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RESULTS

INTRODUCTION
Accurate temperature predictions in geothermal systems 
are essential but computationally demanding, especially 
when fluid flow and heat transport are strongly coupled. 
Exploring uncertainties or multiple scenarios is therefore 
often infeasible. Surrogate models offer a promising way to 
drastically reduce computation time.

Fault zones can be particularly attractive geothermal targets 
when they exhibit strong thermal anomalies through 
natural convection. However, convection introduces non-
linearity, multistability, and potentially chaotic behavior, 
which challenges surrogate modeling approaches.

In this study, we investigate how the non-intrusive reduced 
basis method (NI-RB) can be used to efficiently construct 
surrogate models of the thermal state at fault zones and 
analyze the associated physical and numerical challenges.

METHODS
Full-order model
- Synthetic thermo-hydraulic model generated with COMSOL 

Multiphysics® (FEM)
- Temperature- and pressure-dependent fluid density and 

viscosity (Zyvoloski et al., 1997)
Surrogate model (NI-RB)
- The NI-RB combines physics-based and data-driven 

approaches to provide reliable predictions of complex partial 
differential equations (Hesthaven et al., 2018)

- Consists of a computationally expensive offline stage which 
involves the a priori generation of 100-200 full-order model 
snapshots

- Next, 𝑟 basis functions 𝜓 are selected via Proper Orthogonal 
Decomposition. A feed-forward neural network is then 
trained to map the parameters 𝜇⃗ onto the reduced 
coefficients 𝜃!". The resulting reduced solution 𝑢!" is:
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DISCUSSION
- Surrogate modeling of convection-dominated fault systems is challenged by strong 

nonlinearity, multistability, and chaotic behavior.
- Entropy generation–based surrogates were more robust than temperature-based 

surrogates in this study.
- Physical preconditioning significantly improves surrogate accuracy by reducing the 

number of competing solution branches in the full-order model.
- Surrogate performance consistently deteriorates near bifurcation points and numerical 

instability is unavoidable.
- Surrogate models provide speed-ups of up to seven orders of magnitude, enabling 

uncertainty quantification and sensitivity analyses that are otherwise computationally 
infeasible.

CONCLUSION
- Surrogate models can accelerate simulations of convective fault zone–host rock 

systems by several orders of magnitude, but their reliability is challenged by 
coexisting solutions and regime transitions.

- Entropy generation analysis facilitates the identification of bifurcation points, 
which coincide with regions of degraded surrogate performance.

- 𝑁& serves as an effective additional performance metric for surrogate model 
validation beyond conventional error measures.

- Due to the inherently non-unique and oscillatory nature of free convection, 
stochastic surrogate evaluations may be required. When system behavior is poorly 
constrained a priori, extending the surrogate parameter space with wavenumbers 
𝑚,𝑛 enables exploration of multiple physically possible solution branches.
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Figure 1. Full-order model consisting of a high-
permeable fault (1.5x10-13 m2 ) embedded within 
a low-permeable host rock (10-17 m2).

Figure 2. Comparison of surrogate and full-order model results for a varying bottom 
temperature 𝑻𝒉 evaluated at 203 °C for a temperature- and entropy-based surrogate.
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Figure 3. Surrogate model results for the entropy generation field for varying 
bottom boundary temperatures 𝑻𝒉. The derived 𝑵𝒔 values are shown for the 
full-order training and test data sets as well as the surrogate. Mean squared 
errors are provided for scaled entropy generation; values in brackets denote 
the unscaled MSE. The upper and lower graph correspond to models without 
and with physical preconditioning, respectively.

- Entropy Generation Evaluation: The local entropy generation rate is defined as:
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- To analyze the thermal state of the system, we use the dimensionless entropy generation number:

𝑁& =
∫% /&'(

))) 01

∫%
* +, $

-$,#
$ 01

[-] 

- Constructed entropy- and temperature-based surrogate models for single-parameter variations:
varying bottom temperature 𝑇2, dip angles 𝛿, and fault permeabilities 𝑘3

- Expanded models to multi-parameter spaces varying 𝑇2 alongside thermal conductivity 𝜆, porosity 𝜑, 
and permeability 𝑘 for fault and host rock.

- Evaluating 𝑁& against the free parameter can reveal a bifurcation diagram
- Overlapping stable solutions for similar parameter values can lead to unreliable surrogate models
- Physical preconditioning through a suitable temperature initial condition leads to fewer bifurcations:
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