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MOTIVATION

2Degen et al. (2022a)

18 16 13 11 8

Std Temperature [˚C]

197 183 169 155 141

Mean Temperature [˚C]

From a best estimate to a prediction with quantified 
uncertainties

 For this we require millions of forward evaluations
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WHY SURROGATES
Need for surrogate models due to highly complex geological and physical models

Degen et al. (2020a)
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SURROGATE MODEL 
TECHNIQUES

Degen et al. (2023)

Inverse Processes, Predictions
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DATA VS. PHYSICS

No Physical 
Knowledge

A lot of Physical 
Knowledge

Some Physical 
Knowledge

A lot of DataNo Data Some Data
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NON-INTRUSIVE REDUCED
BASIS METHOD

Degen et al. (2023)
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CONCEPTUAL EXAMPLE
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PROCEDURE
1. Construct a training and test data set
− Latin Hypercube sampling for training set
− Random sampling for test set

2. Scale the data-sets 
 training and test snapshots

3. Perform the POD with pre-defined tolerance
∑𝑖𝑖=1𝑟𝑟 𝜆𝜆𝑖𝑖2

∑𝑖𝑖=1𝑁𝑁 𝜆𝜆𝑖𝑖2
≤ 𝜀𝜀

− Input: training snapshots
− Output: basis functions

4. Perform the projection (machine learning)
− Input: training parameters (e.g., material properties)
− Output: reduced coefficients

5. Surrogate: 𝑢𝑢𝑟𝑟𝑟𝑟 𝜃𝜃 = ∑𝑖𝑖=1𝑟𝑟 𝛽𝛽𝑟𝑟𝑟𝑟
𝑖𝑖 𝜃𝜃 𝜓𝜓𝑖𝑖 ∈ 𝑉𝑉𝑟𝑟𝑟𝑟 Degen et al. (2020b)

Degen et al. (2020b), Degen et al. (2023), Hesthaven & 
Ubbiali (2018)
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WHY PHYSICS-BASED
MACHINE LEARNING?
 Reduction of the amount of data required

for training the model
 Error distributions following physical laws
 Reduced training times

Degen et al. (2023)
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WORKFLOWS

10

Degen et al. (2022a)
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SENSITIVITY ANALYSES

 Two categories:
 Local sensitivity analysis
 Global sensitivity analysis

 Local sensitivity analysis:
 Local influence  with respect to pre-defined 

reference
 Vicinity of the input parameters
 No correlations considered
 Very few evaluations

11

A sensitivity analysis determines the 
influence of the model parameters on 

the model response.

 Global sensitivity analysis:
 i.e. Sobol sensitivity analysis  variance-

based
 Parameter distribution does not need to be 

know a priori
 Possible consideration of correlations
 Many evaluations

Degen & Wellmann (2026), Sobol 
(2001), Wrainwright et al. (2014)
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BERLIN-BRANDENBURG: 
UNCERTAINTY QUANTIFICATION
 Markov chain Monte Carlo

 Aims at reducing the uncertainty by incorporating data

 Based on Bayes Theorem
𝑃𝑃(𝑢𝑢│𝑦𝑦)∝𝑃𝑃(𝑦𝑦│𝑢𝑢)𝑃𝑃(𝑢𝑢)

 𝑃𝑃(𝑢𝑢│𝑦𝑦): posterior
 𝑃𝑃(𝑦𝑦│𝑢𝑢): likelihood
 𝑃𝑃(𝑢𝑢): prior

Degen et al. (2022a)
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BERLIN-BRANDENBURG: 
UNCERTAINTY QUANTIFICATION

Degen et al. (2022a)

18 16 13 11 8

Std Temperature [˚C]

197 183 169 155 141

Mean Temperature [˚C]

Identifying areas of high temperatures and low uncertainties
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RELIABLE AND
INTERPRETABLE MODELS

14

 Governing Equations (coupled THM simulation):

1
𝑀𝑀𝑏𝑏

𝜕𝜕𝑝𝑝𝑓𝑓
𝜕𝜕𝜕𝜕

+ ∇ � 𝑞𝑞𝐷𝐷 = 0,

𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑞𝑞𝐷𝐷 = −
𝑘𝑘
𝜇𝜇𝑓𝑓

∇𝑝𝑝𝑓𝑓 − 𝜌𝜌𝑓𝑓𝑔𝑔 ,

𝜌𝜌𝜌𝜌 𝑏𝑏
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

+ ∇ � 𝜌𝜌𝜌𝜌 𝑓𝑓𝑞𝑞𝐷𝐷𝑇𝑇 − λ𝑏𝑏∇𝑇𝑇 = 0,

∇ � 𝜎𝜎′ − 𝛽𝛽𝑝𝑝𝑓𝑓𝐼𝐼 + 𝜌𝜌𝑏𝑏𝑔𝑔 = 0.

 Simulations performed with Golem (Cacace & 
Jacquey, 2017) Degen et al. (2022b)
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RELIABLE AND
INTERPRETABLE MODELS

15

Degen et al. (2022b)

Interpretable physics-consistent surrogate models
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PARAMETER ESTIMATION

16

Improved “best-fit” model with quantified uncertainties

Degen et al. (2022b)
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RELIABLE AND
INTERPRETABLE MODELS
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Degen et al. (2024)



Angewandte Geowissenschaften | Geosystemmodellierung | Denise Degen

HIERARCHICAL APPROACHES

18

Parameter space Parameter space Parameter space

accuracy speed

Gruzdeva et al. (2026, in prep.)
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DATA INCOPERATION

19

Kolmogorov-Arnold Network

Δ Data Residual 

Model

Full Order
Model (FOM)

Reduced Order 
Model (ROM)

Updated ROM

Data
Faber et al. (2026, in prep.)
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FLEXIBILITY
CNN
PySubdiv Moulaeifard et al. (2022)

NI-RB Degen et al. (2026, in prep.)

λ1

λ1

λ2
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CONCLUSIONS

Degen et al. (2022b)

• The non-intrusive reduced basis method 
allows an efficient construction of reliable 
surrogate models for a wide range of 
multi-physics applications

• Enabling a digital twin integration and 
extensive parameter estimation studies

• Resulting in interpretable models

• Computational Gain up to 107
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