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A B S T R A C T

Geothermal energy has the potential to decarbonize heating, cooling, and power production. However, managing 
the efficient and sustainable exploitation of geothermal resources is challenging due to the limited data avail
ability, which restricts our ability to characterize and quantify the multi-scale, hierarchical geological structures 
of the hosting reservoirs. In this study, we propose a scenario-based data assimilation framework that enables the 
efficient modelling of multiple complex geological scenarios and is linked to flow and heat transfer simulations 
for subsequent uncertainty analysis. This framework is based on an ensemble smoother with multiple data 
assimilation (ESMDA) and demonstrated on a channelized fluvial geothermal reservoir. By improving the open- 
source Rapid Reservoir Modelling (RRM) tool, we efficiently create multiple deterministic fluvial geothermal 
reservoir scenarios that honors facies along well paths in a probabilistic manner by randomly selecting, cropping, 
and stacking channelized layers from the layer template library. Petrophysical properties for each scenario are 
then modelled using geostatistics to generate a geologically plausible and sufficiently diverse ensemble of 
reservoir realizations. The multiple scenarios and corresponding ensemble realizations are then subjected to heat 
and fluid flow simulations using the open-source Delft Advanced Research Terra Simulator (open-DARTS) to 
quantify the uncertainty of production temperatures and reservoir pressures. Finally, ESMDA is employed to 
assimilate temperature and pressure profiles at the injection well, monitoring borehole, and production well 
across all members of the ensemble realizations for the different geological scenarios. We demonstrate the 
applicability of our framework using a synthetic, yet geologically consistent, case study of a low-enthalpy 
geothermal system where heat is produced from a geothermal doublet located in a channelized fluvial sand
stone reservoir. The framework enables the falsification of geological scenarios with poor data assimilation 
performance that is unlikely to reflect the actual reservoir architecture, and supports the identification of 
plausible geological scenarios that are more likely to represent the subsurface geology based on the deviation of 
modelled and observed well temperature and pressure profiles. The workflow offers an efficient way to constrain 
geological uncertainties inherent to geologically complex geothermal reservoirs and improve the forecasting of 
production temperatures and pressure differences.

1. Introduction

Geothermal energy can play an important role in the energy transi
tion by decarbonizing heating and cooling, which account for nearly 
50% of the total energy consumption in the global north (Moya et al., 
2018). In particular, direct-use low-enthalpy geothermal systems for 
space heating are gaining significant attention in Europe (Anderson and 
Rezaie, 2019; Limberger et al., 2018; Lund and Toth, 2021). These 

systems are often exploited using multi-well configurations, such as 
doublets, with one well for cold water injection and the other for hot 
water production (Babaei and Nick, 2019; Daniilidis et al., 2021; Wang 
et al., 2021). Similar to other subsurface resources, long-term 
geothermal exploitation is subject to considerable uncertainty due to 
the multi-scale and hierarchical geological heterogeneities inherent to 
subsurface reservoirs, insufficient knowledge about the spatial distri
bution of these heterogeneities, and inadequate conceptual and 
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mathematical models of the fluid-rock interactions that control flow 
behaviors (Witter et al., 2019). To explore and constrain these un
certainties and their impact on production rates and temperatures, 
reservoir models are created based on data interpretation and empirical 
correlations. These models aim to account for the limited data avail
ability and our incomplete understanding of the subsurface geology 
(Ringrose and Bentley, 2016). By numerically simulating heat and fluid 
flow for these reservoir models, the different production behaviors can 
be explored, and uncertainties that impact technical risks such as early 
thermal breakthrough, short operational lifespan, or high maintenance 
costs can be assessed and quantified. To mitigate these risks, support the 
decision-making during operations, and optimize the overall perfor
mance of a geothermal system, it is essential to effectively capture, 
quantify, and constrain uncertainties (Daniilidis et al., 2021; Hoteit 
et al., 2023; Juliusson and Bjornsson, 2021).

One of the major technical factors contributing to uncertainty in the 
production forecasts is geological uncertainty, which needs to be 
adequately represented in the reservoir modeling (Mendez et al., 2024; 
Yousefzadeh et al., 2020). There are three distinct approaches for un
certainty handling during reservoir modeling (Bentley and Smith, 
2008). Rationalist approach: the method selects a preferred reservoir 
model as base case and then adds a range of uncertainty around the base 
case to generate the ‘upside’ and ‘downside’ cases. The base case is a 
reference model against which alternative models are compared. Mul
tiple stochastic approach: equiprobable realizations are generated 
probabilistically using geostatistical simulation. A realization is a single 
instance generated within a specific reservoir scenario. Each realization 
is populated with the continuous property fields that exhibit spatial 
variability (e.g., porosity, permeability and thermal properties). Multi
ple realizations are produced for the same scenario to reflect the un
certainty in the continuous properties while keeping the overall 
reservoir architecture fixed. Multiple-deterministic scenario modeling 
approach: Geological scenarios are designed as deterministic represen
tations of various discrete subsurface concepts, rather than relying on 
statistical sampling based on a single initial scenario. Each scenario 
provides an alternative depiction of the reservoir architecture, effec
tively capturing large-scale geological uncertainty. For example, in a 
fluvial reservoir, variations in channel belt size, channel sinuosity, 
number, connectivity, and stacking lead to a diverse range of geological 
scenarios (Song et al., 2024). Scenario modeling can also be combined 
with the multiple stochastic approach, where deterministic scenarios are 
first designed and then multiple probabilistic realizations are generated 
within each scenario through geostatistical method to populate het
erogeneous porosity and permeability into different domains (Bentley 
and Smith, 2008).

With regard to scenario uncertainty analysis for production forecasts 
in geothermal systems, previous studies mostly focused on ensemble 
realizations around a single geological scenario to evaluate the range of 
possible production curves. For example, Wang et al. (2023) employed 
the open-source Delft Advanced Research Terra Simulator (open-
DARTS) to perform an uncertainty quantification, considering vari
ability in porosity-permeability distributions, salinity, and rock 
conductivities and their impact on produced energy and net present 
value of a low-enthalpy channelized fluvial geothermal system. Babaei 
and Nick (2019) conducted 2600 numerical simulations of a 
low-enthalpy geothermal system considering different variances and 
correlation lengths in the statistical models that describe the porosity 
distribution. However, these studies only considered a single geological 
scenario, which, as discussed above, usually cannot adequately capture 
inherent geological uncertainty. Reservoir architecture, i.e., the 
multi-scale geometry of different geological structures and their spatial 
interaction, plays a crucial role in the development of subsurface energy 
systems, not only in oil and gas exploration but also in geothermal 
production (Bond, 2015). Schulte et al. (2020) conducted a 
multiple-objective optimization for a geothermal doublet considering 
various geological scenarios, for example, in the fault models for the 

reservoir. Significant variations in bottom hole pressure differential 
(>3000 kPa) were observed across the different geological scenarios. 
The optimization of well positions and re-injection temperatures was 
highly sensitive to underlying scenarios. Wang et al. (2021) showed that 
the presence of shale facies and overburden layers can extend the life
time of low-enthalpy geothermal systems. Aghaei et al. (2024) employed 
meander-belt stratigraphic architectures to investigate the impact of 
sedimentary heterogeneity on the efficiency of geothermal doublets. 
Their findings revealed that geological heterogeneities shaped by river 
hydrodynamics, channel abandonment, and meander transformation 
significantly impact the shape of the thermal plume and cold-water 
breakthrough. Therefore, the inherent uncertainty in reservoir archi
tecture should be explored, and its impacts on geothermal production 
quantified. Addressing this uncertainty in reservoir scenarios requires 
rapid and flexible tools for geological scenario construction.

Rapid Reservoir Modeling (RRM) provides a rapid way for such 
scenario modeling. RRM is an open-source, sketch-based modeling tool 
with an intuitive interface, enabling users to explore and rapidly create 
geologically consistent 3D reservoir model scenarios from 2D sketches 
(Jacquemyn et al., 2021; Petrovskyy et al., 2023). RRM can explore 
deterministic scenarios quickly, especially for data-poor environments 
like geothermal systems (Baird et al., 2023). Scenario-based modelling 
using RRM can be combined with the stochastic modeling method to 
populate heterogeneous properties within different domains for each 
reservoir scenario, so that uncertainties from both reservoir architecture 
and petrophysical data are captured (Song et al., 2024).

To quantify and constrain uncertainty in the production forecasts 
caused by the geological uncertainty inherent to a geothermal reservoir, 
inversion approaches offer a promising strategy for adjusting geological 
models with real-world observations, such as well temperatures, pres
sure, electromagnetic data and seismic data (Athens and Caers, 2019; 
Hermans et al., 2018; Oudshoorn et al., 2024). This process, also known 
as data assimilation, usually combines prior equiprobable realizations 
for a given scenario, forward simulations, and field observations to 
generate revised posterior realizations for uncertainty estimation 
(Seabra et al., 2024). Commonly used data assimilation methods include 
gradient-based approaches, Markov Chain Monte Carlo (MCMC), and 
ensemble-based methods (Evensen et al., 2022). Tian et al. (2024) uti
lized the adjoint method to efficiently compute the gradient required in 
the Randomized Maximum Likelihood (RML) framework applied to 
history matching in geothermal reservoirs. While the adjoint method 
improves computational efficiency, it is not available as standard in 
many reservoir simulators. If adjoint methods are not available, gradient 
approximations are needed; they are, however, computationally 
expensive for high-dimensional parameter inversion, particularly when 
optimization must be performed independently for each realization to 
construct a posterior ensemble. Iterative Ensemble Kalman Filter (EnKF) 
approaches (Liu et al., 2020) avoid the need for costly gradient com
putations but rely on repeated linearization, which can cause ensemble 
collapse in strongly nonlinear problems such as geothermal systems with 
temperature-dependent fluid properties, coupled flow and heat trans
port processes, and complex reservoir architectures. Ensemble Smoother 
with Multiple Data Assimilation (ESMDA) (Emerick and Reynolds, 
2013) is computationally efficient, flexible and capable of integrating 
multisource data. ESMDA has gained increasing popularity in subsurface 
characterization of properties, and is particularly effective for weakly 
nonlinear and high-dimensional problems as they avoid explicit 
computation of the Jacobian matrix while maintaining ensemble di
versity. ESMDA applies parameter updates gradually over multiple 
assimilation steps by inflating observation error covariance. This 
tempered update strategy improves numerical stability, preserves 
ensemble variability, and provides more robust performance in 
nonlinear systems. It has been demonstrated that ESMDA generates an 
ensemble of plausible posterior realizations for a given scenario where 
each realization aligns reasonably well with observed data (Chen et al., 
2024; Oudshoorn et al., 2024; Saifullin et al., 2024; Wu et al., 2021). 

G. Song et al.                                                                                                                                                                                                                                    Geoenergy Science and Engineering 263 (2026) 214490 

2 



However, the variability among ensemble realizations only captures 
uncertainties stemming from petrophysical property. If the realizations 
are based on a geological scenario that poorly represents the actual 
reservoir architecture, then the forecasts become unreliable. Thus, data 
assimilation should consider geological uncertainties in reservoir ar
chitectures such as channel belt size, channel sinuosity, connectivity, 
stacking, etc., i.e., consider different geological scenarios and not only 
variability in property distributions.

To date, only a small number of data assimilation studies address 
uncertainty updates while also considering multiple geological sce
narios, especially for the geologically complex 3D reservoir systems like 
fluvial reservoirs. Athens and Caers (2019) created prior geological re
alizations of a basin-scale geothermal system where architectural ele
ments like basin depth, fault dip, and basin asymmetry are simply 
characterized by uniform statistics. They employed Bayesian Evidential 
Learning (BEL) to reduce the uncertainty in the temperature gradient, 
using the temperature distribution of a single well temperature as a 
constraint. Cao et al. (2018) and Guo et al. (2021) used multiple-point 
geostatistics (MPS) to model 2D channelized structures conditioned on 
direct measurements. By integrating iterative ensemble smoothers or 
ESMDA with MPS via pilot points, they improved flow and transport 
modeling by honoring observations and conceptual geological models 
(e.g., channel frameworks) after assimilation. Although MPS can 
generate complex reservoir models, relying on a single training image 
restricts the variability of reservoir architectures. Ling and Jafarpour 
(2024), and Jiang and Jafarpour (2020), utilized deep learning tech
niques such as Variational Autoencoders (VAEs) and Generative 
Adversarial Networks (GANs) to convert the complex, non-Gaussian 
subsurface properties into a low-dimensional Gaussian latent space 
across multiple geological scenarios. ESMDA was then used to calibrate 
the latent parameters with production data, and the updated latent 
space was used to reconstruct subsurface properties that remain 
consistent with the predefined geological continuity models. The results 
demonstrate the potential of VAE and GAN for improving the repre
sentation and reconstruction of complex spatial patterns in subsurface 
flow model calibration. However, these deep learning techniques still 
require validation on 3D geologically complex reservoir models that 
incorporate a wide range of plausible geological scenarios to ensure 
effective parameterization. In summary, the combination of scenario 
construction and data assimilation is essential to explore and potentially 
falsify geological scenarios, rather than merely adjusting petrophysical 
properties.

This study focuses on geologically complex fluvial geothermal res
ervoirs, inspired by the Delft campus geothermal project (Geothermie 
Delft). It was established to provide thermal energy for the campus and 
parts of the city of Delft (Vardon et al., 2024; Voskov et al., 2024). The 
project consists of a doublet system targeting the fluvial Lower Creta
ceous Delft sandstone formation at a depth of slightly over 2 km beneath 
the campus (Willems et al., 2020). The Delft Sandstone reservoir is 
interpreted as stacked distributary-channel deposits in a lower coastal 
plain environment, resulting in extensive sandstone sequences (Vardon 
et al., 2024; Wang et al., 2023; Willems et al., 2020). The key research 
question is how to best capture geological uncertainty in geologically 
complex geothermal reservoirs and how to quantify and constrain un
certainty in geothermal production to enable reliable forecasts. We 
propose a scenario-based data assimilation framework that integrates 
efficient geological modeling, high-fidelity production simulation, and 
ensemble-based data assimilation to explore, quantify, and constrain 
uncertainties in fluvial geothermal systems. Unlike traditional methods 
that rely on a single reservoir scenario, this framework leverages mul
tiple scenarios to quantify and constrain production uncertainty by 
simultaneously addressing uncertainties in reservoir architectures and 
properties. An efficient geological modeling approach that combines 
scenario-based Rapid Reservoir Modeling (RRM) with stochastic 
modeling to effectively capture geological uncertainties in reservoir 
architecture and petrophysical properties. An ensemble of deterministic 

fluvial geothermal reservoir scenarios that honors the available well 
data such as facies distributions along well-path is efficiently generated 
in a probabilistic manner by randomly selecting, cropping, and stacking 
channelized layers from the layer template library. An ensemble of re
alizations with uncertain petrophysical properties is generated through 
Sequential Gaussian Simulation (SGS) for each reservoir scenario. One 
realization of the reference reservoir scenario with specific channel 
features is selected as the synthetic ‘truth’ case and its simulated pro
duction data were taken as the ‘observed’ data against which all other 
simulations are compared. Open-source DARTS is employed on multiple 
reservoir scenarios and corresponding ensemble realizations to conduct 
flow and heat transfer simulations, and temperature and pressure re
sponses are obtained. Finally, ESMDA is utilized to assimilate ‘observed’ 
data and update the ensemble of realizations for each scenario. Through 
scenario-based data assimilation, reservoir scenarios with the lower 
ESMDA errors are identified as the plausible scenarios that provide more 
reliable production estimates. Scenarios with poor data assimilation 
performance are effectively falsified, indicating that they are unlikely to 
represent the true reservoir architecture. Production estimates become 
more reliable when based on a range of plausible reservoir scenarios, 
rather than being constrained to a single base case, which may introduce 
bias.

The remainder of this paper is organized as follows: Section 2 details 
the methods of geological modeling and data assimilation. Section 3.1
demonstrates the construction of the reference case, along with the 
ensemble of prior scenarios and their corresponding realizations. Sec
tion 3.2 quantifies production uncertainty by analyzing the influence of 
reservoir architectures and the variability of heterogeneous porosity and 
permeability within the channels for each scenario. Section 3.3 applies 
the proposed scenario-based data assimilation framework across mul
tiple scenarios, identifying plausible scenarios based on root mean 
square errors (RMSE) that are more likely to yield reliable production 
estimates and falsifying scenarios with poor data assimilation perfor
mance. Sections 4 and 5 present the discussions and conclusions, 
respectively.

2. Methodology

The scenario-based data assimilation framework involves two key 
aspects: First, efficiently generating model ensembles representing 
fluvial reservoirs with varying channel geometries and heterogeneous 
properties, and, second, conducting data assimilation across different 
geological scenarios and stochastic realizations associated with each 
scenario.

2.1. Geological modeling

We combined scenario-based RRM modeling with stochastic 
modeling to efficiently construct geologically diverse reservoir sce
narios, along with their corresponding equiprobable realizations for 
each scenario. The geological modelling is inspired by the Delft Sand
stone reservoir, but could be regarded analogue of any channelized 
reservoir. Our synthetic reservoir models have a dimension of 
3 km × 2 km × 120 m.

2.1.1. Scenario-based geological modeling
RRM is an open-source, sketch-based modeling tool that allows users 

to intuitively create geologically consistent 3D reservoir models from 2D 
sketches using a sketch-based interface and modeling (SBIM) 
(Jacquemyn et al., 2021). The concept of surface-based reservoir 
modeling is utilized (Jacquemyn et al., 2019), meaning that all 
geological heterogeneities are represented by surfaces that define 
geological domains, i.e., enclosed volumes representing a geological 
structure. These surfaces are hierarchical and multi-scale, representing, 
for example, faults, stratigraphic surfaces, facies, laminae, or diagenetic 
bodies. Geological operators in RRM ensure that the surfaces interact in 
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a geologically consistent way. RRM is specifically designed to very 
quickly create, test, and compare different geological concepts rather 
than spending significant efforts to build detailed reservoir models using 
geostatistical methods. RRM is therefore well-suited for situations where 
data availability is limited, such as geothermal systems, because it 

allows users to quickly explore a broad range of different geological 
scenarios that honor the data. The resulting models can be exported 
using standard grid formats for further processing, including numerical 
simulations using commercial and research software.

RRM is employed to create 180 templates for geological layers with 
varying channel sinuosity, channel belt width and Net-to-Gross (NTG, i. 
e. sand ratio). Fig. 1 shows 3D, top, and front views of an example 
template for a geological layer containing fluvial channels that was 
created in RRM. The yellow regions indicate the channels containing 
sand facies, and the purple regions represent the mudstone facies. The 
size for this particular template is 5 km × 5 km × 10 m, and its areal 
extent is larger than that of the target reservoir in the Delft Sandstone. 
Using a uniform experimental design, we created a total of 180 tem
plates considering features such as channel belt width, layer NTG, and 
channel sinuosity (Table 1). The channel sinuosity has three levels: low, 
mid, and high, while the channel belt width is categorized into three 

Fig. 1. 3D, map, and cross-sectional views of a template for channelized fluvial sedimentary layer generated in RRM (1 = sand, 2 = mudstone).

Table 1 
Fluvial layer template parameters.

Items Values

Layer template size 5000 m × 5000 m × 10 m
Facies sand, mudstone
Channel sinuosity low, mid, and high
Channel belt width 200 m, 500 m, and 800 m
Channel belt height 10 m
Layer NTG 0, 20%, 40%, 60%, and 80%

Fig. 2. Nine illustrative templates of channelized fluvial layers drawn in RRM to be stacked to form the channelized fluvial reservoir scenarios.
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levels: 200 m, 500 m, and 800 m. The layer NTG has five levels: 0%, 
20%, 40%, 60%, and 80%. Consequently, the final library consists of 
180 templates, representing diverse geological heterogeneities inherent 
in channelized fluvial geothermal reservoirs. Fig. 2 shows nine of these 
templates. For example, layer template #1 features a mid-sinuosity 
channel, a channel belt width of 500 m, and an NTG of 60%.

Fig. 3 illustrates the construction of 3D geological scenarios using the 
layer templates. A template is randomly selected from the library, and a 
sub-region is cropped from the template to match the target area size of 
the reservoir. In our case, the target size in the horizontal direction is 
3 km × 2 km, i.e. smaller than the areal dimension of the template 
(5 km × 5 km). The exact location where this sub-region is cropped is 
random and hence introduces another level of uncertainty to the final 
model. The extracted sub-region is then evaluated to ensure it honors 
facies along the well path. As shown in Fig. 3(c), we compare the facies 
at injection and production well locations within the sub-region to the 
‘truth’ facies at the same position in the reference reservoir model. If the 
NTG at the well positions of the sub-region matches that computed from 
the reference case, the sub-region is retained. This matching process 
implies that the facies at the injection and production wells within the 
sub-region are identical to the facies profiles in the ‘truth’ case. The 
accepted sub-region is regarded as one additional reservoir layer, which 
is stacked onto the previously assembled reservoir layers that also meet 
the criteria until the cumulative height of the 3D model reaches the 
target of 120 m. Adjacent layers are not simply stacked but overlapped 
to mimic the deposition of fluvial sediments, where younger channels 
can erode older ones. Overlapping ensures that portions of the sand
stones in the upper layer replace lithologies in the lower layer, preser
ving vertical connectivity and the associated heterogeneity. The 
geological scenarios with a wider set of fluvial features–such as point 
bars, channel lags, levees, and crevasse splays–can be generated if the 
layer template library is enriched with more facies. This study assumes 
two lithologies as a proof-of-concept: the channel belt is characterized 
by sand facies, and the out-of-channel domain is characterized by 
mudstone facies.

The proposed geological modeling approach is both efficient and 
flexible. Especially, fluvial layer templates with different channel fea
tures are quickly constructed using RRM. It enables the rapid creation of 
ensembles of diverse deterministic geological scenarios, rather than 
limiting analysis to a single base case or a limited number of deter
ministic scenarios. Through a sequence of random selection, cropping, 
constraint application and stacking operations, this method ensures the 

generation of geologically consistent scenarios that fully honor well data 
in a probabilistic way. Our approach integrates deterministically 
selected scenarios with probabilistic modelling, which enables a more 
comprehensive uncertainty quantification that considers both, uncer
tainty in reservoir architecture and uncertainty in petrophysical data, i. 
e. our approach does not rely on a single base case or a couple of 
deterministic scenarios, or relies merely on modelling petrophysical 
properties using geostatistical means.

2.1.2. Sequential Gaussian Simulation
Once the geological scenarios are constructed, the sand facies within 

the channel domain and the mudstone facies in the out-of-channel 
domain are given for each scenario. Porosity and permeability distri
butions are then assigned to each facies using Sequential Gaussian 
Simulation (SGS), a classic stochastic modeling method for continuous 
variable distributions which honors both known sample values and the 
variogram model (Verly, 1993). We apply SGS to the permeable sand 
facies only and analyze the corresponding variogram function using 
porosity data for the Delft Sandstone from well GT-02 (Voskov et al., 
2024; Willems et al., 2020). A spherical variogram model is employed to 
characterize the spatial variability of porosity in sand facies. The model 
assumes no nugget effect (nugget = 0), and the sill is set to 1, corre
sponding to the variance of the normalized porosity field. The model 
incorporates anisotropic correlation ranges, with a maximum range of 
1600 m along the azimuth of 90◦ (east-west direction) and a minor range 
of 550 m. The vertical range is set to 10 m, reflecting the higher vari
ability in the vertical direction due to depositional heterogeneity. This 
variogram is utilized in SGS to generate geostatistical realizations of 
porosity. The detailed procedure can be found in (Bai and Tahmasebi, 
2022; Nowak and Verly, 2004). Using the porosity-permeability rela
tionship derived from core analysis at well GT-02 (Voskov et al., 2024; 
Willems et al., 2020), permeability distributions are calculated for each 
realization based on the following expression 

log10(k)= − 3.523 ⋅ 10− 7 ⋅ ϕ5 +4.278 ⋅ 10− 5 ⋅ ϕ4 − 1.723 ⋅ 10− 3 ⋅ ϕ3

+1.896 ⋅ 10− 2 ⋅ ϕ2 +0.333 ⋅ ϕ − 3.222.
(1) 

Each scenario contains an ensemble of equiprobable porosity re
alizations with corresponding permeability distributions for the sand 
facies, honoring both well data constraints and the reservoir architec
ture for the given scenario.

Fig. 3. Procedure for constructing multiple geological scenarios constrained by well information. (a) A layer template is randomly selected from a predefined 
template library. (b) A sub-region is randomly cropped from the selected template. (c) The facies at well locations within the sub-region are compared against the 
reference well information; the sub-region is retained if consistent. (d) The accepted sub-region is stacked on top of the existing reservoir model. An overlap allows 
younger channels to partially erode older ones, such that sand facies in younger layers may overwrite those in underlying units. This process is repeated until the 
target reservoir height is reached. By using the same well facies constraints, an ensemble of geological scenarios can be generated.
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2.2. Forward modeling

Reservoir simulation of low-enthalpy geothermal systems, such as 
the Delft Campus Geothermal Project, is based on the standard mass and 
energy conservation equations for slightly compressible single-phase 
flow (Chen et al., 2025b; Voskov et al., 2024; Wang et al., 2023). In 
this study, we utilize the open-source Delft Advanced Research Terra 
Simulator (open-DARTS) to perform the simulations. DARTS has been 
used successfully for ensemble-based simulation in geothermal pro
duction (Chen et al., 2025b). The simulator employs a fully implicit 
solution method in time and uses the finite volume method and 
two-point flux approximation to discretize the governing equations 
(Wang et al., 2020). Darcy's law is applied to model fluid flow through 
porous media, while the heat transfer equation describes the processes 
of heat convection and conduction in porous media. The conservation 
equations can be written as follows: 

∂
∂t
(ϕρ) − ∇⋅ρv + ρq̃ = 0, (2) 

∂
∂t
(ϕρU+(1 − ϕ)Ur) − ∇ ⋅ hρv+∇ ⋅ (κ∇T)+ hρq̃=0, (3) 

where t is the time, ϕ is the porosity of porous media, ρ is the density of 
fluid phase, q̃ is the fluid rate per unit volume, U is the phase internal 
energy, Ur is the internal energy of rock, h is the convection coefficient 
and T is the temperature. The thermal conductivity of the fluid and rock 
is defined as 

κ =ϕκf + (1 − ϕ)κr, (4) 

where κ, κr and κf are the thermal conduction coefficients of the overall 
system, the fluid phases and the solid rock, respectively. The Darcy ve
locity v is given by 

v=
K
μ

(
∇p − γp∇D

)
, (5) 

where K is the permeability of porous media, μ is the fluid viscosity, p is 
the pressure, γp is the specific weight, and D is the depth.

We use pressure and enthalpy as primary variables and consider 
them as state variables (Wang et al., 2020), which are evaluated using 
the Newton–Raphson method when solving for Equations (2) and (3) 

∂g(ωk)

∂ωk
(ωk+1 − ωk)= − g(ωk). (6) 

Here, g represents the residual form of the governing equations, ω in
dicates nonlinear variables represented by pressure and enthalpy in this 
study, and the subscript k specifies the k-th nonlinear iteration. To 
improve computational efficiency and flexibility of the nonlinear 
formulation, the operator-based linearization technique is used to 
compute the Jacobian and residuals (Khait and Voskov, 2017). This 
approach transforms the discretized mass and energy conservation 
equations into an operator form, separating space- and state-dependent 
properties. The state-dependent operators are adaptively parameterized 
within the space of nonlinear variables using a limited number of sup
porting points, significantly improving the speed and robustness of 
highly nonlinear reservoir simulations.

2.3. Scenario-based data assimilation

We first present a data assimilation procedure to update geostatically 
distributed properties for one given scenario. Then it is extended to 
multiple scenarios, a process we refer to as scenario-based data assimi
lation, to gradually falsify geological scenarios, i.e. identify those sce
narios that yield flow behaviours that are consistent with dynamic data 
and hence are more likely than other scenarios.

Ensemble Smoother with Multiple Data Assimilation (ESMDA) is 
employed as the inversion methodology to adjust the continuous, 
Gaussian-distributed petrophysical parameters within the chanalized 
sand bodies. Note that the ESMDA is applied only to the geostatistically 
generated realizations of the reservoir property fields for a given fluvial 
scenario, not to the scenarios. In other words, the channel architectur
e—characterized by discrete facies—remains unchanged in ESMDA; 
only the internal property variations within the sand facies are adjusted.

As an extension of the ensemble smoother, ESMDA addresses 
nonlinearity in the model-data relationship by updating ensemble re

Fig. 4. Scenario-based data assimilation for geologically complex geothermal reservoirs.
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alizations of one specific scenario over multiple assimilation steps using 
observed data. It introduces a set of inflation factors, applied to the 
observation covariance matrix, to control the size of updates at each 
iteration. This reduces the risk of overfitting and preserves ensemble 
diversity in property distributions. For each single geological scenario, 
the ESMDA process can be summarized in the following steps, as shown 
in Fig. 4 (Emerick and Reynolds, 2013). 

1. Generate 100 prior realizations with heterogeneous properties for the 
single scenario. The ensemble size Ne is set to 100 and defined as

M= [m1,m2,…,mi,…mNe], (7) 

where M refers to the porosity in all grid cells that contain the sand 
facies, mi = [ϕ]i. 

2. Define key parameters in ESMDA. Set the number of iterations Na, 
and inflation factors αl. l from 1 to Na. Here, α = [α1, α2,…, αNa] is 
applied to measurement error covariance. The factors should satisfy 
the requirements of 

∑Na
l=1

1
αl

= 1.
3. For all realizations, solve the mass and energy conservation equa

tions (2) and (3) from time zero until 50 years, and obtain predictions 
at measurement locations across all time steps

dl
i =G

(
ml

i
)
, (8) 

where ml
i represents the porosity and permeability fields for the i-th 

member at iteration l. G(x) is a forward model. 

4. Compute the covariance matrix as follows

CYD =
1

Ne − 1
∑Ne

i=1

(
ml

i − ml
)(

dl
i − dl

)T
, (9) 

CDD =
1

Ne − 1
∑Ne

i=1

(
dl

i − dl
)(

dl
i − dl

)T
, (10) 

where CYD means the cross-covariance matrix between the model pre
diction and model parameters. CDD means the covariance matrix of 
predicted data. For l = 1, m1 and dl represent the prior parameters and 
prior predictions. For l > 1, they correspond to posterior parameters and 
updated predictions from the previous iteration. For each ensemble 
member, perturb the measurement vector using duc = dobs +
̅̅̅̅αl

√ CD
1/2zd, where zd ∼ N (0, INd), Nd is the total number of measure

ments assimilated, dobs identifies the true observations, and CD is the 
measurement error covariance matrix. 

5. Update the parameter ensemble for the next iteration l+1 using

ml+1
i = ml

i + CYD(CDD + αlCD)
− 1
(

duc,i − dl
i

)
, i = 1,2,…,Ne. (11) 

6. Repeat steps 3 to 5 until the maximum number of iterations Na is 
reached.

Fig. 5. 3D view of the reference scenario built with layer templates of mid- 
sinuosity channel belts, with channel widths ranging from 200 to 500 m, and 
NTG varying between 20% and 80%. In the visualization, the yellow regions 
represent the sand facies, while mudstone facies are shown as transparent 
(1 = sand, 2 = mudstone). The three lines indicate the injector, monitoring 
borehole, and producer. The reference scenario is the ‘truth’ reservoir archi
tecture, and the channel sands contain heterogeneous petrophysical properties 
as well. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)

Fig. 6. Synthetic facies and porosity profiles along the injection well (blue) and production well (red) obtained from the reference model (Fig. 5). (For interpretation 
of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 7. The porosity (left) and permeability (right) distribution for the reference model that represents the ‘truth’ case. Production data for subsequent data 
assimilation are simulated for this ‘truth’ case. Model dimensions are 3000 m by 2000 m by 120 m.

Fig. 8. Four examples of geological scenarios that illustrate differences in reservoir architecture but honor the facies profiles depicted in Fig. 6 (first column). 
Columns 2 to 4 show three examples of the equiprobable realizations of the porosity distribution for the given scenario.
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After the final iteration, the production curves are reproduced. Root 
mean square error (RMSE) and ensemble spread (ES) of porosity and 
production predictions are calculated to evaluate the data assimilation 
performance. In this study, production predictions specifically refer to 
the temporal temperature and pressure profiles along the wells. RMSE 
quantifies the ensemble error compared to the reference values. A lower 
RMSE indicates better data assimilation performance 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(Si − Mi)

2

√
√
√
√ , (12) 

where Si is the estimated value and Mi is the true value, and N is the total 
number of parameters. ES measures the average variability of individual 
ensemble members relative to the ensemble mean, reflecting a measure 
of range in the updated results. It is defined as 

ES=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(Si − Si)

2

√
√
√
√ . (13) 

A lower ES indicates that the updated results are more centralized 
with reduced variability. A faster decrease in ES with iterations suggests 
a quicker convergence of the data assimilation process.

ESMDA is then applied for multiple scenarios, which are rapidly 
created through the aforementioned scenario-based geological 
modeling. Fig. 4 presents the scenario-based ESMDA framework that is 
carried out individually for the different fluvial geological scenarios. In 
this study, a total of 100 prior scenarios are generated, each representing 
a distinct reservoir architecture that is fully constrained by the same 
reference facies data along the well paths. For each scenario, an 
ensemble of 100 realizations is generated using geostatistical methods to 
model the porosity and permeability distributions. This means that there 
are 10,000 individual models in total. However, ESMDA is not applied to 
every scenario due to the significant computation load. Instead, we 
select a subset of scenarios for data assimilation based on 2 criteria: (1) 
the RMSE of simulated temperature and pressure profiles along the wells 
from prior scenarios — where uniform porosity and permeability are 
assigned to the sand facies in selection phase — with those of the 
reference scenario (as detailed in Section 3.2.3), and (2) the difference 
facies relative to the reference scenario, calculated as the root-mean- 
square deviation of facies values across the grid (as described in Sec
tion 3.3.2). During the initial screening stage, scenarios with both high 
and low RMSE values of simulation results, as well as high and low facies 
differences, are selected to form a representative subset. ESMDA is 
performed for the selected scenarios, and the prediction errors of pos
terior ensemble realizations for each scenario are compared with 
reference data. The reference ‘observed’ data used for all data assimi
lation are derived from the reference, or ‘truth’, case. Scenarios with 
higher RMSE of posterior simulations are identified as those that are less 
likely to represent the subsurface geology, i.e. are falsified, because the 
simulated production behavior disagrees with the reference observa
tions. Conversely, scenarios with lower RMSE yield flow responses more 
consistent with the observed data of the reference ‘truth’ model and are 
retained as the plausible scenarios. It is important to note that ESMDA is 
designed for Gaussian distributed parameters. As noted above, the 
porosity and permeability fields within the channel sand facies are 

Table 2 
Numerical simulation parameters for the doublet geothermal system (Wang 
et al., 2021).

Parameters Values

Reservoir dimensions 3000 m × 2000 m × 120 m
Injection-production spacing 1200 m
Well length 120 m
nx, ny, nz 75, 50, 120
dx, dy, dz 40 m, 40 m, 1 m
Porosity and kh in sand facies Homogeneous situation: 0.225 and 1500 mD 

Heterogeneous situation: see Figs. 7 and 8 and 
Equation (1)

Porosity and kh in mudstone 
facies

0.0001 and 0.001 mD in mudstones

kv/kh 0.1
Initial reservoir pressure and 

temperature
200 bar and 353.15 K

Thermal conductivity 3.0 W/m/K for the sand bodies, 2.2 W/m/K for the 
mudstones

Volumetric heat capacity 2450 kJ/m3/K for the sand bodies, 2300 kJ/m3/K 
for the mudstones

Injection/production rate 10,000 m3/day
Injection temperature 298.15 K

Fig. 9. Spatial view of temperature (upper row) and pressure (lower row) distributions after 5, 25, and 50 years of production for the reference case (from left to 
right). Cold zones and high-pressure zones are highlighted using the thresholds for temperature below 323 K and pressure above 202 bar.

G. Song et al.                                                                                                                                                                                                                                    Geoenergy Science and Engineering 263 (2026) 214490 

9 



generated using facies-controlled SGS, which follows a Gaussian distri
bution. ESMDA only updates the channel porosities. Facies and channel 
geometries are fixed during the assimilation process, meaning that the 
reservoir architecture is not updated.

3. Results

3.1. Geological models

3.1.1. Construction for reference scenario
As real production data from the Delft Campus geothermal field is 

not yet available, a synthetic reference scenario is constructed and 
considered to be the ‘truth’ scenario. It defines the ‘truth’ reservoir ar
chitecture with specific channel geometry, connectivity, etc. To differ
entiate the reference scenario from subsequent scenarios, key channel 
features are defined within a narrower range than those presented in 
Table 1. Channel width ranges from 200 to 500 m. The channels have 
moderate sinuosity. The NTG of a layer template varies from 20% to 
80%. Fifteen cropped sub-regions are randomly extracted from the layer 
template library discussed in section 2 and stacked with 2 m overlaps. 
The reference scenario has dimensions of 3 km × 2 km × 120 m (Fig. 5).

The facies profiles along the injection and production wells are 
extracted from the reference scenario (Fig. 5), and the corresponding 
porosity profiles are synthetically assigned based on the facies along the 
well paths. These profiles are considered as interpreted well logs (Fig. 6) 
that must be honored when creating other models. SGS is then employed 
to model the porosity distributions within the sand facies across the 
entire reservoir, conditioned to the porosity profiles. The porosity- 

permeability relationship (Equation (1)) is used to calculate the 
permeability in the sand facies. Mudstone facies are assumed to be 
impermeable and hardly contribute to reservoir flow. Since the perfor
mance of geothermal systems was demonstrated to be largely insensitive 
to property variations in mudstones (Tas et al., 2025), the porosity and 
permeability for the mudstone facies are assumed to be uniform. Fig. 7
illustrates one representative property distribution for the reference 
scenario, which serves as the ‘truth’ case for subsequent uncertainty 
quantification and data assimilation in this study.

3.1.2. Construction for multiple scenarios
Using the facies profiles in Fig. 6 as constraints, 100 geological sce

narios are created by recombining the cropped sub-regions of the 
different layer templates generated in RRM; each scenario honors these 
facies profiles but has very different reservoir architectures in terms of 
the 3D channel geometry and connectivity. Fig. 8 presents four example 
scenarios. Porosity and permeability distributions are then modelled for 
the sand facies using SGS as described above, while the properties for the 
mud facies have a uniform value as for the reference case. An ensemble 
of 100 equiprobable realizations for the properties of the sand facies is 
generated for each scenario. Fig. 8 shows the first 3 realizations for the 
corresponding scenarios. Different scenarios represent variations in 
reservoir architecture, i.e., channel geometry, connectivity, and stacking 
patterns. The final ensemble of reservoir models, comprising 100 sce
narios with 100 realizations each, serves as inputs for geothermal 
reservoir simulations to evaluate how the different reservoir architec
tures (i.e., scenarios) and property distributions (i.e., porosity and 
permeability distributions) influence production performance forecasts.

Fig. 10. Simulated temperature and pressure profiles as a function of depth at the injector, monitoring borehole, and producer, after 1, 25, and 50 years of pro
duction, respectively (from left to right) for the reference case.
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3.2. Geothermal reservoir simulation

The geothermal system considered is a typical doublet, with a pro
ducer well and an injector, with flow considered in the sedimentary 
system (Fig. 5). A less typical monitoring borehole is also considered in 
between the two wells, to investigate the impact of collecting additional 
reservoir information. There are plans to drill such a monitoring bore
hole at the Delft campus geothermal project as part of the EPOS-eNLarge 
project (https://epos-nl.nl/enlarge/). In this subsection, modeling pa
rameters for all simulations are introduced first. Then, the results of the 
heat and fluid flow simulations for the ‘truth’ case are presented, 
including the spatial temperature and pressure distributions as well as 
the temporal evolution of the temperature and pressure profiles along 
the injection well, monitoring borehole, and production well. Finally, to 
assess the variability of production data, two situations are considered: 
100 equiprobable realizations of the reference scenario are simulated to 
evaluate the impact of uncertain porosity and permeability distribu
tions; 100 geological scenarios with uniform property values in the sand 
facies are simulated to assess the effects of variable reservoir 
architectures.

3.2.1. Model parameters
Table 2 summarizes the key parameters for the numerical simula

tions of heat and fluid flow in the reservoir. Inspired by the Delft campus 
geothermal project, we construct the reservoir model to approximate 
this specific geothermal doublet ()(Song et al., 2025). The reservoir is 
located at a depth of 2000 m, with dimensions of 
3000 m × 2000 m × 120 m. The initial reservoir temperature is 

353.15 K, and the initial pressure of 200 bar. Porosity and permeability 
have uniform values of 0.01% and 0.001 mD for the mudstone facies, 
respectively. The porosity distribution in the sand facies is modelled 
using SGS as discussed above. The rock thermal conductivity and heat 
capacity are 3.0 W/m/K and 2450 kJ/m3/K for the mudstone, respec
tively, and 2.2 W/m/K and 2300 kJ/m3/K for the sand facies, respec
tively. The reservoir is considered to contain water without any 
dissolved salts or gases. We assume no interactions, chemically or me
chanically, between the geothermal water and the reservoir itself. Cold 
water is injected at the injection well and hot water is produced from the 
production well. The injection and production rate is 10,000 m3/day, 
and the injection temperature is constant at 298.15 K. The distance 
between the injector and producer in the reservoir is 1200 m, with a 
monitoring borehole located halfway between them (Fig. 5). All wells 
are vertical in the reservoir and perforated over the entire 120 m 
reservoir interval. Vertical model boundaries are open to flow to mimic 
an infinitely large reservoir. Horizontal model boundaries are closed to 
flow, and there is no thermal recharge from an overburden or under
burden. We note that this is a simplification, but the modelling concept 
presented here can be readily extended to account for more complex 
boundary conditions. We assume 50 years of production. The model is 
discretized into 40 m × 40 m × 1 m cells, resulting in a grid size of 
75 × 50 × 120 with a total of 450,000 cells. We record temperature and 
pressure along the entire injector, monitoring borehole, and producer 
for each time step during the simulation. The resulting observations, i.e. 
temporal evolution of temperature and pressure along the wells, will be 
used for the data assimilation step.

Fig. 11. Temperature and pressure profiles as a function of depth for the injector, monitoring borehole, and producer, after 1, 25 and 50 years of production, 
respectively (from left to right). Thin grey lines show the predictions for 100 equiprobable realizations of the reference scenario.
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3.2.2. Simulation for reference case
Fig. 9 presents the simulated spatial temperature and pressure dis

tribution for the reference case (Fig. 7). Temperature and pressure dis
tributions clearly show the heterogeneous nature of the flow field, 
controlled by the reservoir architecture, i.e. the 3D channel geometry 
and connectivity. The pressure distribution is influenced by the reservoir 
architecture and the corresponding permeability field, while the tem
perature field is also impacted by thermal conduction and convection. 
Because the time-scales of pressure diffusion are very short, the pressure 
field is established very quickly and remains relatively constant over 

time. In contrast, the temperature distribution continues to evolve as 
cold water moves from the injector to the producer and thermal con
duction smears out temperature gradients.

Fig. 10 illustrates the simulated temperature and pressure profiles 
along three wells at different times for the reference case. The temper
ature profiles are smoother than pressure profiles as pressure is more 
sensitive to the permeability contrast, while temperature profiles are 
also ‘smeared’ due to thermal conduction. However, both types of pro
files display distinct changes in curvature and inflection points as a 
function of depth that correspond to different reservoir layers. For the 
temperature profiles, regions with low temperatures indicate prominent 
heat convection and hence faster advance of the cold front, indicating 
the presence of connected sand facies with higher permeability that 
facilitate rapid cooling. Conversely, higher temperatures suggest limited 
convective heat transport, indicating the presence of either unconnected 
sands or low-permeability mud facies. Initially, the temperature profile 
along the injection well shows significant changes as the cold water 
begins to invade the formation. The temperature profiles observed at the 
monitoring borehole provide the most information throughout the 
production period. This is because they can capture the arrival and 
passing of the cold front. At the production well, the temperature pro
files offer limited information until the cold front reaches the well. As 
noted above, pressure equilibrates more rapidly than temperature in the 
reservoir. Pressure profiles observed along the wells primarily reveal 
information about the layering in the reservoir. Regions where the 
observed pressure in the profile is close to the initial reservoir pressure 
indicate the presence of low-permeability mud facies, whereas regions 

Fig. 12. Temperature and pressure profiles recorded as a function of depth for the injection well, monitoring borehole, and production well, after 1, 25, 50 years of 
production (from left to right) for geological scenarios with homogeneous channel properties. Grey lines represent the results for 100 prior scenarios with uniform 
channel properties.

Table 3 
ESMDA parameters.

Parameters Values

Number of iterations 4
Ensemble size 100
Unknown parameter Porosity
Size of unknown 

parameter
450,000

Inflation factor [9.43, 7, 4, 2]
Observations Temporal evolution of temperature and pressure 

profiles observed along the injection, monitoring 
borehole, and production well simulated for the ‘truth’ 
case

Observation error 1 K for temperature and 2 bar for pressure
Evaluation metrics RMSE and ES
lower and upper limits of 

porosity
0.13 to 0.31

G. Song et al.                                                                                                                                                                                                                                    Geoenergy Science and Engineering 263 (2026) 214490 

12 



where the pressure has decreased below the initial reservoir pressure 
indicate the presence of connected sand facies. Therefore, inflection 
points in the pressure and temperature profiles can be used to assess 
layer information and reservoir connectivity. Consequently, tempera
ture and pressure profiles observed along three wells are incorporated as 
observations in the data assimilation process.

3.2.3. Uncertainty analysis for the production data
To quantify the uncertainty in the simulated production data arising 

from the uncertainty in the porosity and permeability distributions, heat 
and fluid flow are simulated for each of the 100 equiprobable re
alizations of the reference case. Fig. 11 shows the resulting temperature 
and pressure profiles for three wells for each realization. The difference 
in these profiles is directly related to the variability, i.e. uncertainty, in 
the petrophysical properties. Temperature profiles exhibit greater vari
ability than pressure profiles. At the monitoring borehole, the maximum 
difference in temperature profiles is up to 28.0 K after 25 years of pro
duction. The pressure profiles vary between 196 and 204 bar, with a 
maximum range of 1.2 bar.

Numerical simulations were also conducted for the 100 different 
scenarios considering uniform properties in sand facies to investigate the 
impact of uncertain reservoir architectures on production behavior. 
Fig. 12 shows the resulting temperature and pressure profiles along the 
three well paths. In contrast to the simulation results for the single 
reservoir scenario with equiprobable realizations of the petrophysical 
property distributions (Fig. 11), the temperature and pressure profiles 
show greater variability. The maximum differences in temperature and 
pressure profiles at the monitoring borehole are 41.8 K and 4.3 bar, 
respectively, after 25 years of production. After 50 years of production, 
these differences are 50.6 K and 4.4 bar. These differences indicate that 
uncertainty in reservoir architecture, i.e. variability in 3D channel ge
ometry and channel connectivity, has a larger impact on production 
behavior than the variations in permeability and porosity distributions 
within the sand facies of the fluvial channels. Relying solely on the 
uncertainty of petrophysical property while keeping the reservoir ar
chitecture fixed, therefore, is unlikely to capture the full spectrum of 
geological uncertainty. Hence, for data assimilation, both aspects – un
certainties in channel geometry and connectivity as well as uncertainties 

Fig. 13. Map view of the areal averaged porosity distribution for the prior and posterior ensembles and the distribution for the ‘truth’ case. The first row shows the 
map view at the top of the reservoir, and the second row displays the cross section at x = 1500 m.

G. Song et al.                                                                                                                                                                                                                                    Geoenergy Science and Engineering 263 (2026) 214490 

13 



in porosity and permeability distribution – need to be considered.

3.3. Data assimilation

In this subsection, ESMDA is first applied to the reference scenario to 
refine the ensemble realizations and evaluate the performance of the 
algorithm. Then, scenario-based ESMDA is employed across multiple 
scenarios and identifies the more likely scenarios in comparison to the 
reference scenario. During ESMDA, only the properties within the 
channels of ensemble realizations are updated while the reservoir ar
chitecture remains unchanged.

3.3.1. Data assimilation for the reference scenario
Table 3 summarizes the ESMDA parameters. The observation data 

consist of the temporal evolution of the temperature and pressure pro
files along the injector, monitoring borehole, and producer simulated for 
the ‘truth’ case. Observation errors are set at 1 K for temperature and 

2 bar for pressure, based on typical monitoring equipment. Four itera
tions are performed with inflation factors. The ensemble contains 100 
equiprobable realizations of porosity and permeability distributions, as 
discussed above.

Fig. 13 shows map views and cross sections that illustrate the areal 
average porosity distribution for the prior and posterior ensemble re
alizations, as well as the porosity distribution for the reference case. In 
the map view, a distinct low-porosity zone in the sand facies, parallel to 
the main channel direction, is evident in the posterior ensemble. This 
low-porosity zone is also apparent in the reference case. In the vertical 
cross section, the local porosity distribution in the vicinity of the wells 
(y = 1000 m) improves, i.e. is closer to the ‘truth’ case, after data 
assimilation. Fig. 14 demonstrates the probability density function 
(PDF) of the average channel sand porosity for the prior and posterior 
ensemble realizations, as well as the PDF for the porosity of the sand 
facies for the ‘truth’ case. The sand porosity in the prior and posterior 
ensembles follows Gaussian distributions, yet has pronounced 

Fig. 14. PDFs of the average porosity in the sand facies for the prior (purple) and posterior (green) ensembles, and the PDF of the porosity in the sand facies for the 
‘truth’ case (grey). Note that the (wider) variance of the posterior ensemble is in better agreement with the ‘truth’ case. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.)

Fig. 15. Evolution of RMSE (left) and ES (right) for the temperature and pressure profiles for four iterations of data assimilation.
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differences in variance. The variance of the posterior PDF is in better 
agreement with the PDF of the ‘truth’ case. Fig. 15 presents the RMSE 
and ES for the temperature and pressure profiles for four iterations of 
data assimilation. RMSE and ES decrease with each iteration, indicating 
convergence towards the true observations and a more reliable and 
better constrained production forecast.

Fig. 16 compares the prior predictions, posterior predictions, and 
reference data for the temperature and pressure profiles along the 
injector, monitoring borehole, and producer at different times. After 
data assimilation, the predictions for the posterior ensemble are in much 
better agreement with the ‘observed’ data from the ‘truth’ case. The 
variability of predictions for the posterior ensemble is also reduced, 
indicating that the overall uncertainty in production forecasts is much 
better constrained. Take the temperature and pressure profiles at the 
monitoring borehole after 25 years of production as an example: the 
average temperature range at any depth decreases from 19.5 K in the 
prior to 1.4 K in the posterior, while the average pressure range is 
reduced from 1.0 to 0.4 bar. These results confirm the feasibility of 
ESMDA in constraining production uncertainty in fluvial geothermal 
systems for a single geological scenario.

3.3.2. Data assimilation for multiple scenarios
Based on the results shown in Section 3.2.3, 18 out of the 100 indi

vidual geological scenarios representing the different reservoir archi
tectures are selected for the scenario-based ESMDA procedure. We 
calculated the RMSE for the temporal evolution of the temperature and 

pressure profiles along three wells. The profiles were normalized sepa
rately, and a weighted sum of the two was used to obtain a single RMSE 
value. The three scenarios with the lowest RMSE are #53, #20, and #54, 
while those with the highest RMSE are #18, #27, and #64. To ensure 
the diversity of selected scenarios, we also calculated the facies differ
ence relative to the reference geological model, defined as the square 
root of the sum of squared differences between grid-level facies values. 
While this metric does not capture architectural similarity such as 
connectivity, it helps identify scenarios with different facies distribu
tions that may still lead to similar or divergent production responses. 
Since the true subsurface channel distribution is unknown, random se
lection is a valid approach. To facilitate a clear comparison with our 
defined 'truth' scenario (Fig. 5), we instead select scenarios based on 
their facies differences. The three scenarios with the lowest facies dif
ferences are #68, #88, and #72, while those with the highest differ
ences are #49, #10, and #45. Scenarios #21, #9, #55, #91, #98 and 
#61 are also randomly selected for scenario-based ESMDA. These 18 
scenarios are kept for data assimilation to evaluate the ability of 
scenario-based ESMDA to falsify scenarios. The reference case is still the 
same ‘truth’ case in Section 3.3.1. We will also compare the heteroge
neity of these scenarios further below.

Take Scenario #68 as an example, an ensemble of 100 equiprobable 
realizations of heterogeneous porosity and permeability was generated 
using the same geostatistical procedure as for the reference scenario. 
Fig. 17 shows map views and cross sections that illustrate the areal 
average porosity distribution for the prior and posterior ensemble 

Fig. 16. Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection well, monitoring borehole, and production 
well, after 1, 25, and 50 years of production, respectively (from left to right). The grey lines show the forecasts for the prior ensemble, the red line denotes the 
‘observed’ data for the ‘truth’ case, and the blue lines are the predictions for the posterior ensemble after data assimilation. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.)
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realizations of Scenario #68, as well as the porosity distribution for the 
‘truth’ case. The posterior porosity of Scenario #68 exhibits spatial 
contrasts compared to the prior, with porosity values in some regions 
pushed toward the upper bound and others toward the lower bound. 
Fig. 18 presents the PDF of the average porosity and log-permeability for 
the sand facies for the prior and posterior ensembles of Scenario #68, 
and the PDF for the sand porosity and log-permeability for the reference 
case. The PDF for the porosity of the prior ensemble follows a Gaussian 
distribution. However, the PDF for the porosity of the posterior 
ensemble has a uniform distribution and deviates from the reference 
case; note that there are two small peaks in porosity near the lower and 
upper limits of the porosity distribution. The logarithmic permeability is 
computed from porosity based on Equation (1). The posterior log- 
permeability distribution deviates from the prior, becoming non- 
Gaussian, broader and flatter, with local density increases near the 
lower and upper limits. In cases where the reservoir architecture differs 
from the reference scenario, ESMDA pushes the values of porosity and 
permeability toward their limits defined in the model parameteriszation 
in order to compensate for structural mismatches and better reproduce 

the ‘observed’ data. Fig. 19 illustrates that RMSE and ES decrease over 
subsequent data assimilation iterations, indicating that the uncertainty 
in production forecasts becomes better constrained.

Fig. 20 compares the prior and posterior predictions of Scenario #68 
with the ‘observed’ data of the truth case for the temperature and 
pressure profiles at the three wells. The posterior profiles align better 
with the ‘observed’ data than the prior. The variability of posterior 
forecasts is also constrained. Take the temperature and pressure profiles 
at the monitoring borehole after 25 years of production as an example: 
the temperature RMSE decreases from 8.1 K in the prior to 0.3 K in the 
posterior, while the pressure RMSE is constrained from 1.1 to 0.8 bar. 
Although Scenario #68 has a different reservoir architecture than the 
‘truth’ case, the adjustments imply that the ensemble is compensating 
for structural mismatch by selectively enhancing and suppressing flow- 
capacity-related properties in different parts of the model domain. 
ESMDA may therefore yield good matches for the wrong reasons.

For comparison, the ESMDA results for Scenario #98 are presented in 
Fig. 21 and Fig. 22. The prior, posterior, and reference porosity and 
permeability distributions in the sand facies exhibit a truncated 

Fig. 17. Map view of the areal averaged porosity distribution for the prior and posterior ensembles of Scenario #68 and the distribution for the ‘truth’ case. The first 
row shows the map view at the top of the reservoir and the second row displays the cross section at x = 1500 m.
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distribution, with most porosity and permeability values accumulated at 
the low and high endmember values (Fig. 21). This is because the 
channel distribution in Scenario #98 differs substantially from the 
reference scenario. To force the model prediction to be closer to the 
reference observations, ESMDA pushes the porosity and permeability for 
the sand facies towards the maximum and minimum allowable values to, 
leading to the apparent trunction. This behaviour indicates poor data 
assimilation results, which are demonstrated in Fig. 22. A similar phe
nomenon to Scenario #68 is observed, i.e. uncertainty in production 
forecasts is constrained as a result of data assimilation, yet mismatches 
of profiles between the posterior and the ‘observed’ data remain. The 
temperature and pressure profiles at the monitoring borehole after 25 
years are used as an example: the temperature RMSE decreases from 
6.5 K in the prior to 1.5 K in the posterior, while the pressure RMSE is 
constrained from 1.4 to 1.2 bar. The shifts and changes in the shape of 
the curves for Scenario #98 are more pronounced than those for Sce
nario #68. This indicates that Scenario #98 deviates more sigfinicantly 
from the reference behavior, both qualitatively and quantitatively. In 
contrast, Scenario #68 yields smaller RMSE values and better matches 
the observed data, suggesting it is more consistent with the true reser
voir architecture, while Scenario #98 is less likely to represent the real 
reservoir architecture and hence can probably be falsified when 
compared to Scenario #68. The results also demonstrate the well-known 
fact that although ESMDA can adjust porosity and permeability in cases 
where a geological scenario is close to the real reservoir architecture, 

ESMDA in itself is not easy to deal with the larger uncertainties that arise 
when considering multiple geological scenarios that represent different 
reservoir architectures since these uncertainties of complex architec
tures is not easy to be parameterized. However, we can use this short
coming to our advantage: If ESMDA yields porosity and permeability 
distributions that are either unrealistic and/or fail to yield a good 
agreement between observed data and simulated data for the posterior 
ensemble, then it is likely that a given geological scenario is not repre
sentative of the reservoir architecture and can hence be falsified. How
ever, to use ESMDA in this way, it is crucial to consider and construct 
multiple geologically plausible scenarios as discussed here.

The well production response is not used in data assimilation and 
therefore serves as an independent benchmark for evaluating model 
performance. Fig. 23 illustrates the variations in production estimates 
for the posterior and prior ensembles of the reference scenario, Scenario 
#68, and Scenario #98. The posterior production curves of the reference 
scenario—which represents the ‘truth’ reservoir architecture—show the 
best match with the ‘truth’ production response. For Scenario #68, the 
production curves for the posterior ensemble contain the ‘truth’ pro
duction behavior. In contrast, the production forecasts for the posterior 
ensemble for Scenario #98 deviate significantly from the ‘truth’, indi
cating that Scenario #68 yields more reliable production forecasts than 
Scenario #98 because the reservoir architecture of Scenario #68 is 
closer to the real reservoir scenario.

To evaluate the performance of ESMDA across the eighteen reservoir 

Fig. 18. PDFs of average sand porosity (left) and permeability (right) in the sand facies for the prior (purple) and posterior (green) ensembles of Scenario #68, and 
the PDF of the porosity and permeability in the sand facies for the ‘truth’ case (grey). Note that the distribution of the posterior PDF is non-Gaussian due to the 
different reservoir architecture from the ‘truth’ case. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.)

Fig. 19. Evolution of RMSE (left) and ES (right) for temperature and pressure profiles over four iterations of data assimilation for Scenario #68.
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scenarios and the reference scenario corresponding to the ‘truth’ case, 
the normalized RMSE of the simulated temperature and pressure profiles 
along the three wells for the posterior ensemble for each scenario are 
compared (Fig. 24). The lowest RMSE values are observed for Scenarios 

#18, #49, #54, #55, #61, #64, #68, #72, #88, and #91. The RMSE for 
the production temperature and the pressure difference between 
injector and producer after 50 years are shown in Fig. 25. After data 
assimilation, most posterior results exhibit lower RMSE compared to the 

Fig. 20. Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection well, monitoring borehole, and production 
well, after 1, 25, and 50 years of production, respectively(from left to right). The grey lines show the forecasts for the prior ensemble of Scenario #68, the red line 
denotes the ‘observed’ data for the ‘truth’ case, and the blue lines are the predictions for the posterior ensemble of Scenario #68 after data assimilation. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 21. PDFs of average sand porosity (left) and permeability (right) in the sand facies for the prior (purple) and posterior (green) ensembles of Scenario #98, and 
the PDF of the porosity and permeability in the sand facies for the ‘truth’ case (grey). Note that the distribution of the posterior PDF is non-Gaussian due to the 
different reservoir architecture from the ‘truth’ case. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.)
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prior results. Scenarios #18, #49, #54, #55, #61, #64, #68, #72, #88, 
and #91 exhibit lower RMSE for both production temperature and 
pressure difference (see also Fig. 23 for an example of the good agree
ment between simulated and ‘truth’ production temperature and pres
sure difference in Scenario #68). Considering the results in Fig. 24, these 
low RMSE errors imply that Scenarios #18, #49, #55, #61, #64, #68, 
#72, #88, and #91 are more likely to represent reservoir architectures 
that are good representations of the real reservoir architectures and 
should hence be considered further as plausible scenarios when esti
mating future production. In contrast, the other Scenarios #9, #10, #20, 
#21, #27, #53, #65, and #98 have high RMSE (see Fig. 23 for an 
example of the poor agreement between simulated and observed pro
duction temperature and pressure difference in Scenario #98) and are 
less likely to represent reservoir architectures; hence these scenarios can 
be falsified.

Fig. 26 presents examples of falsified and plausible scenarios after 
the scenario-based data assimilation framework. The first column shows 
falsified cases. Scenario #20, despite having a relatively high NTG 
(0.63), fails to reproduce the observed production data after ESMDA, 
indicating its reservoir architecture is far from the ‘truth’. Scenario #21 
features 500-800 m-wide channels, in contrast to the 200–500 m-wide 
channels in the reference scenario. The differing vertical connectivity 
contributes to its poor assimilation performance. The second column 
shows plausible scenarios, such as Scenarios #55 and #72, which 
exhibit similar channel dimensions and connectivity with the reference 
model and achieve good production data matches after ESMDA. 

However, plausible Scenario #18 shown in the third column exhibits 
high NTG values (0.69) that deviate from NTG in the reference scenario 
(0.51) but still produce acceptable matches with the observed well 
profiles. This suggests that correct results may be obtained for incorrect 
geological reasons. Scenario #54, which is dominated by wider channels 
(500-800 m), also yields reasonable fits. This is likely due to large-scale 
connectivity. These results highlight that while ESMDA can adjust 
property fields to match observed data, it may do so for geologically 
dissimilar scenarios. Plausible scenarios include both geologically 
consistent models and those with acceptable data assimilation perfor
mance for the wrong geological reasons. In contrast, falsified scenar
ios—identified after scenario-based data assimilation—are 
fundamentally inconsistent with the reference architecture. This 
approach effectively narrows the scenario space and reduces geological 
uncertainty.

4. Discussions

A geothermal reservoir entails more uncertainty due to less avail
ability of data compared to oil and gas fields (Schulte et al., 2020). These 
uncertainties cannot be addressed by relying on a single geological 
scenario, which is likely biased (Ringrose and Bentley, 2016). In 
particular, there are a lot of geologically complex situations like fluvial 
geothermal reservoirs. This highlights the importance of scenario-based 
modeling, like RRM, which enables users to rapidly and efficiently 
generate 3D geologically consistent reservoir models from 2D sketches 

Fig. 22. Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection well, monitoring borehole, and production 
well, after 1, 25, and 50 years of production, respectively(from left to right). The grey lines show the forecasts for the prior ensemble of Scenario #98, the red line 
denotes the ‘observed’ data for the ‘truth’ case, and the blue lines are the predictions for the posterior ensemble of Scenario #98 after data assimilation. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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(Jacquemyn et al., 2021; Petrovskyy et al., 2023). Given the complexity 
of fluvial reservoir systems, scenario-based RRM is innovatively utilized 
by creating a library of fluvial channel layer templates with varying 
channel features, not by directly constructing the entire reservoir model. 
By randomly selecting, cropping, and stacking these templates with 
overlapping segments that mimic sedimentary processes, a wide range 
of reservoir scenarios can be generated probabilistically. This approach 
allows for explicit control over the channel characteristics of ensemble 
scenarios. Furthermore, integrating scenario-based RRM with 

geostatistical techniques enables the joint representation of un
certainties in both reservoir architecture and petrophysical properties, 
forming a robust foundation for uncertainty quantification in 
geothermal production forecasting.

ESMDA has proven to be an effective data assimilation method, as 
demonstrated in Section 3.3.1, where it successfully adjusts sand facies 
properties to match observed data when applied to models based on the 
‘truth’ reservoir architecture. However, its effectiveness depends 
heavily on how well the prior scenario represents the true reservoir 

Fig. 23. Simulated production temperature and pressure differences between the injector and producer for the prior and posterior ensembles of the ‘truth’ scenario 
(1st row), Scenario #68 (2nd row), and Scenario #98 (3rd row). The red line represents the same production response from the ‘truth’ case. The grey lines are 
predictions from the prior ensemble, the blue lines are results from the posterior ensemble. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)
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structure, as seen in Scenario #98, where the assimilation performance 
deteriorates. The high-dimensional parameter space in the subsurface 
leads to an ill-posed inversion problem (Wu et al., 2021). ESMDA may 
produce “the right results for the wrong reasons”, e.g., a poor match in 
reservoir architecture and unrealistic property distributions that yield 
good alignment with observed data, as observed in Scenarios #18 and 
#20. The proposed scenario-based data assimilation framework turns 
this weakness into a strength: scenarios that fail to match observations 
after data assimilation are considered unlikely and therefore falsified, 
while plausible scenarios are retained to produce more reliable fore
casts. This approach avoids over-reliance on a single, potentially biased 
scenario. Moreover, the posterior distribution of porosity and perme
ability in the sand facies can serve as an indicator of whether the 
reservoir architecture of a scenario is a good approximation of the ge
ometry of the reference scenario. When the prior PDF of the properties of 
sand facies follows a Gaussian distribution but the posterior PDF be
comes uniform (Scenario #68) or truncated (Scenario #98), it is highly 
likely that the reservoir architecture differs from the reservoir archi
tecture of the reference (or ‘truth’) geometry. This occurs because 
ESMDA pushes porosity and permeability values toward their limits in 
the model parameterization to compensate for the mismatch in reservoir 
architecture while still trying to reproduce the 'observed' data. Geolog
ical scenarios with truncated posterior PDFs for porosity and perme
ability are hence more likely candidates to be falsified. Considering the 
computational demands of running ESMDA across multiple geological 
scenarios and ensemble realizations, high computational efficiency of 
the simulator is critical. For example, GPU acceleration, as has been 
developed for open-DARTS (Wang et al., 2023), can be used to further 
enhance simulation speed. The proposed scenario-based data assimila
tion framework is well suited for field-scale applications due to its 
inherent parallel structure. Each realization can be simulated indepen
dently, enabling efficient implementation on high-performance 
computing systems.

In fluvial reservoir systems, geological features such as channel 
width, channel sinuosity, and layer stacking patterns play a critical role 
in controlling flow and heat transport processes (Crooijmans et al., 
2016). However, no consistent trends in these channel features were 
observed among the plausible scenarios (#18, #49, #54, #55, #61, 

#64, #68, #72, #88, and #91). This is likely because various combi
nations of layer-scale features can result in similar production responses. 
For example, a model with narrower but more sinuous and numerous 
channels may exhibit similar flow behavior to one with fewer but wider 
channels. Moreover, the cumulative effect of 15 stacked layers governs 
the overall flow and heat transfer behavior, making it difficult to isolate 
the impact of individual geometric features. Indicators that account for 
interlayer or intralayer connectivity should be employed to characterize 
reservoir architecture (Crooijmans et al., 2016).

There are several limitations to be addressed. Regarding the con
struction of geological models, only binary facies were considered, 
which is appropriate for a proof-of-concept study focusing on the impact 
of channel geometries. However, real fluvial reservoirs often contain 
more complex sedimentary elements, such as point bars, levees, channel 
lag deposits, and other internal architectural features. These facies 
variations introduce additional heterogeneities that can influence fluid 
flow and heat transport in geothermal systems (Aghaei et al., 2024). In 
principle, our workflow is able to account for more detailed multi-facies 
architectures, which would allow further investigation as to how specific 
sedimentary features affect geothermal production performance and 
data assimilation outcomes. In addition, in the current implementation, 
data assimilation is performed using temperature and pressure profiles 
recorded at three wells over time. While temperature is a useful obser
vation, it typically responds over long timescales, and meaningful 
drawdown is often not observed until thermal breakthrough occurs, at 
which point remedial operational options are limited. Pressure, on the 
other hand, responds more quickly and remains relatively stable during 
long-term production. The pressure curves with nearly no significant 
changes after a few years of production provide little new insight for 
updating models. Moreover, the drilling of a new monitoring well is not 
economic. Consequently, relying solely on a few years of continuous 
temperature and pressure observations from a limited number of wells 
can lead to suboptimal data assimilation performance.

To improve early-time data availability, low-cost alternatives should 
be explored. One promising option is pressure response testing through 
shut-in and open-well cycles, which can capture dynamic pressure 
transients (Abdelhafiz et al., 2021). These transients offer valuable in
formation on formation connectivity and transmissibility. Another 

Fig. 24. Normalized RMSE of the simulated temperature and pressure profiles along three wells for the posterior ensembles for different scenarios, computed as a 
weighted combination of the normalized RMSEs of temperature and pressure profiles.
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complementary method is chemical tracer testing, which can yield 
concentration changes at observation wells and reveal preferential flow 
paths and high-permeability channel connectivity (Chen et al., 2025a; 
Wu et al., 2021). Simulating these physical processes is relatively 
straightforward to incorporate into our framework. The transport of 
naturally occurring or artificial tracers that are chemically inert is 
dominated by advective flow along connected channels and, in contrast 
to heat transport, does not interact with the rock itself. Hence tracer 
breakthrough occurs earlier and is more sensitive to the channel con
nectivity compared to thermal breakthrough, which allows models to be 
falsified earlier during the geothermal operations and enables the 
adjustment of operational strategies before thermal breakthrough has 
occurred. In addition, spatial data types such as electromagnetic or 
seismic surveys can provide broader coverage of the reservoir archi
tecture (Oudshoorn et al., 2024; Schmelzbach et al., 2016). Especially 
seismic data is important to identify channel features and guide the 
construction of geological scenarios, thereby reducing geological un
certainty before production-based data assimilation begins (Gesbert 
et al., 2025). In the future, scenario-based data assimilation could 
incorporate these transient responses from cyclic shut-ins or chemical 

tracer simulation. The value of information is also an essential topic to 
identify cost-effective data acquisition strategies that offer the greatest 
uncertainty reduction.

5. Conclusions

In this paper, a scenario-based data assimilation framework is pro
posed that integrates efficient geological modeling using scenario-based 
Rapid Reservoir Modeling (RRM) and stochastic modeling, along with 
geothermal production simulation, and ESMDA. The posterior pre
dictions improve the production estimates in complex fluvial 
geothermal systems. The main conclusions are drawn as follows: 

1. In geological modeling of fluvial geothermal systems, uncertainties 
arises from both petrophysical properties and complex reservoir ar
chitecture, including channel width, sinuosity, stacking pattern, and 
connectivity. A limited amount of data is typically available and a 
full range of possible production outcomes needs to be explored. 
Relying solely on a single model or scenario – which is likely biased 
and anchored – is not sufficient to give reliable production estimates.

Fig. 25. RMSE for the production temperature (left) and pressure differences between injector and producer (right) for different scenarios after 50 years of simulated 
heat production.
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2. The combination of scenario-based RRM and stochastic modeling 
efficiently generates geologically-consistent fluvial scenarios and 
corresponding realizations that are fully constrained by well data. 
The RRM tool has been novelly utilized that multiple deterministic 
fluvial geothermal reservoir scenarios are created in a probabilistic 
manner by randomly selecting, cropping, and stacking channelized 
layers from the layer template library. Constraints such as facies logs 
along well paths, data from core analysis, and NTG can be incorpo
rated into the modeling process. This approach enables rapid gen
eration of an ensemble of deterministic geological scenarios and 
associated equiprobable realizations with geostatistically distributed 
properties, capturing uncertainty in both reservoir architecture and 
petrophysical characteristics. The proposed modeling method avoids 
limiting uncertainty analyses to a single geological scenario (i.e., 
base case) and therefore allows us to explore a wider range of 
geological uncertainties, which is key to assessing the performance of 
geothermal reservoirs more robustly.

3. Scenario-based ESMDA framework can be used to falsify reservoir 
scenarios, which helps to constrain uncertainty in production fore
casts for fluvial geothermal systems. Rather than adjusting the pet
rophysical properties of a single reservoir scenario that could be 
biased, an ensemble of scenarios is simulated. Scenarios with lower 
data assimilation errors are retained as plausible scenarios that may 
represent actual reservoir architecture to predict production out
comes. However, ESMDA can yield good matches with observations 
for the wrong reasons – for instance, by compensating for incorrect 
reservoir architectures with unrealistic property adjustments. We 
turn this weakness into the advantages: scenarios that poorly match 
the observations after DA are falsified.
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