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Abstract. Modelling the dynamic response of reservoirs to
fluid injection often relies on fully coupled thermo-hydro-
mechanical models, which provide a high-fidelity representa-
tion of the governing physical processes. These models sup-
port operational and design decisions under significant ge-
ological and parametric uncertainties. However, their high
computational cost severely limits their applicability in large-
scale statistical analysis and thus limiting the potential to
account for these uncertainties. We present Platypus, a
Python package that bridges full-order process-based reser-
voir simulations and surrogate-based analysis. The package
provides automated, reproducible workflows covering the
full pipeline from parameter sampling and simulation inter-
facing, through ensemble curation and data management, to
surrogate model construction and global sensitivity analy-
sis. Surrogate models are built via the non-intrusive reduced-
basis method to deliver computationally efficient, physics-
consistent approximations of the transient reservoir response,
enabling statistical analysis that require a large number of
evaluations. The package is demonstrated on two geother-
mal applications: a synthetic reservoir benchmark and the
GroB Schonebeck geothermal site. These examples illustrate
the package’s ability to handle time-dependent coupled hy-
drothermal and thermo-hydro-mechanical processes, man-
age large simulation ensembles, and perform global sen-
sitivity analyses enabled by surrogates. Platypus is de-
signed to be modular and extensible, providing a flexible tool
for ensemble-based reservoir modelling workflows across a
range of subsurface applications.

1 Introduction

Numerical models of reservoirs are essential tools to improve
our understanding of subsurface conditions for real-world
applications, yet they face significant computational chal-
lenges. The high-dimensional parameter space arising from
the heterogeneity and uncertainty of the subsurface hinders
a direct usage of high fidelity models for statistical analy-
sis such as global sensitivity analysis, uncertainty quantifica-
tion, model calibrations, and inversions, all of which require
a large number of evaluations to adequately sample the pa-
rameter domain. Meeting these demands requires navigating
a list of challenges including parameter sampling, data man-
agement, and model reduction. These problems have practi-
cal, existing solutions in isolation (e.g., McKay et al., 1979,
for parameter sampling strategies; Sullivan and Kaszynski,
2019, for handling and curating simulation outputs; Hoyer
and Hamman, 2017, and Abernathey et al., 2021, for large
multidimensional datasets; and Degen et al., 2023, for surro-
gate modeling of physical processes in geoscientific applica-
tions), but collectively they represent a steep learning curve
for a new user.

Surrogate modelling (also referred to as meta- or proxy
modelling across communities) offers a computationally effi-
cient alternative to full-order process-based simulations. Sur-
rogate models broadly fall into three categories. Physics-
based surrogate models, as constructed by, for instance, Hes-
thaven et al. (2016) and Benner et al. (2015), preserve the
underlying physics, but are limited in the range of appli-
cations. So, problematic are general applications to hyper-
bolic and nonlinear problems, which constitute many geo-
physical applications such as geothermal, seismic and elec-
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tromagnetic applications (Degen et al., 2023; Benner et al.,
2015; Hesthaven and Ubbiali, 2018). Data-driven surrogate
models, conversely, do not preserve the physics but are ap-
plicable even to complex nonlinear problems. Hybrid ap-
proaches aim to combine the strengths of both methods and
overcome their individual limitations. Physics-informed neu-
ral networks (PINNs), for instance, introduce the physics as
a constraint in the loss function, earning them the alternative
name physics-constrained machine learning method. How-
ever, they do not guarantee internal consistency with physics
for all states within the domain. The non-intrusive reduced-
basis (NIRB) method (Degen et al., 2023; Swischuk et al.,
2019; Hesthaven and Ubbiali, 2018) is a model order reduc-
tion technique that constructs low-order approximations of
high-fidelity models, aiming at preserving the input-output
relationship of the models. Unlike classical machine learn-
ing techniques and PINNs, NIRB does not treat physics as
data or as a constraint. Its computational efficiency makes
it suitable for large statistical analysis such as probabilistic
model calibrations, uncertainty quantification, and sensitiv-
ity analysis (Degen et al., 2022, 2023).

To assist in the steps of full-order model and sur-
rogate model construction and application, we present
Platypus', a software package that integrates sampling
strategies, model curation and visualization, handling large
distributed multidimensional ensemble data, surrogate train-
ing, and global sensitivity analysis into a single Python-
based framework, bridging full-order process-based simula-
tions and surrogate-based analysis. It provides automatic, re-
producible pipelines and modular workflows adaptable to di-
verse scenarios and solvers. Example workflow scripts and
tutorial Jupyter notebooks are included alongside the pack-
age.

2 Implementation

Platypus is an open-source Python package covering the
full workflow from simulation interfacing to surrogate mod-
eling, as illustrated in Fig. 1. Tailored to the finite element
solver GOLEM/MOOSE (Jacquey and Cacace, 2017; Har-
bour et al., 2025) but being extendable to other simulation
frameworks, it handles parameter sampling, input file gen-
eration, model curation, and ensemble assembly, all driven
by a centralized configuration file. The package provides
visualization and mesh handling through PyVista (Sullivan
and Kaszynski, 2019), and stores simulation datasets in a
labelled, distributed fashion using Zarr format with Xarray
(Hoyer and Hamman, 2017), avoiding redundant storage. It
further construct computationally efficient surrogate models
via the non-intrusive reduced-basis method (Degen et al.,
2023; Swischuk et al., 2019; Hesthaven and Ubbiali, 2018),
which can be applied directly to global sensitivity analysis

IThe package is named after the creature that combines traits
found separately elsewhere.
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through SALib (Iwanaga et al., 2022; Herman and Usher,
2017). Each of these steps is described in detail in the fol-
lowing subsections.

2.1 Parameter sampling

Sampling the parameter subspace for ensemble simulations
involves a series of decisions. The number of parameters to
vary, their ranges, and their distributions need to be speci-
fied. These choices are context-dependent, determined by the
prior knowledge of the model setup, the workflow and the
study objective. In iterative workflows involving a sensitivity
analysis, the parameter set may shrink across iterations, as
low influence parameters are identified and removed, requir-
ing the parameter subspace to be redefined at each stage. Ad-
ditionally, parameters may follow skewed or non-linear dis-
tributions (e.g., permeabilities are often defined in logarith-
mic scale while density or thermal conductivity use a linear
scale), requiring sampling strategies that avoid bias in subse-
quent statistical analysis (e.g., Degen and Wellmann, 2026).

The configuration file contains the list of varying param-
eters, along with the respective value ranges, the ensemble
size for training and validation realisation sets, and the sam-
pling strategy for each set. P1latypus supports the defini-
tion of arbitrary forward and inverse mappings to linearize
each parameter distribution prior to sampling, and provides
currently two sampling strategies: the Latin Hypercube sam-
pling (LHS; Loh, 1996), and random sampling. The former
is a sampling strategy widely adopted for uniform sampling
of the parameter space to construct the training ensemble of
models. The latter is often used for the validation ensemble.

Input files are generated from a reference input file tem-
plate with placeholders for parameter values, ensuring that
the ensemble members are built from a verified reference
model. The resulting input files can be executed locally or
on high-performance compute clusters.

2.2 Choice of simulator

The non-intrusive reduced-basis method is agnostic of the
numerical method, making Platypus extensible to out-
puts from different process-based simulators, though it is
currently tailored to GOLEM/MOOSE. GOLEM (Jacquey
and Cacace, 2017) is an open-source finite element simula-
tor built on the general Multiphysics Object-Oriented Simu-
lation Environment (MOOSE; Harbour et al., 2025). It im-
plements the coupled thermo-hydro-mechanical formulation
describing fluid flow, heat transport, and mechanical defor-
mation in porous media. The coupled system of equations is
summarized below.

The governing equation for pore fluid pressure comes from
the fluid mass balance, under Boussinesq approximation, as

—+agkk+(1—a)§kk+v-qD=0, €))
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Figure 1. Model-to-surrogate workflow schematic. P1atypus orchestrates each stage of the surrogate modeling pipeline, from parameter
sampling and interfacing with an external simulator (in dotted box to emphasize its external character), through model curation, data manage-
ment, and surrogate training, all guided by a centralized configuration file. The solid line boxes indicate modules for which platypus offers
functionality. The data pipeline denoted by blue, indicates the output files obtained from a module at the time and available for the next steps.
Available options at each stage are listed on the right side of the figure. Center: Platypus logo (OpenAl, 2025).

where p is the pore pressure, T is the temperature, ¢ is the
time, €  is the total volumetric strain rate, €* is the inelastic
strain rate, « is the Biot coefficient, My is the Biot modulus,
B is the volumetric thermal expansion coefficient, and the
subscripts f, s and b, correspond to the fluid, solid and bulk
components, respectively. The Darcy velocity gp, is given by

1
‘ID=—;I:€(VPf—,0fg)» @)

where k is the permeability tensor of the porous medium, u
is the fluid viscosity, pr is the density of the fluid, and g the
gravity vector.

The governing equation for heat transport results from en-
ergy balance of the porous-fracture system under thermal
equilibrium conditions as

oT
(pcpor-+ V- (prcegpT — 1 VT) =0, 3

where c is the specific heat capacity, (pc), = ¢prer+ (1 —
@) pscs 1s the bulk specific heat of the porous medium, ¢ is
the porosity, Ap = ¢pAs+ (1 — @)As is the bulk thermal con-
ductivity.

The linear momentum balance equation of the bulk in
terms of the effective Cauchy stress tensor ¢’ is given by

V(¢ —apl)+prg =0. 4)

There, E is the rank-two identity tensor, and py, is the bulk
density of the fluid—solid mixture (pp = ¢pr + (1 — @) ps).
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Further details about the governing equations, their deriva-
tion from mass, energy, and momentum conservation, and the
underlying assumptions can be found in Cacace and Jacquey
(2017). For a general review of coupled thermo-hydro-
mechanical (and chemical) modeling of fractured porous me-
dia, see Vaezi et al. (2025), Zhang et al. (2023), Pandey et al.
(2018) and references therein.

Platypus interfaces with a simulator by writing sam-
pled parameter values into the solver’s input, and reading the
resulting ensemble of model solution snapshots. Supporting
a different simulator amounts to adapting how sampled pa-
rameters are supplied to the solver, and how output fields are
read back into the framework. The rest of the downstream
modules remains unaffected. Minimal integration requires
a function that exposes the model data to the framework.
Deeper integration, such as automated execution of the solver
or handling solver-specific mesh structures, requires more ef-
fort.

2.3 Model pruning

Platypus leverages PyVista (Sullivan and Kaszynski,
2019) and its VTK Exodus readers to read, filter, and visual-
ize GOLEM model outputs for model curation and quantity
of interest selection. This allows the user to work with entire
model states or restrict the domain to the observation space
alone.
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The user can filter by predefined mesh block names (e.g.,
from volumetric lithologies or lower dimensional structures
such as faults), cell types (e.g., triangles, tetrahedrons, hex-
ahedrons), fields stored at nodal or cell level (e.g., temper-
ature, pore pressure, stress components), merging the selec-
tion into a single unstructured mesh. The resulting reference
mesh serves both as visualization output and as common spa-
tial structure across the ensemble.

Model curation at this stage also includes identifying
and discarding failed, incomplete or inconsistent simulations
prior to ensemble assembly. Once the relevant fields are se-
lected, mesh geometry and connectivity are dropped before
packing, retaining only the field data and associated metadata
and avoiding data duplication. Spatial information is not re-
quired for surrogate training or evaluation under the NIRB
approach we employ, though a reference mesh is retained to
visualize the spatial distribution of results.

2.4 Packing and metadata management

In this stage of data curation, we assemble and store the en-
semble of simulations in a multidimensional, labelled data
structure. Figure 2a illustrates the multidimensional char-
acter of the stored data, whose axes correspond to physi-
cal fields, time values, realization numbers, and spatial in-
dices indicating whether field data was extracted node- or
cell-wise. Beyond storage, this step enforces metadata con-
sistency across simulations and provides structured, labelled
access to the ensemble data.

Platypus leverages Zarr format with Xarray (Hoyer and
Hamman, 2017) to store the n-dimensional array, and labels
of their values across their axes to maintain interpretabil-
ity. An additional advantage of using these libraries in the
context of big scientific data lies on the distributed, chun-
ked storage, lazy loading, and available compression algo-
rithms for the packed data (e.g., Abernathey et al., 2021).
The distributed storage is well-suited to parallel process-
ing and cloud-native workflows. The lazy loading refers to
having access to the ensemble dimensions without loading
it all on memory, which is particularly helpful for extract-
ing subdomains of the ensemble prior to loading in mem-
ory the data. To accommodate different computational envi-
ronments, Platypus contains different packing strategies
suited to both laptop and high-performance cluster settings.

2.5 Data preparation for surrogate training

Platypus applies a static correction and a normalization to
improve conditioning and ensure that each feature has equal
level of importance to model performance. The static cor-
rection, or “particular solution” (Swischuk et al., 2019), is
substracted from the data to isolate the perturbations to the
system. In Platypus, the user can choose this term as ei-
ther the inital conditions of the simulation, or the node/cell-
wise mean across realizations and time. Platypus sup-
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ports standarization (Z-score normalization) and min-max-
scaling. The computed scaling parameters are stored in JSON
format to enable consistent forward and inverse scaling when
evaluating the surrogate. The user can select a subset of the
ensemble along any of its axes, on which both correction and
scaling parameters are computed and the surrogate is trained.

2.6 Surrogates via non-intrusive reduced-basis method

In Platypus we adopt a hybrid surrogate approach,
the non-intrusive reduced-basis method (Degen et al.,
2022, 2023; Hesthaven and Ubbiali, 2018). Figure 2b shows
the NIRB method, which consists of a decoupled offline and
online phases. In the offline phase, the method uses snapshot
collections from the full order models to extract a reduced
basis through a proper orthogonal decomposition (POD) to
capture characteristic physical behaviour, and uses machine
learning to determine the weights of these basis functions.
After the offline phase, the online phase is used to obtain ef-
ficient on-demand state predictions (Hesthaven and Ubbiali,
2018; Degen et al., 2022). This hybrid physics-based ma-
chine learning method enables the construction of robust,
scalable, and interpretable surrogate models that approxi-
mate high-fidelity physical simulations without modifying
the governing equations or the underlying solver.

The reduced solution uy, for a set of parameters y is ap-
proximated as the linear combination of basis functions,

un(y) =Y vi0y (), 5)
i=1

where ; are the POD basis functions and (933) are the cor-
responding reduced coefficients evaluated for y. The basis
functions are truncated by imposing a threshold € to a cu-
mulative energy criterion defined by the singular values o;

as

>1—¢, (6)

where n is the total number of training snapshots. This cri-
terion selects the n most energetically significant basis func-
tions. In Platypus, this criterion is handled at the configu-
ration file, referred to as POD threshold.

Platypus includes two options to compute the coef-
ficients. The first option is using Gaussian process regres-
sion, a non-parametric Bayesian approach that models input-
output relations through a normal distribution prior, requiring
few hyperparameters and yielding optimal coefficient esti-
mates (Guo and Hesthaven, 2018; Lindner et al., 2025). It is
well-suited to small scenarios and processes with relatively
linear parameter variations (Raissi et al., 2017), with lim-
ited scalability (which has motivated efforts to overcome it;
Liu et al., 2020), making it less appropriate for highly non-
linear processes. The second option involves estimating the
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Figure 2. Data management and surrogate modeling via non-intrusive reduced-basis (NIRB) approach. (a) Multidimensional labelled data
structure for ensemble storage, organized along axes representing physical fields, time steps, simulation realizations, and spatial indices
(node- or cell-wise). (b) Surrogate construction via NIRB from snapshot collections from full order model. The method consists of two
decoupled offline and online phases. In the offline phase, it uses an ensemble of snapshots to extract a reduced basis through proper orthogonal
decomposition (POD), and uses machine learning to determine the weights of the basis functions. The online phase is then used to obtain

fast predicitons on demand. Modified from Degen et al. (2025b).

coefficients via neural networks using, in our case, Tensor-
Flow (Abadi et al., 2015; TensorFlow Developers, 2026).
The latter is rather preferred for coeficient estimation from
non-linear processes (Degen et al., 2022, 2023). This option
also features the use of Optuna for hyperparameter tuning
(Akiba et al., 2019). The surrogate training in Platypus
adopts the NIRB implementation used and analysed in pre-
vious applications (Degen et al., 2025a, 2023, 2024, 2022;
Santoso et al., 2022). The cost for this offline phase is depen-
dent on the chosen Qol, degrees of freedom and complexity
of the field to be reproduced, as well as timesteps and POD
threshold, and surrogate training method.

2.7 Global sensitivity analysis pipelines

At the online stage, the surrogate model can be evaluated or-
ders of magnitude faster than full-order simulations, enabling
both real-time parameter exploration and large-scale statis-
tical analysis. Platypus includes pipelines to compute
variance-based Sobol sensitivity indices via SALib (Iwanaga
et al., 2022; Herman and Usher, 2017). This allows the user
to assess the influence of model parameters on selected quan-
tities of interest, helping to reduce the parameter space for
applications such as inversion, optimization, and uncertainty
quantification. The Sobol method requires no a priori knowl-
edge of parameter distributions and decomposes the model
output variance into direct parameter effects (first-order in-
dices), parameter interactions (higher-order indices), and to-
tal influence (total-order indices).

While a global sensitivity analysis (SA) is computationally
demanding, it is a natural preparation step for model calibra-
tion (Dorward et al., 2024). Taking into consideration the in-
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formation from parameter interactions significantly reduces
the dimensionality of the problem, directly benefiting subse-
quent calibration and inversion schemes.

3 Examples of applications

We present two applications of Platypus demonstrating
its use across time-dependent coupled hydrothermal and
thermo-hydro-mechanical processes. The first example is a
simple reservoir benchmark, where the trained surrogate is
used to perform a global sensitivity analysis targeting mate-
rial parameters. The second one is an application to the Grof3
Schonebeck geothermal site, featuring a multistage injection
scenario, where we demonstrate how the workflow can be fo-
cused on a specific region of interest through model pruning.

3.1 Simple geothermal reservoir benchmark

The simple reservoir scenario consists of a synthetic geother-
mal doublet embedded in a low permeability formation at
approximately 4 km depth with induced fractures at the two
operational wells, designed to capture the thermohydraulic
response to geothermal operations. We use this scenario to
demonstrate a typical Platypus workflow, covering pa-
rameter sampling, model curation, ensemble assembly, sur-
rogate construction, and global sensitivity analysis.

In this transient TH model, we vary porosity, permeability,
density, heat capacity, and thermal conductivity of the solid
media over ranges specified in Table 1, while all remain-
ing material parameters are held constant at their reference
values. The model domain consists of a 500 m cubic porous
reservoir with a background temperature of 150 °C. Water is
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Table 1. Parameter subspace for the simple geothermal reservoir
ensemble.

Parameter Symbol Min-Max  Unit
Porosity bdom 0.02-0.2 -
Permeability kdom 10-10-10-15 m?

Density Pdom 2400-2800 kgm—3
Heat capacity  Cdom 900-1000 Jkg~!K~!
Thermal cond.  Agom 2-4 wWm~!K!

injected at a temperature of 70 °C through an injection well at
arate of 3L s~ !, with an equal production rate. The scenario
has an operation time of 100 years. We sample the training
ensemble of 200 realizations via Latin Hypercube sampling,
and draw a validation ensemble of 40 realizations by random
sampling, applying a logarithmic mapping to the permeabil-
ity to avoid sampling bias. We run each simulation for 100
years with 100 saved timesteps.

We curate the ensemble by retaining pore pressure and
temperature fields node-wise over the full volumetric do-
main, filtering for tetrahedral cell types and discarding fault
surfaces and line elements. We then remove the training set
mean from both training and validation sets, and apply stan-
dard scaling to the parameter sets and min-max scaling to
the field data. POD basis extraction at a tolerance of 10™*
yields 14 basis functions for the pore pressure and 51 for the
temperature. We estimate the reduced coefficients via neural
networks with hyperparameter optimization through Optuna.

In the online stage, we compare the surrogate predictions
against the validation set and use them to accelerate the eval-
uations for global SA. Figure 3a-b show a the temperature
field after 100 years comparing the full order simulation out-
put and the surrogate prediction. Figure 3c shows their differ-
ence, where blue marks regions where the surrogate under-
predicts and red marks regions of over-prediction, with resid-
uals below expected temperature measurement errors. Over
all validation realizations, timesteps and spatial degrees of
freedom, the relative L, norm is 9.45 x 10~*. We then evalu-
ate the surrogate model 1572 864 times to compute Sobol
sensitivity indices, following a Saltelli’s sampling scheme
(using 217 samples, as described in Herman and Usher, 2017;
Saltelli, 2002), on the domain averaged temperature, identi-
fying pdom, and Agom as the most influential parameters by
their first-order indices.

3.2 GroB Schonebeck geothermal reservoir model

The Geothermal Research Platform Grof Schonebeck in
Northern Germany is a laboratory for the development of
geothermal technologies in hydrothermal reservoir rock with
low permeability. Two research wells form a geothermal dou-
blet providing access to water-bearing horizons at depths be-
tween 3.9 and 4.4km at temperatures of 150°C (Blocher
et al., 2016).

Adyv. Geosci., 68, 1-11, 2026
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Table 2. Parameter subspace for the Grof3 Schonebeck ensemble.
Symbol subscripts indicate lithological unit: Elbe base sandstone I,
and volcanic layer.

Parameter Symbol Min-Max  Unit
Porosity PElbe 0.135-0.165 -
Porosity Dole 0.0045-0.0055 -

1.152 -1.408 (x10~15)  m?
0.8883-1.0857 (x10716)

Permeability  kgjpe
Permeability  kyolc

Bl\)

To study the multi-injection stimulation performed at
this site, in which large volume of injected water at high
flow states triggered micro-seismicity (Blocher et al., 2018;
Blocher et al., 2016; Kwiatek et al., 2010; Moeck et al.,
2009; chronology and references in Christi et al., 2025), Ca-
cace et al. (2021) presented and validated a coupled thermo-
hydro-mechanical model of the geothermal site, finding seis-
mic rates sensitivity to fluid-pressure rates, temperature vari-
ations, and tectonic conditions.

In this example, we adopt the model from Cacace et al.
(2021) to demonstrate how Platypus can be used to ex-
tract specific subdomains and lithological units together with
fault features from the full-order model (location shown in
Fig. 4a, b). We further use the extracted subdomain to train
a surrogate of the pore pressure field, demonstrating that
the workflow generalizes to focused domains and thermo-
hydro-mechanical (THM) processes. In contrast to the simple
reservoir benchmark, this scenario evolves over timescales of
days, emphasizing different dominant physical processes.

The model geometry consists of a
1.6km x 1.6km x 0.51 km reservoir. We vary the per-
meability and porosity for two lithological units listed in
Table 2, maintaining the reference anisotropy ratios for the
transversely isotropic permeability, with all remaining pa-
rameters held constant at their reference values. This choice
of parameter space follows the most influential parameters
identified in Degen et al. (2022). We sample a training
ensemble of 200 realizations via LHS and a validation set
of 50 realizations by random sampling. POD extraction at a
tolerance of 5 x 10~ results in 28 basis functions for pore
pressure and 5 for temperature, and we estimate the reduced
coefficients via neural networks with hyperparameter tuning.
The relative L norm across timesteps, realizations and
spatially distributed pore pressure field yields a value of
1.34 x 1072 Figure 4c shows the pore pressure validation,
demonstrating that P1latypus can be used to construct an
accurate surrogate on a spatial subdomain.

4 Discussion

Surrogates offer a computationally efficient alternative to
full-order simulations, enabling large-scale statistical anal-
ysis. The examples in the previous section illustrate the flex-
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Figure 3. Surrogate validation and global sensitivity analysis for the simple geothermal reservoir benchmark. Temperature distribution of
the (a) full finite element solution using GOLEM and (b) the NIRB surrogate prediction for a validation realization, depicting a geothermal
doublet configuration. (c¢) Difference between the two solutions, with residuals of a fraction of °C across the domain, at a simulation time of
100 years. The surrogate model is then evaluated 1 572 864 times to perform a global sensitivity analysis on the domain averaged temperature.
(d) First and Total-order Sobol sensitivity indices for the five material parameters of the reservoir domain. (e) Second-order sensitivity indices
quantifying the combined influence of parameter pairs. Interaction effects remain small relative to first-order effects.

ibility of P1latypus in handling the chain of challenges in-
volved in curating an ensemble and constructing a reduced
model for a given scenario.

More broadly, Platypus addresses a recurring need in
reservoir engineering: ensuring consistency and traceability
across ensemble-based modelling studies. The data pipeline
shown in Fig. 1 collects the data and metadata exchanged be-
tween workflow steps, facilitating documentation and repro-
duction. This structure supports adoption across teams and
projects, and provides a practical framework around which
guidelines and recommended practices for ensemble-based
reservoir modelling can be developed and shared.

The modularity of the package allows individual compo-
nents to be adapted or replaced to suit specific modelling re-
quirements, and can be integrated into external workflows in-
dependently. Within this framework, the focus shifts to iden-
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tifying the quantity of interest that best sharpens the scientific
or operational question around a given scenario.

The choice of quantity of interest can be computed at dif-
ferent stages of the workflow in Fig. 1. The user can com-
pute it at run time directly from the solver, extract it from
the packed ensemble, or derive it from the surrogate output.
Computing within the solver itself is advantageous when it
involves material parameters that vary in time, or fields too
large to store in memory (e.g., the full stress tensor). When
all required fields are available at the packing stage, the quan-
tity of interest can be queried at any point in space and time.
When deriving the quantity of interest from the surrogate, the
user should account for potential propagation of numerical
errors from each contributing field into the final quantity.

A practical consideration when assembling the ensemble
is to pack a large model domain from the outset, even when
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Figure 4. Grol Schonebeck geothermal site and surrogate validation. (a) Full 3D reservoir model (adopted from Cacace et al., 2021),

composed of six sedimentary and volcanic units. (b) Model pruning application: the full domain is clipped to isolate the region of interest

around the injection zone and simplified fault geometries. (¢) Pore pressure validation comparing the full finite element solution, the NIRB
surrogate prediction, and their difference at a simulation time of 1.75d.

the intended analysis targets a specific subdomain. The for-
mat of the stored ensemble allows to query any subset of the
ensemble (e.g., lithological units, clipped regions between
isodepths, or lower dimensional features such as faults and
wells), which reduces storage redundancy, preserving the
flexibility to revisit different regions of interest without re-
running the data pipeline. The reference mesh retained after
model pruning further supports this, as it provides the spatial

index needed to map any queried subset back to its physical
location in the model.

Adyv. Geosci., 68, 1-11, 2026

Limitations and Outlook

The workflow steps in Plat ypus described above represent
a functional but extensible baseline. Several directions for
future development are outlined here.

At the sampling stage, the current implementation sup-
ports Latin Hypercube and random sampling. Potential ex-
tensions include low-discrepancy sequences (Halton, 1960;
Niederreiter, 1992; Sobol, 1998), as well as adaptive sam-
pling schemes (e.g., Liu et al., 2018), which iteratively refine
the parameter space coverage based on model responses.

Adapting P1latypus to alternative solvers, such as finite
volumes or finite differences codes, would require only a
modified model pruning module to extract transient output
fields, ensure consistent indexing across the realizations, and
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assemble the ensemble of simulation data. For simulations
that involve adaptive mesh refinement, where the number of
nodes varies across time and realizations, projection methods
that accommodate mesh variability exist (GraBle et al., 2019;
Alla et al., 2021). Alternatively, one may consider projecting
onto a common reference mesh solution.

The surrogate training stage is currently based on the
NIRB approach with POD for basis extraction, and Gaussian
process regression or neural networks for coefficient estima-
tion. This could be extended to alternative reduction method-
ologies, different machine learning backends, or problem-
specific constraints on data handling.

Finally, while Platypus supports an arbitrary number
of parameters and output fields, a large parameter space will
demand a large ensemble to adequately capture the physical
behaviour of the model, which in turn increases the compu-
tational cost of both simulation and surrogate training.

5 Conclusions

We have presented Platypus, an open-source, user-
friendly Python package that integrates parameter sampling,
model curation, and surrogate training for ensemble-based
reservoir modelling. The examples demonstrate its applica-
bility to coupled time-dependent hydrothermal and thermo-
hydro-mechanical processes, where surrogate models repro-
duce full-order simulation outputs at a fraction of the com-
putational cost, enabling global sensitivity analyses with over
a million surrogate evaluations. Already adopted in geother-
mal modelling workflows, P1atypus provides a structured
and reproducible pipeline that ensures consistency and trace-
ability across ensemble-based studies, supporting adoption
across teams and projects. Its modular design allows individ-
ual components to be adapted, extended, or integrated into
external workflows, making it applicable to a wider range of
process-based simulators and subsurface applications.

Code and data availability. The Platypus Python package in-
cluding model and input data for the synthetic simple geother-
mal reservoir is publicly available via a Zenodo repository
(https://doi.org/10.5281/zenodo0.20734438, Hayek et al., 2026).
Field data and model associated to Grof3 Schonebeck are available
upon reasonable request.
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