Liang, Jan von Harten, Nils Chudalla,
Christin Bobe, Kaifeng Gao, Jian Yang, David Nathan, Jan Niederau, Peter Achtziger, Sophie Apts

Numerische Geowissenschaften, Geothermie und Reservoirgeophysik, RWTH Aachen
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“What we talk about when we talk about Structural Uncertainties”

Where do these differences
come from and what is the
effect on geological models?

o

Different interpretations by 19
geologists (mostly > 10 years
experience!)

=> Significant uncertainties!
\ Consider furthermore:

« Often less data available

« Legacy data sets

_ (Bond ¢ »  Higher complexity...
Boreholes Relevant geological structures

(Boundary surfaces, faults)

Florian Wellmann | UQ and SA for Geomodeling | Slide 2 of 48



The “decision funnel”

Conceptual Uncertainty

Model structure uncertainty

Parametric uncertainty

Decision space

It

Relevant models

Florian Wellmann | UQ and SA for Geomodeling | Slide 3 of 48



—/

(a) Positions of data points

Which uncertianties?
_—
/—((b) Uncertainties / | \

Input points and uncertainties  Interface model

Multiple realizations

Methods: map-based interpolation approaches for simple model structures, implicit
approaches for full 3-D settings

\/A =~ \ This talk
Uncertainty vectors
at model points

11!
W\
/]\

Reference model

Multiple realizations

/—((c) Position and number offaults) ~
J
KFault position and model Fault realizations
Methods: stochastic fault modeling methods, combined workflows for integrated (Wellmann and Caumon, Adv.
g stochastic structural modeling ) Geohys.. 2018)

Florian Wellmann | UQ and SA for Geomodeling | Slide 4 of 48



Boundary position _Orientation measurements |

Step 1: Const

J

1anual interpretations
i ce P

ing method for automation
o S)
Hters (surface contact

ments) as random
variables

— Implement sampling algolrithm
— Generate multiple model realisations

Step 5: Analyse and visualise uncertainties

.

Florie
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Problems with stochastic forward modeling

« What could possibly go wrong?

Initial model and input points and
their uncertainties

Clearly: not respecting correct parameter (Wellmann et al., 2014)

correlations, final evaluation necessary!
Florian Wellm  (Automatic workflow missing geological knowledge, experience, ...)




Geological Modelling as a probabilistic inference problem

— Consider methods to discard models that are
geologically and/or geophysically impossible =>
characterize performance measures

—Describe parameters as random variables with
distributions

— Estimate parameter distributions and
correlations
Thomas Bayes

—Quantify uncertainty in predicted models (1701-1761)

=> Consider geological modelling as a 9
probabilistic inference problem!

Florian Wellmann | UQ and SA for Geomodeling | Slide 9 of 48



Here the theory:

eters
In the context of geological modelling:

Extension to multiple parameters:

o L H?:l P(yi|5075170‘)P<50 1
PAbo, frroly) = I | 1121 P(yilBo, B1,0)P(Bo)P(61)P(0)dBodfS1do

Florian Wellmann | UQ and SA for Geomodeling | Slide 10 of 48



Uncertainty reduction with additional information: a schematic example (PhD de la Varga)

=)

mation: expected layer thickness

Two horizontal interfaces

« Uncertain position
(after de la Varga & Wellmann, 2016)

Florian Wellmann | UQ and SA for Geomodeling | Slide 11 of 48



Linking geometric interpolations and geophysics

Model data and parameters

Model-based geophysical
inveresion: @

« Start with initial geological
model (low parameterisation)




Related question: which parameters actually matter?

Florian Wellmann | UQ and SA for Geomodeling | Slide 13 of 48



Sensitivity Analysis: using ML developments in Geomodeling (PhD Liang)

« Concept: use modern ML frameworks (PyTorch, JAX, TensorFlow) to enable Automatic Differentiation in
Geomodeling (and subsequent tasks):

Florian Wellmann | UQ and SA for Geomodeling | Slide 14 of 48



One important challenge: discontinuities at layer boundaries!

[ Apply sigmoid function 9}

What to do at layer boundaries?
Note: no gradient!

Florian Wellmann | UQ and SA for Geomodeling | Slide 15 of 48
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Open source tools N\

The GemPy Framework —
and an active community!

A9

blender

Florian Wellmann | UQ and SA for Geomodeling | Slide 17 of 48



Links to Machine Learning frameworks

* Probabilistic geomodeling at the core of
GemPy development, originally in Theano and
pymc3, but deprecated

* Intermediate work: implementation in
TensorFlow Probabilistic (Liang et al.

* now in PyTorch, one of the most famous
Machine Learning frameworks

=> Link to ML frameworks enables geomodel-
based inversion

Florian Wellmann | UQ and SA for Geomodeling | Slide 18 of 48



A lot of work on uncertainties in geological models...

...but still a lot to be done!

Project Eva3D — ongoing

Florian Wellmann | UQ and SA for Geomodeling | Slide 19 of 48



Summary - Navigating Geological Uncertainty

1. Geological uncertainty is hierarchical. Conceptual Uncertainty
« Conceptual assumptions constrain structural models.

Model structure uncertainty

 Structur - :
/ EXxciting times to work on open-source\

2. Uncer Yol deli di .
uficient 9€0logical modeling (and inversion)... Parametric uncertainty
 Uncerts
3 Sensit Thank you to GSEU and the Decision space

' workshop organisers — and to you
* Only urﬁt_ ‘
4. Opent S

remain. Relevant models

« Conceptual uncertainty and decision-relevance are still
underdeveloped

Florian Wellmann | UQ and SA for Geomodeling | Slide 20 of 48



Uncertainty quantification

and the importance of model verifiability

Charlie Kirkwood, University of Exeter
c.kirkwood @exeter.ac.uk

_ o GSEUworkshop: _
Exploring, Quantifyingand Communicating Uncertainties in Geological Models

2nd_3rd March 2026



Frequentist vs Bayesian modelling

* In Frequentist statistics maximum likelihood estimation (MLE)
would typically be used to fita model, m, that maximises the
likelihood, P(data|model).



Frequentist vs Bayesian modelling

 In Frequentist statistics maximum likelihood estimation (MLE)
would typicallybe used to fit a model, m, that maximises the
likelihood, P(data|model).

High-likelihood
modelexample

Likelihood = L(model) =P(data|model) = IIp(datapointimodel)
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Frequentist vs Bayesian modelling

 In Frequentist statistics maximum likelihood estimation (MLE)
would typicallybe used to fit a model, m, that maximises the
likelihood, P(data|model).

Low-likelihood
modelexample

Likelihood = L(model) =P(data|model) = IIp(datapointimodel)

4



Frequentist vs Bayesian modelling

o It is Inevitable that with a finite number of observations many
different model fits could have similarly high likelihood -
so how should we quantify our beliefin them?

Multiple different
high-likelihood
modelexamples

» Bayesian inference provides a framework for guantifying uncertainty by
enabling the modelling ofa distribution over models, p(model|ldata)



Frequentist vs Bayesian modelling

o It is Inevitable that with a finite number of observations many
different model fits could have similarly high likelihood -
so how should we quantify our beliefin them?

Multiple different
high-likelihood
modelexamples

In Bayesian inference these
could be samples from the
posterior distribution
p(model|data)

» Bayesian inference provides a framework for guantifying uncertainty by
enabling the modelling ofa distribution over models, p(model|ldata)



Bayes’Rule: the essence of Bayesian UQ

P(model|data) =P(datalmodel)P(model)
P(data)

Bayes’rule says that the posterior probabilityofa modelis proportional to
Its likelihood multiplied by our prior beliefin that model.

The incorporation of prior beliefenables models that we believe to be
sensible to be favoured over models we believe to be nonsensical.



Bayes’Rule: the essence of Bayesian UQ

P(model|data) =P(data|model)
P(data)

Bayes’rule says that the posterior probabilityofa modelis proportional to
its likelihood multiplied by

The incorporation of enables models that we believe to be
sensible to be favoured over models we believe to be nonsensical.

>>> | 1kelihood iIs key to both frequentist modelling and Bayesian
modelling for uncertainty quantification. <<<



The concept of likelihood in geological modelling

p(datajmodel)

“What’s the probability that we would see the geological observations that we see ifthe geological scenario depicted by the modelwere true?”



The concept of likelihood in geological modelling

p(datajmodel)

“What’s the probability that we would see the geological observations that we see ifthe geological scenario depicted bythe modelwere true?”

 Ageological model or map traditionally outputs a collection of
discrete classes representing different rock types.

o Such a modelis difficult (or even impossible?)to objectively verify
against reality, because the classes are decided by subjective
Interpretation, and cannot be objectively measured or checked by
anyinstrument.

 This lack of verifiability brings a problem for uncertainty
quantification, because it is not clear how the likelihood can be
calculated. The model outputs classes but the observational data
do notcome in classes, the observational data are measurements
of properties.

 When dealing with interpretive classes the likelihood would
become something like p(interpretation|model), but that would be
flawed, because the model itselfis already an interpretation. We
shouldn’t be interpreting to maximise the probability of our
Interpretation given our interpretation!

10



Does a lack of verifiabilit)( lead t? .
inconsistencies across 21ogical modelling

borders and at map
tlle b@Mﬂd@Ei@ﬁu?\Ul ucalﬂydEfined likelihood be

Ithink it does:

If we map to maximise P(our_interpretation|map)
rather than P(data|map), thenit’s not surprising that
Inconsistencies emerge.

Overcomingsuch hurdles in the ‘maximum likelihood’
setting, i.e. fora single best map, ought to be easier
than in the Bayesian UQ setting.

The Bayesian UQ setting does however havlelthe
advantage that it forces us to think computationally...



Does a lack of verifiabilit)( lead t? .
inconsistencies across 21ogical modelling

borders and at map I
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If we map to maximise P(our_interpretation|map)
T rather than P(data|map), thenit’s not surprising that
T Inconsistencies emerge.

Overcomingsuch hurdles in the ‘maximum likelihood’
setting, i.e. fora single best map, ought to be easier
than in the Bayesian UQ setting.

The Bayesian UQ setting does however havlezthe
advantage that it forces us to think computationally...



Achieving verifiable geological models
with cleanly defined likelihoods

* Classification-based geological models are difficult to
verify, or calculate a likelihood for, because the classes are
subjectively interpreted and not objectively measurable.

* The classes are however based on objectively measurable

geological properties such as age, composition, texture and
more.

* Designing our geological models to output predictions of
objectivelymeasurable geological properties, rather than
subjectivelyinterpreted geological classes, makes the
models objectively verifiable, and enables model
likelihoods to be calculated.

» This opens the door to uncertainty quantification by
Bayesian inference, and makes it possible to develop
probabilistic geological models that are well-calibrated
with respect to reality, potentially greatly improving utility.

13



To summarise...

 The likelihood, P(data|model), Is keyto Bayesian modelling (and
Frequentist modelling).

e Bayesian modelling is the backbone of uncertainty quantification.

* Traditional classification-based geological models and maps make it
difficult to calculate likelihood, because theyoutput subjective classes
but there Is no wayto objectively measure such classes on the ground.

* Ifwe design our geological models and maps to directly predict
objectively measurable geological properties such as age,

composition, texture, mechanical properties etc, then likelihoods

can easilybe calculated openingthe doorto uncertalntyquantlflcation
by Bayesian inference and the deliveryofgeological models that are
well-calibrated with respect to reality.

14



Thanks for listening

And a quick pitch for the upcom
Geological Modellingand Mapp

Ing 2nd Al for
Ing Conference taking

place in Utrecht on 2"d-3" of June 2026. Abstract

submission deadline 1s 31st Ma

rch!

Organisation led by Suzanne Atkins at TNO

And a second quick pitch for the upcoming GSL

Special Publication on Geologic

al Modellingand

Mapping in the Age of Al, a bigcommunity effort being

co-edited by myself, Florian We
Asch, Mark Lindsay, Michael Hil
Caumon. There’s still time to su

Imann, Kristine
ler, Guillaume
omit your works if you

have something in the pipeline you would like to have

Included.

My email: c.kirkwood @exeter.ac.uk
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UNCERTAINTIES IN JOINT ANALYSIS OF
GEOLOGICAL AND
MULTI-SOURCE GEOPHYSICAL DATA

Lessons from a blind interpretation exercise

Jeremy Rohmer*, Cecile Allanic, Adnand Bitri, Frederic Dubois, Sandrine Grataloup, Thomas Jacob, Alexandre Stopin,

Renaud Coueffe, Agathe Faure, Aurelie Peyrefitte, Angelie Portal, Anne Raingeard, Pierre Wawrzyniak, Romain Chassagne,
Nicolas Coppo, Mathieu Darnet, and Philippe Calcagno

02/03/2026

*correspondence to


mailto:j.rohmer@brgm.fr
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https://colamaga.com/
https://colamaga.com/
https://colamaga.com/

Motivation

Bond (2015)



Motivation

Geomodels for all training sessions at Ales (France)

Bond (2015)



Motivation

Faleide et al. (2021)
Bond (2015)



When jointly analyzing and
datasets (seismic, gravimetric, electric/magneto-telluric):

Do the associated with each of the different datasets
the geological interpretation?

If SO,

Or do the errors

>> Blind interpretation exercice <<



http://www.spreadshirt.com.au/

_y

-y

Adapted from a real exploration
project dedicated to the
characterization of helium

reservoirs in a deep Permian
sedimentary basin




Geological ~ o
‘truth’ ~ o~ -

y

-y
[ |

Extraction of 2 cross-sections from a realistic
3D geological model (=20km x30 km)

=Target (not
«ll provided to the
Interpreters)



3 teams of interpreters

ODbjective of the blind exercice A geologist + A geophysicist

(senior / mid career)

Identify structural traps + geometry, identify the potential migration pathways on the two cross-sections
From a series of documents
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Identify structural traps + geometry, identify the potential migration pathways on the two cross-sections
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- 1:1,000,000 scale geological map + borehole (with stratigraphy)
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3 teams of interpreters

ODbjective of the blind exercice A geologist + A geophysicist

(senior / mid career)

Identify structural traps + geometry, identify the potential migration pathways on the two cross-sections

From a series of documents
- 1:1,000,000 scale geological map + borehole (with stratigraphy)
- Map of Bouguer anomaly (gravimetry) + profiles along the cross sections

Based on forward geophysical
modelling with 'realistic’
measurement or
processing error

11



3 teams of interpreters

ODbjective of the blind exercice A geologist + A geophysicist

(senior / mid career)

Identify structural traps + geometry, identify the potential migration pathways on the two cross-sections
From a series of documents

- 1:1,000,000 scale geological map + borehole (with stratigraphy)

- Map of Bouguer anomaly + profiles along the cross sections

- Cross sections of electrical resistivity from processing of magneto-telluric (MT) surveys
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ODbjective of the blind exercice

3 teams of interpreters
A geologist + A geophysicist
(senior / mid career)

Identify structural traps + geometry, identify the potential migration pathways on the two cross-sections

From a series of documents

- 1:1,000,000 scale geological map + borehole (with stratigraphy)
- Map of Bouguer anomaly + profiles along the cross sections

- Cross sections of electrical resistivity from processing of magneto-telluric (MT) surveys

13

Exercice — phasel

2.5 hours

With Geology, MT,
Gravimetry

Work in pairs



3 teams of interpreters

ODbjective of the blind exercice A geologist + A geophysicist

(senior / mid career)

Identify structural traps + geometry, identify the potential migration pathways on the two cross-sections

From a series of documents

- 1:1,000,000 scale geological map + borehole (with stratigraphy)

- Map of Bouguer anomaly + profiles along the cross sections

- Cross sections of electrical resistivity from processing of magneto-telluric (MT) surveys
- HR seismic: on the two cross sections

Assumption: seismic campaign Exercice — phase?
had some delays and the data 2.5 hours

were provided In a second phase! With Geology, MT,

Gravimetry
+Seismic

Work in pairs

14



A series of difficulties

1. Inherent to the imperfections in the geophysical / geological data
= Effect of noise in the data

» Effect of mis-specifications (model uncertainty) in the processing
= Resolution of the data

15



A series of difficulties

1. Inherent to the imperfections in the geophysical / geological data
» Effect of noise in the data

» Effect of mis-specifications (model uncertainty) in the processing
= Resolution of the data

2. Inherent to the exercice
= Time constraint: <6 hours

= 3D effect: two cross sections not necessarily orthogonal to main structures
= Choice of representation format incl. colorscale
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A series of difficulties

1. Inherent to the imperfections in the geophysical / geological data
» Effect of noise in the data

» Effect of mis-specifications (model uncertainty) in the processing

= Resolution of the data

2. Inherent to the exercice

= Time constraint: <6 hours

= 3D effect: two cross sections not necessarily orthogonal to main structures
* Choice of representation format incl. colorscale

3. Inherent to the ‘human nature’ of the interpreters
» Different past experiences (senior and mid career)

= Different working practices incl. tools
= Different perceptions / understanding / biases




A series of difficulties Today
presentation

1. Inherent to the imperfectiong in the geophysical / geological data

= Effect of noise in the data
» Effect of mis-specifications (model uncertainty) in the processing
= Resolution of the data I

2. Inherent to the exercice
= Time constraint: <6 hours
= 3D effect: two cross sections not necessarily orthogonal to main structures

= Choice of representation format incl. colorscale

3. Inherent to the ‘human nature’ of the interpreters
» Different past experiences (senior and mid career)

= Different working practices incl. tools
= Different perceptions / understanding / hiases «||




: . : Interpretations of two teams of
Data |mperfeCt|0n. nOISe the map of Bouguer anoma]y

Large noise of 0.2 ugal
= mimick the
processing of

gravimetry
measurements of early

1950s
Team A Team C

19



: . : Interpretations of two teams of
Data |mperfeCt|0n . nOISe the map of Bouguer anoma|y

Large noise of 0.2 ugal
= mimick the
processing of

gravimetry
measurements of early
1950s

Team A Team C

Gravimetry

without noise
Some tendencies for

(<1km) that are purely related to noise




Interpretations of the map

Data imperfection: noise of Bouguer anomaly
/ I
Large noise of 0.2 pgal II ,I
= mimick the /
processing of II ,
gravimetry /
measurements of early II I
1950s J
Team A ,, Team C I’

Gravimetry
without noise I

Despite the large-but-realistic noise, gravimetry was useful
to

I on the fault strike angle ~15-20°

/




i i i Interpretations of the

4 v

Team B Team C

Truth

Some tendencies for over-interpretation of noise-

related artefacts in seismic

22



Data imperfection: resolution

MT was not corrupted
with noise

By nature MT provides
a ‘blurry’ vision
Team A

Truth

When , the ‘blurry’

Imaging is alleviated and some hypotheses can
be formulated

23



Data imperfection: resolution

MT was not corrupted
with noise

By nature MT provides
a ‘blurry’ vision
Team A

Truth

When , the ‘blurry’

Imaging is alleviated and some hypotheses can
be formulated
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Representation format: colorscale

N

Team A

Truth
But made difficult by the choice of the

=‘dark-is-more’ effect (Robinson et al. 1984)

25



Human-related difficulty

Nice and clear picture isn't it?

26



Human-related difficulty: misleading precision
Truth

A mismatch of several hundreds of
meters




Human-related difficulty: misleading precision

Interpretations

" 4

" 4

Team A Team B

A clear discrepancy betw.
borehole and seismic was

highlighted BUT




Human-related difficulty: misleading precision

Truth

... although artefacts in W-E cross sections

should have indicated In
the time-to-depth conversion

29



Summary

The blind exercise gives confidence in the ability of the interpreters to
formulate hypotheses to support discussions on further
characterization campaigns
Despite:
* The time constraint of the exercise: <6 hours
» The 3D effect: cross sections not necessarily orthogonal to the structures
* The differences in practices and tools of each team of interpreters
* The cascade of different types of error (noise, #borehole, resolution)

30



Summary

The blind exercise gives confidence in the ability of the interpreters to

formulate hypotheses to support discussions on further
characterization campaigns

Despite:

The time constraint of the exercise: <6 hours

The 3D effect: cross sections not necessarily orthogonal to the structures
The differences in practices and tools of each team of interpreters

The cascade of different types of error (noise, #borehole, resolution)

Seismic was perceived as the ‘perfect’ dataset although some
artefacts were present

Being able to question his/her first guess is not straightforward =
linked to ‘anchoring’ bias [1,2]

Forstering exchanges betw. interpreters and data providers = key

31

[1] Bond (2015); [2] Alcalde et al. (2019)



Thank you for your attention!
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Uncertainty of 2D maps

www.dinoloket.nl

DINOloket

Data and Information on the Dutch Subsurface

Select model of interest

oo rens iz Geological map No uncertainty
information

() BRO GeoTOP vi.6

(C) BRO Geomorphology 2023-01

() BRO Soil map 2023-01

O BRO Groundwater level depth 2023-02
<E iGeu:uI-::-gical map 2021 >

O Seabed sediment

() DGMdeep v5.0




Uncertainty of 2D maps (2)

www.dinoloket.nl

DINOloket

Data and Information on the Dutch Subsurface

Select model of interest .
RO data oriy: _ _ Uncertainty of
() BRO DGM v2.2 LIthOlOglcaI CIaSS |IthO|OgIC8.| CIaSS

() BRO REGIS Il v2.2.1
() BRO GeoTOP vi.6
(C) BRO Geomorphology 2023-01
() BRO Soil map 2023-01
O BRO Groundwater level depth 2023-02
OG&DI{:- jcal map 2021
(i i Seabed sediment ,

(O pGMdeep v5.0

Legend Likelihood class [%]
Almaost certain (P=85)
Highly likely (80=P=95)
Likely (65<P=80)
About as likely as not (35=P=65)
. Unlikely (P=35)



Uncertainty of 2.5D stratigraphic layer models

www.dinoloket.nl

DINOloket

Data and Information on the Dutch Subsurface

Select model of interest Layer mOdel

BRO data only:

() BRO DGM v2.2
() BRO REGIS Il v2.2.1

(_) BRO GeoTOP vi.6

( ) BRO Geomorphology 2023-01

Stratigraphic units

() BRO Soil map 2023-01
O BRO Groundwater level depth 2023-02
O Geological map 2021
O Seabed sediment
DGMdeep v5.0

E

Uncertainty -
Stratigraphic unit -




Uncertainty of 3D voxel models

www.dinoloket.nl
DINOloket
Data and Information on the Dutch Subsurface
Select model of interest Voxel model

BRO data only:
() BRO DGM v2.2
() BRO REGIS Il v2.2.1

() BRO GeoTOP vi.6
( ) BRO Geomorphology 2023-01

() BRO Soil map 2023-01

lithological class

O BRO Groundwater level depth 2023-02
O Geological map 2021
O Seabed sediment

() DGMdeep v5.0

Uncertainty
lithological class



Shallow modelling workflow

Stratigraphical
units
+

uncertainties

(1) Interpretation in stratigraphical units

Lithological

- ™ classes

' | e
AT Al

+
uncertainties

(3) Interpretation in lithological classes (4) Voxel modelling



Sources of uncertainty

Many factors influence uncertainty of the geological model:

—

 XY-location

« Depth of borehole sample ‘raw data’

« Sediment description
» Conceptual model
» Fault positions

— Geological knowledge
« Stratigraphic interpretations

» Expected areal extent of stratigraphic units |

* Interpolation of point data to 3D model «—— Our model uncertainty represents only this one!



Sample description differences

Two boreholes at ~same location give
variation in quality and detail of sediment
description, because of:

* Drilling techniques?
* Description standard?
* Target depth?

» Research interest?

 Personnel mood?

,_
=
o
5
=
-

M| om om0
Y B oD oB B om
B o5 o5 o5 BOE g

Depth in meters \

]
y e
2

w
?



Sample description differences (2)

-
N

Apparently undulating surface:

Due to differences in sediment
description between drilling
companies

Kiden P., 1999. Geologische gesteldheid en breukwerking bij het pompstation van Macharen. TNO-Rapport NITG 99-182-B.



The software is ready for

uncertain data
RandomForestRegressor

source

fit(x, y, sample_weight-None)

Build a forest of trees from the training set (X, y).

Parameters:

X : {array-like, sparse matrix} of shape (n_samples, n_features)

nples. Internally, its dtype will be converted to dtype=np.float3z.If a

The training input s
sparse matrix is provided, it will be converted into a sparse csc matrix.

Special Options

y : array-like of shape (n_samples,) or (n_samples, n_outputs)

|_| Collocated cokriging i [ Use local anisotropies i Use customized block sizes |_| Reset negative weights to zero
] ; The taraet valups [rlace Iahalc in - atinn_real numbers in regression).
Rescaled cokriging Use uncertain data 1 Use sampling density variance
sample_weight : array-like of shape (n_samples,), default=None
Filtering model components i || Take taults into account 1 Multiple kriging = AR . that would create child
h e weight are ig for a s n each node. In

the case of classification, splits are also ignored if they would result in any single class carrying

a negative weight in either child node.

TensorFlow

If per-sample uncertainty is known:
« Kriging can incorporate variance per sample

« Machine Learning can use sample weight

« Regardless of method: run simulations on
possible variations of input data ‘-l >




Where to start... uncertainty
related to drilling techniques

Different drilling techniques

Undisturbed
sampling

—

Sample per
meter interval




Can we quantify uncertainty of sample depth?

We have available:

* Quality classes per drilling method in Standaard
Boorbeschrijving (borehole description standard)

» Drilling-expert opinion: estimated uncertainty of
depth of sediment sample per drilling method

Before declaring data uncertain with value x, how to
get confidence in our uncertainty values? We need a
double-blind experiment...

- SBB Expert
Drilling method Quality label stcll)dev [m]
Steekboring A 0.1
Pulsboring A 0.15
Counter-flushboring A/B 0.75
Luchtlift-/zuigboring B 1.5
Zuigboring B 1.5
Luchtliftboring B 1.5
Ro-flushboring C 1.5
Spuitboring C 3.0
Straight-flushboring C 3.0
Spoelboring C 3.0




Sediment description vs.
well log

Goal

« Determine uncertainty in depth of sediment descriptions
interval (layer) boundaries

Data

« We have sediment descriptions per borehole interval
* We have a well log and its lithological interpretation
Assumption

« Well logs are of constant quality, sediment description
guality will show variation

Experiment design

* Note difference in depth of tops and bases of clayey
intervals

« Analyse systematic differences in depth.

Well log
interpretation

NN

Sediment
description

Depth
difference

Well log



Well log data

Data
— Locations « N=783

@ Counter-flush
@ Couter-flush/Kern
§ « Overrepresentation of specific drilling methods (e.g. airlift)
@ Luchtlift
Luchtlift/puls °
- Only few logs deeper than 100m
@ Luchtlift/steekboring
@ Luchtlift/zuig
@ Fuls
@ Puls/steekboring
: Ro-flush
@ Spoel
@t Drilling method
@ Spuit
@ Steckboring
@ Steckboring/Puls
@ Straight-flush
@ Straight-flush/zuig
@ Tilboring
@ Zuig



Differences in depth per drilling method

e N=3782 correlated
boundaries (!)

é \ |(well log) — (sediment description)| [m]

—
—
—

|
{

SBB quality IabeI:A B C



Drilling method uncertainty quantification

SBB Expert Cmael(c]ﬁlated Calculated _
Drilling method Quality Stddev ~ F°tN.  stddev calculation

label [m] [m] [m] - Assume well logs have ~constant uncertainty,

: while sediment description uncertainty varies with

Steekb(?rlng A 0.1 0.00 0.00 drilling method
Pulsboring A 0.15 0-0.5 1-1.5
Counter-flushboring A/B 0.75 0-0.5 0.5-1 « Well log measurements have uncertainty as well...
L“thlif‘f'/Z“igboring B 1.5 0-0.5 1-1.5 - Assume undisturbed coring has zero uncertainty,
Zuigboring B 1.5 0-0.5 1-1.5 then we can calculate minimum uncertainty for
Luchtliftboring B 1.5 0-0.5 1-1.5 other drilling methods
Ro-flushboring C 1.5 0-0.5 1-1.5 result
Spuitboring C 3.0 1-2 2-3
Straight-flushboring C 3.0 1-2 2-3 « Good match between expert estimates and well-
Spoelboring C 3.0 1-2 2-3 log based experiment outcome




The benefit of knowing your data uncertainty

Simulations based

Current practice: +2 std
30 \,\__,\/ﬂ o on sample draws

kriging with global L —
variogram nugget § >~ e mean
N 35 — o ® e -1 std -one sim
375 /\_2 std
AL e B e N I
182600 182700 182800 182900 133000 183100 183200 183300 183400 183500 183600 1
: Uncertainty of
Future practice: : i
uture practice . simulations
.. . +2 std
Kriging without I s A S N e 251
global variogram Mmean mear
nugget, with sample 35 - —_p ; stj 2 std
. -2 st
variance j
-37.5 —
Sample std dev 40 - | | \ | | \ | \ \ \
. High 182600 182700 182800 132000 183000 183100 183200 183300 183400 183500 183600
O Mid X (m)
® Low i :
n__ Adding sample uncertainty

reduces model uncertainty!



Conclusions

* Quantifying data uncertainty is possible!

« But a lot of work, and this was just one source of uncertainty.

« Good match between expert estimate and quantified uncertainty for most drilling methods

* Next step: implement in stratigraphical layer models e.g. DGM+, REGIS, GeoTOP...

* Further steps: quantify and implement other sources of data uncertainty, e.g. XYZ-coordinates

« We have different geology but use the same kind of data. Setting-up a data uncertainty framework is
a nice case for European collaboration?
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