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Abstract
Geothermal energy is a key option for decarbonizing heating and cooling in the energy transition. Forecast-
ing geothermal production has inherent uncertainty due to the heterogeneity of geological formations that host 
the geothermal resource and the limited data available to characterize and quantify these heterogeneities. This 
uncertainty leads to operational risks such as early thermal breakthrough. Identifying the most valuable moni-
toring data and data acquisition strategies for operators is key to constraining uncertainties and ultimately de-
risking operations in a reliable and cost-effective way. Data-worth analysis quantifies the value of data provided 
by existing observations or proposed data collection strategies. This study combines Ensemble Smoother with 
Multiple Data Assimilation and data-worth analysis to constrain uncertainty in production forecasts and reservoir 
response for a geothermal doublet system located in a clastic, channelized fluvial reservoir. The main monitor-
ing data includes production temperature, injection pressure, and temperature and pressure profiles along the 
well paths. We show that production temperature and injection pressure alone only can constrain uncertainties 
in production forecasts. Using observations of well temperature and pressure profiles demonstrates a threefold 
increase in data worth, which improves both the quantification of production forecasts and reservoir dynamics. 
At constant injection rates in doublet system, temperature profiles monitored along the wells provide higher data 
worth compared to pressure profiles. Data from a deviated monitoring borehole is advantageous. Early-time (first 
year) observations of temperature and pressure profiles along the injector, producer, and monitoring borehole 
already constrain production uncertainty prior to thermal breakthrough. Data-worth analysis is shown to be most 
beneficial when conducted across multiple plausible geological scenarios to ensure a more reliable assessment of 
collection strategies. The findings of this study yield insight into designing informative data-acquisition strategies 
for direct-use geothermal systems.

Keywords  Channelized fluvial reservoir · Geothermal energy production · Data-worth analysis · Ensemble 
smoother with multiple data assimilation · Uncertainty · Multiple scenarios
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1  Introduction

Long-term geothermal energy exploitation is subject to uncertainty due to multi-scale and hierarchical geological 
heterogeneities, limited knowledge of their spatial distribution, and incomplete conceptual and/or mathematical 
models of fluid–rock interactions that control flow behavior. These uncertainties affect the assessment of techni-
cal and operational risks, such as early thermal breakthroughs, short operational lifespan, or high maintenance 
costs of installed geothermal systems [1–3].

Data worth has been defined as the extent to which data of a system improves the estimation of model param-
eters or reduces uncertainty in model predictions [4–6]. Data-worth analysis therefore quantifies the usefulness 
of data provided by existing observations, proposed data acquisition programs, or prior knowledge about model 
parameters. From an operational point-of-view, conducting such an analysis early during the appraisal of a geo-
thermal reservoir helps to plan cost-effective data acquisition and monitoring campaigns that ensure resources are 
focused on characterizing the parameters that are most important to yield reliable reservoir performance forecasts.

Previous studies in data worth have applied both, gradient-based and stochastic approaches, to analyze the 
worth of data for predictive uncertainty reduction [5, 7]. For example, Finsterle [8] performed local data worth 
analysis for a 2D homogeneous geothermal reservoir using a sensitivity gradient matrix, and later applied the 
same method to assess the evolution of a geologic repository for heat-generating nuclear waste [9]. However, 
data worth estimates depend on the local sensitivity of model predictions with respect to model parameters. 
For complex reservoir models, nonlinearity and parameter interaction effects further limit the applicability of 
sensitivity-driven approaches. Stochastic approaches, such as Bayesian data worth analysis, have gained increas-
ing attention in groundwater studies [5, 10–12]. By combining prior information with observations, Bayesian 
methods produce posterior distributions from which the reduction in predictive or parameter uncertainty can 
be quantified. Younes et al. [13], for instance, applied Bayesian parameter inference via Markov Chain Monte 
Carlo (MCMC) for efficient estimation of soil hydraulic properties. Ensemble Kalman filter (EnKF)-based data 
worth analysis offers an alternative by updating both, model parameters and state variables, sequentially to assess 
estimation and prediction uncertainty in subsurface flow [4, 10, 14]. Unlike gradient-based methods, ensemble 
approaches approximate uncertainty from the variance across many ensemble members rather than relying on 
the Jacobian matrix, which usually refers to the sensitivity of model predictions with respect to model param-
eters. Nevertheless, in highly nonlinear models, updated state variables (e.g., hydraulic head) and parameters 
(e.g., hydraulic conductivity) may become inconsistent [15]. To improve efficiency, surrogate models, such as 
Gaussian process regression [6], polynomial chaos expansion [14], and deep convolution neural networks [16, 
17], have been used to accelerate ensemble simulations. Most existing data-worth studies focus on groundwater 
applications using hydraulic head and solute concentration as primary observations, but relatively few Bayesian 
data-worth analyses address geothermal production scenarios [7, 18, 19], where temperature and pressure are 
routinely measured in geothermal systems, mostly at the wellheads, with distributed temperature sensing along 
wells becoming increasingly common. In contrast, solute concentration measurements obtained from tracer tests 
incur additional operational costs in geothermal systems.

Data acquisition is frequently linked to decision-making and economic outcomes through the concept of Value 
of Information (VoI) [20], which extends beyond data-worth analysis by quantifying the economic benefits of 
information under uncertainty. For example, Barros et al. [21] proposed a comprehensive VoI framework within 
a closed-loop reservoir management setting, where data assimilation and production optimization are integrated, 
allowing production strategies to be continuously updated as new information becomes available. Barros et al. 
[22] further introduced a quantitative model-based framework for CO₂ storage conformance verification, dem-
onstrating that pressure measurements alone may provide limited information between subsurface scenarios 
and may not be sufficient to improve monitoring design. van Wees et al. [23] proposed play-based portfolio 
VoI for geothermal exploration and applied decision-tree-based approaches combined with Net Present Value 
(NPV) to evaluate the economic value of information across multiple prospects. They found that the information 
acquired from early-stage projects can significantly influence subsequent decisions, particularly when geological 
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properties exhibit spatial correlation [24]. These studies highlight that geological uncertainty plays a critical role 
in subsurface decision-making, and that the real value of information lies in its ability to inform monitoring and 
development strategies.

Data assimilation is rooted in Bayesian theory, integrating prior equiprobable realizations, forward simulations, 
and field observations to generate posterior realizations for uncertainty estimation [25]. Ensemble Smoother with 
Multiple Data Assimilation (ES-MDA) [26] is one method used for data assimilation that has gained increasing 
popularity in subsurface characterization of properties for geothermal reservoirs, and is particularly effective 
for weakly nonlinear and high-dimensional problems as they avoid explicit computation of the Jacobian matrix 
[27–30]. ES-MDA is computationally efficient, flexible, and capable of integrating multi-source data. As an 
extension of the ensemble smoother, ES-MDA addresses nonlinearity in the model-data relationship by updating 
ensemble realizations over multiple assimilation steps using observed data. In ES-MDA, model parameters are 
explicitly updated while state variables are implicitly updated through forward simulation. This approach avoids 
the potential inconsistencies between parameters and state variables that may arise in EnKF due to joint updates 
in nonlinear systems. These advantages make ES-MDA a promising foundation for data-worth analysis for geo-
thermal systems, enabling the identification of the most informative temperature and pressure observations for 
reducing uncertainties and de-risking operations.

Geological uncertainty is mainly related to two factors: first, the reservoir architecture, which refers to the 
spatial arrangement of major geological features such as facies and channel structures in the subsurface forma-
tion. For example, the 3D distribution and connectivity of permeable facies is difficult to characterize; second, 
there is limited information about the spatial distribution of the petrophysical properties such as porosity and 
permeability [2, 31–34]. For example, Aghaei et al. [35] showed that geological heterogeneity in meander-belt 
architectures strongly influences the evolution of the thermal plume and the timing of cold-water breakthrough 
in geothermal doublets. It is therefore important to develop reservoir models that represent different reservoir 
architectures because a single reservoir model that is built around a single base case leads to biased predictions 
that underestimate uncertainties in reservoir performance forecasts and ultimately assesses operational risks 
insufficiently [4]. Xue et al. [12, 15] proposed multimodal data assimilation that combines EnKF with a Bayesian 
Model Averaging framework to reduce uncertainty in the reservoir properties and state variables of a groundwater 
system where multiple geological concepts were considered. The posterior uncertainty for the model ensemble 
was obtained as the weighted combination of the results from all individual reservoir models. Zhan et al. [19] 
developed a stochastic deep learning framework for data-worth analysis to identify facies distributions, coupling 
it with non-isothermal flow and transport simulations. Reservoir facies were parameterized using a GAN (Gen-
erative Adversarial Network) and a surrogate model was employed to accelerate predictions of temperature, 
concentration, and pressure.

This study aims to develop a data-worth analysis framework for geothermal systems while accounting 
for both, uncertainties in reservoir architecture and petrophysical property distributions; i.e., we consider 
uncertainties in the geological concepts that define the different geological scenarios for the reservoir archi-
tectures as well as the uncertainties in the spatial distribution of permeability and porosity that are modelled 
using stochastic methods. We use the Delft campus geothermal project (Geothermie Delft) for developing 
our framework. This geothermal project was established to supply thermal energy to the built environment 
of the TU Delft campus and parts of the city of Delft while also providing a research infrastructure [36, 37]. 
The geothermal resources are located in the lower Cretaceous Delft Sandstone Member, a clastic reservoir 
at 2 km depth in the West Netherlands Basin. The Delft Sandstone Member has been interpreted as stacked, 
distributary-channel deposits in a lower coastal plain environment, resulting in extensive sandstone sequences 
intercalated by floodplain fines [36, 38, 39]. The same reservoir unit is already used in multiple geothermal 
doublet systems in the area, such as in two other projects only 2 to 4 km adjacent to the Delft campus geother-
mal project. It is well known that it is difficult to forecast the production from geothermal systems located in 
channelized fluvial reservoirs because of the limited data availability and hence the incomplete understand-
ing of the subsurface geology [40, 41]. To enhance the understanding of the geothermal system behavior and 
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constrain uncertainties in the reservoir performance forecasts, data acquisition and monitoring strategies need 
to be designed in a way that they maximize the value of data while minimizing costs. Ultimately, tailored 
data acquisitions are key to reducing operational risks such as unscheduled downtime or early breakthrough 
of cold water. In other words, it is important to quantify the data worth, i.e. identify the most valuable data 
that needs to be collected to ensure that reservoir performance forecasts for geothermal systems are reliable.

In our previous study [42], we developed a scenario-based ES-MDA framework that integrates efficient 
scenario-based geological modeling via Rapid Reservoir Modelling (RRM) [43, 44], high-fidelity production 
simulation with the open-source Delft Advanced Research Terra Simulator (open-DARTS) [45], and ES-
MDA to explore, quantify, and constrain uncertainties in the channelized fluvial geothermal systems. Multi-
ple reservoir architectures were considered to account for both, different geological scenarios and different 
petrophysical property distributions, which enabled a more robust approach to quantifying and constraining 
uncertainties in production forecasts.

Building on this scenario-based data assimilation framework, we now evaluate the data worth of differ-
ent observation schemes by measuring how much the uncertainty in reservoir response decreases from the 
prior ensemble to the posterior ensemble. This novel approach integrates flow and heat transfer simulation in 
fluvial geothermal systems using open-DARTS [45], ES-MDA with different types of observation data, and 
quantitative data-worth analysis to quantify the value of different data acquisition schemes and data types. 
We apply this approach to an ensemble of channelized fluvial reservoir models that are inspired by the Delft 
campus geothermal project. These ensembles consider both, different reservoir architectures and equiprob-
able stochastic representations of the reservoir properties. First, we perform an uncertainty analysis for this 
ensemble to characterize production performance and compute the temperature and pressure profiles along 
the wells, revealing the uncertainty in reservoir performance forecasts in time and space. Next, the data 
worth is calculated from ES-MDA results for a single reservoir architecture using the following types of data: 
temperature of the produced fluid, bottom hole pressure at the injection well, and temperature and pressure 
profiles recorded along the injection and production wells, as well as a monitoring borehole. We then vary 
the locations of the monitoring boreholes, the monitoring periods, and the combinations of observational 
data (e.g., temperature of produced water and bottom hole pressure of injection well only or in combination 
with pressure and temperature profiles recorded along the wells) to identify the data types and acquisition 
strategies that yield the most value of data for reducing uncertainties in production forecast. Finally, we 
repeat this data-worth analysis for different reservoir architectures to not only consider the geological uncer-
tainty captured through equiprobably stochastic modelling of the reservoir properties for a single reservoir 
architecture but to also account for the much broader range of geological uncertainties inherent to different 
geological scenarios and concepts.

The remainder of this paper is organized as follows: Sect. 2 describes the methodologies for geological mod-
elling, simulating heat and fluid flow in a geothermal system, ES-MDA, and the data-worth analysis. Section 3 
presents results for the data-worth analysis when considering different data acquisition strategies, including the 
analysis for different reservoir architectures. Sections 4 and 5 provide discussion and conclusions, respectively.

2 � Methodology

Our data-assimilation-based data-worth analysis for quantifying and reducing the uncertainty in performance 
forecasts for geothermal systems developed in channelized fluvial geothermal reservoirs is based on four key 
components: (1) creating the ensemble of reservoir models; (2) simulating heat and fluid flow in the reser-
voir; (3) applying the ensemble smoother with multiple data assimilation across equiprobable realizations to 
constrain uncertainties in production and reservoir response with different data types and amounts; and (4) 
evaluating data worth based on the assimilation results.

https://doi.org/10.1007/s10596-026-10460-3
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2.1 � Geological model and model set‑up

Channelized fluvial reservoir models are created using the Delft campus geothermal project as inspiration. That 
is, the models capture some of the key uncertainties inherent to the reservoir that hosts the Delft campus geo-
thermal project but the models are still generic enough such that learnings can be transferred to other geothermal 
projects hosted in channelized fluvial systems. A key simplification is that the reservoir is assumed to contain 
only sandstone and mudstone facies, representing the main channel and floodplain, respectively. The geothermal 
doublet in this study comprises a vertical production well and a vertical injection well that both fully penetrate 
the reservoir model (Fig. 1). A monitoring borehole is also considered, located equidistant in between the two 
wells. This borehole also penetrates the entire reservoir model. Such a borehole is planned for the Delft campus 
geothermal project as part of the EPOS-eNLarge project (https://​epos-​nl.​nl/​enlar​ge/). Note that the presence of a 
monitoring borehole is a rare exception because the Delft campus geothermal project also has a strong research 
component, in addition to providing the campus and part of the city with heat. For most direct-use geothermal 
projects, monitoring boreholes are not drilled due to budget constraints and the high drilling costs. We also define 
four virtual lines that penetrate the full reservoir model and record pressure and temperature along these lines 
during the simulations, which yields additional information for the data-worth analysis and allows us to quantify 
how such data impacts uncertainty quantification. The lines are placed symmetrically around the monitoring 
borehole at equal distance.

Figure 1 presents the facies and the porosity and permeability distributions of a geological model that provides 
the reference solution for this study, i.e. we regard this model as the reference (or ‘truth’) and exclude it from 
the ensemble so that simulation results from the ensemble can be compared to the reference solution. The facies 
model is generated through a modified Rapid Reservoir Modelling (RRM) approach in which channelized fluvial 
layers are randomly selected from a library and stacked with overlaps to ensure that there can be vertical con-
nectivity in sand channels. As noted above, the model contains two facies: sandstone, representing channel belts, 
and mudstone, representing floodplain deposits. The porosity and permeability are assumed to be heterogeneous 
in sandstone and constant in mudstone because the flow rates are negligibly low in the mudstone facies. Poros-
ity distributions in the sandstone facies were generated using Sequential Gaussian Simulation (SGS). Details of 
the SGS algorithm and parameter settings are provided in [46, 47]. Using the porosity–permeability relationship 

Fig. 1   Schematic of a model of a channelized fluvial geothermal reservoir showing two facies (1: sandstone, 2: mudstone) 
with their porosity and permeability distributions, as well as the locations of the injector (INJ), producer (PRD), monitor-
ing borehole (MON), and four virtual lines (L1, L2, L3, and L4) for collecting additional data during the simulations. 
Data-worth metrics are calculated along the L1, L2, L3, and L4. These lines allow us to quantify the effects of the number 
and locations of monitoring boreholes on data worth. The model shown here is the reference model that provides reference 
data based for the data assimilation framework

https://doi.org/10.1007/s10596-026-10460-3
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derived from core analysis at well GT-02 from the Delft campus geothermal project [37, 38], permeability is 
calculated for each realization as.

100 equiprobable stochastic realizations with different porosity and permeability distributions were generated 
for the reference geological scenario (i.e. reference reservoir architecture) by using SGS. Four example realiza-
tions from the ensemble of porosity–permeability models for reference architecture are presented in Fig. 2.

In reality, the true subsurface reservoir architecture, particularly the spatial distribution of fluvial channel 
bodies and their connectivity, is unknown. As noted before, it is well understood that uncertainty quantification 
methods that rely only on a single reservoir architecture lead to a biased assessment of reservoir uncertainties and 
performance forecasts. It is therefore necessary to evaluate data-worth analysis for different reservoir architectures. 
We hence employ a scenario-based geological modeling approach to generate 10 further geological scenarios 
[42, 44]. Five scenarios are constrained by the facies distributions along injection and production wells, and the 
other five are generated without any facies constraints. The reference facies distribution is that of the reference 
scenario. Figure 3 shows the reference geological scenario together with two additional scenarios, one with the 
facies constrained to the well logs and the the other without such constraints. From each geological scenario, 100 
equiprobable stochastic realizations of porosity and permeability are generated, yielding 10 different reservoir 
model ensembles and 1,000 geologically diverse reservoir models in total.

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 

(1)log10(k) = −3.523 ⋅ 10−7 ⋅ �5 + 4.278 ⋅ 10−5 ⋅ �4 − 1.723 ⋅ 10−3 ⋅ �3

+1.896 ⋅ 10−2 ⋅ �2 + 0.333 ⋅ � − 3.222

Fig. 2   Four example porosity–permeability realizations of the reference reservoir architecture illustrating the different 
porosity (upper) and permeability (lower) distributions. The color bars for porosity and permeability are the same as those 
in Fig. 1

https://doi.org/10.1007/s10596-026-10460-3
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[37, 39, 40]. In this work, we utilize open-DARTS to perform the simulations [45, 48]. Open-DARTS has 
been used successfully for ensemble-based simulation of geothermal systems [40]. The simulator employs a 
fully implicit solution method in time and uses the finite volume method and two-point flux approximation 
to discretize the standard governing equations for heat and mass transfer in space [49]. The conservation 
equations are given by

where t is the time, � is the porosity of porous media, � 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

where � , �r and �f  are the thermal conduction coefficients of the overall system, the fluid phases and the solid 
rock, respectively. The Darcy velocity v is given by

where K is the permeability of porous media, � is the fluid viscosity, p is the pressure, �p is the specific weight, 
and D is the depth. We use pressure and enthalpy as primary variables and consider them as state variables [49], 
which are evaluated using the Newton–Raphson method when solving for Eqs. (2-3)

Here, g represents the residual form of the Eqs. (2-3), � indicates nonlinear variables represented by pres-
sure and enthalpy in this study, and the subscript k specifies the k-th nonlinear iteration. To improve compu-
tational efficiency and flexibility of the nonlinear formulation, the operator-based linearization technique is 
used to compute the Jacobian and residuals [48].

(2)
�

�t
(��) − ∇ ⋅ �v + �q̃ = 0

(3)
�

�t

(

��U + (1 − �)Ur

)

− ∇ ⋅ h�v + ∇ ⋅ (�∇T) + h�q̃ = 0

(4)� = �� f + (1 − �)�r

(5)v =
�

�

(

∇p − �p∇D
)

(6)
�g

(

�k

)

��k

(

�k+1 − �k

)

= −g
(

�k

)

Fig. 3   Reservoir architecture of the reference scenario and two examples of different geological scenarios. In Example #1, 
the channel geometries are constrained by facies distributions along the injection and production wells. The facies distri-
bution in the reference scenario is from the reference model in Fig. 1. In Example #2, the channel geometries are not con-
strained to any data
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The key simulation parameters are summarized in Table 1. The reservoir is located at a depth of 2,000 m, 
with dimensions of 3,000 m × 2,000 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 sandstone facies is modelled using SGS, as discussed above. 
The rock thermal conductivity and heat capacity are defined as 3.0 W/m/K and 2,450 kJ/m3/K for the mudstone 
facies, respectively, and 2.2 W/m/K and 2,300 kJ/m3/K for the sandstone facies. The reservoir is considered to 
contain water without any dissolved salts or gases, and we assume no interactions, chemically or mechanically, 
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, with an injection and production rate of 10,000 m3/day, and a constant 
injection temperature of 298.15 K. We simulate 50 years of production. The distance between the injector and 
producer in the reservoir is 1200 m, with a monitoring borehole located halfway between them (Fig. 1). Horizontal 
model boundaries are open to flow to mimic an infinitely large reservoir. Vertical model boundaries are closed 
to flow, and there is no thermal recharge from an overburden or underburden. Note that while these are simpli-
fications, the modelling concept presented here can be readily extended to account for more complex boundary 
conditions. 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.

2.3 � Ensemble smoother with multiple data assimilation

ES-MDA is applied to the geostatistically generated realizations of the petrophysical property distributions 
within a given geological scenario, i.e. reservoir architecture. In other words, for a given geological scenario, the 
channel architecture defined by discrete facies remains fixed, and only the internal property variations within the 
sandstone facies are updated geostatistically. ES-MDA employs a sequence of inflation factors on the observa-
tion error covariance matrix to regulate the update magnitude during each assimilation step. The introduction of 
inflation factors helps to split the assimilation into multiple smaller updates and prevents overfitting and maintains 
ensemble variability in the property fields. Key symbols for ES-MDA are summarized in Table 2. The main steps 
of the ES-MDA algorithm are outlined as follows [26]:

1.	 Generate 100 prior realizations with heterogeneous properties for a single geological scenario, i.e. reservoir 
architecture. The ensemble size Ne is set to 100 and defined as

Table 1   Numerical 
simulation parameters for 
the geothermal doublet 
[50]

Parameters Values

Reservoir dimensions 3,000 m × 2,000 m × 120 m
Injection-production spacing 1,200 m
Well length 120 m
nx, ny, nz 75, 50, 120
dx, dy, dz 40 m, 40 m, 1 m
Porosity and kh in sandstone facies Heterogeneous model: see Fig. 2 and Eq. (1)
Porosity and kh in mudstone facies 0.0001 and 0.001 mD
kv/kh 0.1
Initial reservoir pressure and temperature 200 bar and 353.15 K
Thermal conductivity 3.0 W/m/K for the sandstone facies, 2.2 

W/m/K for the mudstone facies
Volumetric heat capacity 2,450 kJ/m3/K for the sandstone facies, 

2,300 kJ/m3/K for the mudstone facies
Injection/production rate 10,000 m3/day
Injection temperature 298.15 K

https://doi.org/10.1007/s10596-026-10460-3
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where M is the ensemble of porosity fields with an ensemble size of 100. mi denotes the porosity field for the 
i-th realization, defined over all grid cells containing sandstone facies, i.e., �

i
=

[

�1

i
,�2

i
,… ,�k

i
,… ,�n

i

]

 , where 
�k

i
 means the porosity value of the i-th realization at the k-th sandstone grid cell, and n is the total number of 

grid cells belonging to the sandstone facies.

2.	 Define key parameters in ES-MDA. Set the number of iterations Na, and the inflation factors �l . l from 1 to 
Na. Here, � =

[

�1, �2,… , �Na
]

 is applied to the measurement error covariance. The inflation factors are used 
to distribute the data assimilation over multiple iterations instead of assimilating the data in a single step. At 
each iteration, the observation error covariance �

�
 is inflated by �l , resulting in improved stability for nonlinear 

problems. The observation error covariance for each iteration is given by

The inflation factors are required to satisfy 
∑Na

l=1
1∕�l = 1 , ensuring that the cumulative effect of the iterative 

updates is equivalent to a single Bayesian update. Decreasing sequences of �l are often preferred to allow 
larger corrections in early iterations and more refined adjustments later. For each ensemble member, perturb 
the observations using �uc = �obs +

√

�
l
�
�
�
 , where �

�
∼ N

(

0, �Nd
)

 , and Nd is the total number of measurements 
assimilated. �obs identifies the true observation, which is the vector consisting of production temperature, 
injection pressure, and temperature and pressure profiles along wells at different times. The perturbed obser-
vation �uc ensures that each ensemble member is updated using a statistically consistent method, preserving 
the correct posterior covariance and preventing ensemble collapse.

3.	 For all realizations, solve the conservation Eqs. (2) and (3) from time zero until a final time and obtain predic-
tions at the measurement locations (i.e., injector and producer, monitoring borehole, and four virtual lines) 
across all time steps

where �l
i
 represents the porosity fields for the i-th member at l-th iteration. G(�) is a forward model. �l

i
 denotes 

the prediction vector consisting of measurable quantities such as production temperature and injection pres-
sure, as well as temperature and pressure profiles along the wells.

4.	 Compute the covariance matrix aswhere CYD means the cross-covariance matrix between the model predic-
tion and model parameters. CDD means the covariance matrix of predicted data. For l = 1, ml and dl represent 
the prior parameters and prior predictions. For l >1, they correspond to posterior parameters and updated 
predictions from the previous iteration.

(7)� =
[

�1,�2,… ,�i,…�Ne

]

(8)�
l
�
= �l��

(9)�
l
i
= G

(

�
l
i

)

Table 2   Summary of 
variables used in the 
ES-MDA framework

Symbol Definition Symbol Definition

M ensemble of porosity fields dobs true observations
CD observation error covariance matrix duc perturbed observations
CDD covariance matrix of predictions i i-th ensemble member
CYD cross-covariance matrix between the model 

prediction and model parameters
l l-th iteration

d observation or prediction vector � inflation factor
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5.	 Update the parameter ensemble for the next iteration l + 1 using

6.	 Repeat steps 3 to 5 until the maximum number of iterations Na is reached.
7.	 Posterior ensemble realizations with updated porosity distributions are finally obtained after performing all 

six previous steps.

2.4 � Data‑worth metrics

Data-worth analysis quantifies the value of data expected from a given observation scheme, typically evaluated by 
the reduction in the uncertainty in reservoir performance forecast from the prior to the posterior ensemble. Each 
observation in the calibration dataset is ranked by its effectiveness in reducing the uncertainty of predictions of 
interest [7]. The prediction uncertainty is defined by

where Tr(∗) denotes the trace (i.e. sum of diagonal entries) of a matrix. C is the predictive covariance matrix of 
all observation points, and di represents the pressure or temperature at the i-th observation in space and time. The 
trace provides a scalar measure of the total predictive uncertainty across all observations. To quantify the data 
worth of different measurements, we utilize a commonly considered metric, the trace reduction of the predictive 
covariance matrix [4, 10, 11] given by

Here, Cprior is the prior predictive covariance, while Cpost represents the posterior predictive covariance after 
data assimilation. A larger ΔTr indicates a higher variance reduction and demonstrates a greater value of data 
and thus higher data worth, implying a greater contribution of the data acquisition to reducing uncertainty and 
improving understanding of the geothermal system. Ensemble-based data assimilation enables direct computation 
of the prior and posterior variances in prediction of reservoir response from the ensemble statistics. Note that the 
data-worth metrics in this study focus on uncertainty reduction and improvement in model predictions, rather 
than formal quantities from information theory [51, 52]. The normalized trace reduction is defined to evaluate 
the relative data worth with respect to the same reference case as

where, Trn,i denotes the normalized data worth of i-th data acquisition scheme and ΔTri refers to the absolute data 
worth. One observation scheme is selected as the reference for data-worth normalization in which only produc-
tion temperature and injection pressure over the entire production period are observed (see next section). The 
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corresponding data worth is ΔTrn,i . The larger Trn,i , the greater the uncertainty reduction and value of data for the 
corresponding data acquisition strategy. Considering the different physical units of pressure and temperature, the 
prior and posterior predictive covariances are evaluated independently for each variable. The data-worth metrics 
are normalized and computed separately based on temperature data ( TrTn ) and pressure data ( TrPn ), respectively. 
In addition, to evaluate how closely predictions of properties of interest, like temperature and pressure along 
the well path, match the observation data from the reference case, the root mean square error (RMSE) is used to 
quantify the deviation from the reference observations. RMSE is defined as

where Si is the estimated value and Mi is the reference value at any time and position, and N is the total number 
of ensemble members. A lower RMSE indicates smaller deviation from the reference data and thus better data 
assimilation performance. Similarly, RMSET and RMSEP are calculated separately for temperature and pressure, 
respectively, based on the corresponding estimated and reference values.

2.5 � Experimental design

A two-stage investigation of data-worth analysis is conducted. In the first stage, the data worth is analyzed for 
an equiprobable ensemble of stochastically generated reservoir models that were based on a single geological 
scenario, i.e. only the reservoir architecture from which the reference model was constructed as shown in Fig. 2. 
Table 3 summarizes the 16 data-collection cases that are used to evaluate the data worth of different combina-
tions of data types and acquisition strategies, i.e. to quantify which data provide the highest value for reducing 
uncertainties in production forecast and reservoir response. Among the 16 data-acquisition strategies, Cases #1 
to #3 are employed in Sect. 3.2 to evaluate the feasibility of data-worth analysis based on ES-MDA as follows: 
Case #1: Temperature of the produced fluid (Tout) and bottom hole pressure at the injection well (Pinj), which 

(16)RMSE =

√

√

√

√
1

N

N
∑

i=1

(

Si −Mi

)2

Table 3   Case design for different data acquisition schemes

1 Varied observation intervals: 0 to 1, 0 to 3, 0 to 5, 0 to 10, 0 to 15, 0 to 20, 0 to 25, 0 to 30, 0 to 40, and 0 to 50 years

Case Observation type(s) Observation location(s) Period Note

#1 Tout and Pinj INJ & PRD wellhead 50 yr /
#2 Well T and P profiles INJ, PRD, MON 50 yr /
#3 Tout, Pinj,

Well T and P profiles
INJ & PRD well head; distributed T & P along PRD 50 yr /

#4 Well T profiles INJ, PRD, MON 50 yr Data type
#5 Well P profiles INJ, PRD, MON 50 yr
#6 Well T and P profiles INJ 50 yr Number and loca-

tions of monitor-
ing boreholes

#7 Well T and P profiles PRD 50 yr
#8 Well T and P profiles MON 50 yr
#9 Well T and P profiles INJ, PRD 50 yr
#10 Well T and P profiles INJ, PRD, three vertical monitoring boreholes evenly spaced along the INJ-PRD 

line
50 yr

#11 Well T and P profiles INJ, PRD, three vertical monitoring boreholes evenly spaced along a line perpen-
dicular to the INJ-PRD line

50 yr

#12 Well T and P profiles INJ, PRD, Deviated MON 50 yr Configuration 
of monitoring 
boreholes

#13 Well T and P profiles INJ, PRD, Horizontal MON (2000 m) 50 yr
#14 Well T and P profiles INJ, PRD, Horizontal MON (2060 m) 50 yr
#15 Tout and Pinj INJ & PRD wellhead Varied1 Observation period
#16 Well T and P profiles INJ, PRD, MON Varied1
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are the easiest data to obtain from the field. Case #2: Temperature and pressure profiles along the injection well 
(INJ), monitoring borehole (MON), and production well (PRD), collected using Optical Fiber sensors distributed 
along the wells. Case #3: The Tout, Pinj, and temperature and pressure profiles along the PRD. Cases #4 to 16 are 
employed in Sect. 3.3 to investigate the effects of types of observed variables (Cases #4 and #5), number and 
locations of monitoring boreholes (Cases #6 to #11), configurations of monitoring boreholes (Cases #12 to #14), 
and periods of the observations (Case #15 and #16) on data worth. In Case #10, three monitoring boreholes are 
evenly distributed along the injector-producer line; in Case #11, three monitoring boreholes are arranged per-
pendicular to the injector-producer line. Case #2 consider a vertical monitoring borehole, Case #12 a deviated 
monitoring borehole, and Cases #13 and #14 horizontal monitoring boreholes located at the top of the reservoir 
(depth 2000 m) and at mid-reservoir depth (2060 m), respectively, as shown in Fig. 4. We note that some of 
these cases would not be considered in real geothermal operations because it would be prohibitively expensive 
to drill additional monitoring boreholes. However, these cases allow us to quantify how additional data helps in 
constraining uncertainties in the production forecasts.

In the second stage, we examine how the data-worth analysis changes if the ensemble is based on a geological 
scenario that differs from the reservoir architecture that is present in the subsurface. To this end, ten additional 
geological scenarios are considered. Among these, five geological scenarios honor the facies recorded along 
injection and production wells from the reference model, and Example#1 is one of these constrained scenarios 
(Fig. 3). In addition, five scenarios are generated without any facies constraints, and Example #2 represents one of 
these unconstrained scenarios (Fig. 3). Comparing these scenarios allows us to investigate how sensitive the data-
worth analysis is to uncertainty in the conceptual geological model space. These results are presented in Sect. 3.4.

3 � Results

3.1 � Uncertainty analysis

In this section, the resulting uncertainties in the reservoir performance forecasts due to the variability in reservoir 
properties are quantified, while we are using a single, fixed geological scenario as shown in Fig. 2. Uncertainty 
in the production forecasts, for example the temperature of the produced fluid (Tout) and the bottom hole pressure 
at the injection well (Pinj), is presented. Uncertainty in temperature and pressure profiles along the injector and 

Fig. 4   3D configurations of 
monitoring boreholes, i.e. vir-
tual lines along which data is 
recorded. Blue, green, and red 
lines represent the injector, 
vertical monitoring borehole, 
and producer, respectively; 
dark blue lines indicate hori-
zontal monitoring boreholes 
at different depths; the slanted 
blue line denotes a deviated 
monitoring borehole. Devi-
ated and horizontal monitor-
ing boreholes are positioned 
in a plane intersecting the 
injection–production plane 
(dark shading), enabling 
coverage of a larger reservoir 
region
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producer wells as well as the monitoring borehole is analyzed to determine the depths and time intervals that 
exhibit the largest variability in the temperature and pressure profiles.

3.1.1 � Uncertainty in the production forecasts

Thermal breakthrough occurs after approximately 20 years, as shown in the evolution of Tout and Pinj for the 100 
equiprobable realizations (Fig. 5). The uncertainty interval is indicated by the P10 to P90 interval. The P10 to 
P90 interval of the Tout gradually widens, indicating increasing uncertainty over time as the cold front propagates 
from the injection well towards the producer, and the variability in the flow paths increases, which is related to 
the geological variability captured in the reservoir model ensemble. Injection pressure increases steadily as the 
cooling of the reservoir increases the fluid viscosity and hence flow resistance. The P10 to P90 interval of Pinj 
remains relatively stable over time because pressure diffusion occurs on much shorter time scales compared to 
heat flow, causing a quasi-steady-state pressure field to be established quickly. After 50 years of production, the 
maximum P10 to P90 interval is approximately 1.9 K for the temperature of the produced fluid and 2.0 bar for 
injection pressure. When assuming a 5 K decline in Tout as the abandonment criterion, the P10 to P90 interval 
defining the uncertainty in the lifespan of the geothermal system varies between 37 and 43 years.

3.1.2 � Uncertainty in temperature and pressure profiles

The simulated temperature and pressure profiles along the injection well, monitoring borehole, and production 
well vary with time and space as presented in Fig. 6. The temperature profiles show inflection points along the 
wellbore, reflecting the impact of different reservoir layers on flow rates. Local low-temperature segments cor-
respond to depths where strong convective heat transport occurs, indicating a faster advance of the cold front and 
the presence of connected sandstone facies with higher permeability. Conversely, higher-temperature segments 
suggest less convective transport, indicating either disconnected sandstone facies or low-permeability mudstone 
facies. These regions exchange heat with each other due to thermal conduction, resulting in gradual variations of 
temperature between the low- and high-permeability facies. The maximum P10 to P90 interval varies between 
wells, with 14.5 K for the injection well at year 1, 15.2 K for the monitoring borehole at year 30, and 8.9 K for the 
production well at year 50. The pressure profiles along the wells show more abrupt changes and inflections as a 
function of depth. These abrupt changes are because pressure is sensitive to permeability variations and channel 
geometry and connectivity. Along the wells, regions where pressure remains close to the initial reservoir pressure 
indicate low-permeability mudstone facies, while regions where pressure drops below the initial pressure indicate 
connected sandstone facies. The maximum P10 to P90 interval varies between wells, with 1.24 bar for the injection 
well at year 1, 0.48 bar for the monitoring borehole at year 30, and 1.20 bar for the production well at year 50.

The uncertainty in temperature profiles recorded along the three wells evolves as a function of time and depth 
(Fig. 7). In the first five years, the temperature profile along the injection well exhibits higher uncertainty as 
cold water starts to move into the formation. From year 10 to year 50, larger uncertainties are observed at the 

Fig. 5   Simulated evolution 
of the temperature of the pro-
duced fluid ( Tout ) and bottom 
hole pressure at the injection 
well (Pinj) for 100 equiprob-
able realizations. Grey lines 
represent individual realiza-
tions. The shaded grey area 
between the P10 and P90 
indicates the uncertainty 
interval
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monitoring borehole, indicating that this data provides valuable information because it captures the arrival and 
passage of the cold front. At the production well, an increase in uncertainty only starts to occur after 40 years once 
the cold front arrives, with limited information before then. The uncertainty in temperature also varies with depth. 
For the injection well and the monitoring borehole, a larger uncertainty is observed in the upper layers, suggesting 
the presence of locally connected high-permeability channels that facilitate heat convection and conductive heat 
exchange between the low- and high-permeability facies. In contrast, at the production well, uncertainty is more 
pronounced at the bottom of the reservoir, implying the existence of locally connected high-permeability channels 
and faster heat convection. Overall, uncertainty in the temperature profile is greater at the monitoring borehole 
than at the injection well, followed by the production well. As discussed above, the variability in temperature 
uncertainty is caused by the propagation of the cold front.

Fig. 6   Temperature and pressure profiles as a function of depth for the injector, monitoring borehole, and producer, after 1, 
30 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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Similar to the temperature profiles, the uncertainty in the pressure profiles recorded along the three wells 
also evolves as a function of time and depth (Fig. 8). During the production, the uncertainty in pressure profiles 
increase slightly with time along the injection and production wells, whereas it remains near zero at the moni-
toring borehole. The slight increase in uncertainty is due to the gradual temperature decrease in the reservoir, 
which increases fluid viscosity and flow impedance. Overall, uncertainty in the pressure profile is greater at the 
injection well than at the production well, followed by the monitoring borehole. The result is consistent with the 
source–sink dynamics of the flow process. The uncertainty in pressure also varies with depth. For the injection 

Fig. 7   Uncertainty maps for the temperature profiles recorded along the injector (INJ), monitoring borehole (MON), and 
producer (PRD) as functions of time and depth. Colors indicate the degree of uncertainty, calculated from the variance of 
ensemble members at each time and depth (Eq. 12). Dark colors refer to lower uncertainty bright colors to larger uncer-
tainty

Fig. 8   Uncertainty maps for the pressure profiles recorded along the injector (INJ), monitoring borehole (MON), and pro-
ducer (PRD) as functions of time and depth. Colors indicate pressure uncertainty, calculated from the variance of ensemble 
members at each time and depth (Eq. 12). Dark colors refer to lower uncertainty bright colors to larger uncertainty
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well, the largest uncertainty occurs between depths of 80 to 90 m, suggesting the presence of connected sandstone 
layers. For the production well, the increased uncertainty at depths of 0 to 16 m indicate a more connected layer. 
However, these layers do not necessarily indicate preferential flow pathways since heat transfer is slower than 
fluid flow and also affected by thermal conduction.

Although the changes in the temperature profiles are more gradual compared to the pressure profiles, the inflec-
tion points in both profiles can be used to assess the reservoir connectivity and the structure of the reservoir layers. 
The uncertainty in the temperature profiles is significantly higher than the uncertainty in the pressure profiles, 
including a larger P10 to P90 interval. This is because pressure equilibrates more rapidly, whereas temperature is 
governed by the slower propagation of the cold front and the conductive heat exchange between low- and high-
permeability regions. Pressure profiles, however, show more variation along the wells compared to temperature 
profiles. Unlike temperature, which is mainly informative during thermal breakthrough, pressure profiles retain 
value of data at all stages, even in the absence of a discernible cold front. In the following section, temperature 
and pressure profiles from the three wells are incorporated as observations in the data assimilation process to 
constrain uncertainties in production performance and reservoir response.

3.2 � Data‑worth analysis based on ES‑MDA

We now conduct data assimilation using different combinations of the data recorded at the three wells, again 
focusing on the reference geological scenario. During ES-MDA, only the permeability and porosity within the 
channelized sandstone facies are updated, the reservoir architecture remains fixed for a given geological scenario 
[42]. Based on the simulated results of the prior and posterior ensembles, data worth values are calculated to 
assess the contribution of the different data types and amounts.

ES-MDA parameters are summarized in Table 4. The observation data consists of the temporal evolution of 
the temperature and pressure profiles recorded along the injector, monitoring borehole, and producer for the 
reference case, as well as Tout and Pinj at the injector for the reference case. Observation errors are set to 1 K for 
temperature and 2 bar for pressure, based on typical monitoring equipment. Four iterations are performed with 
inflation factors (Eq. (12)).

3.2.1 � Data assimilation for case #1

Case #1 uses the temperature of the produced fluid (Tout) and the bottom hole pressure at the injection well (Pinj) as 
observations. The prior predictions, posterior predictions, and reference data for the Tout and Pinj are compared in 
Fig. 9. After data assimilation, using the full 50 years of observations, the posterior ensemble aligns more closely 
with the observation data from the reference case. The maximum P10 to P90 interval decreases from 1.9 K to 
0.6 K for Tout and from 2.0 bar to 1.7 bar for Pinj respectively. The reduction in uncertainty is more pronounced 
for Tout than for Pinj.

Table 4   ES-MDA 
parameters

Parameters Values

Number of iterations 4
Ensemble size 100
Inflation factor [9.43, 7, 4, 2]
Observations Production data or temporal evolution of temperature and 

pressure profiles along wells simulated in the reference 
case

Observation error 1 K for temperature and 2 bar for pressure
Lower and upper limits of porosity 0.125 to 0.32
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When comparing the temperature and pressure profiles for the prior and posterior ensembles at the injecton 
well, monitoring borehole, and production well, and the four virtual lines, the P10 to P90 intervals are only 
slightly reduced (Fig. 10). This indicates that the uncertainty in the reservoir forecasts remains high and that 
it is difficult to quantify the reservoir dynamics. Data worth values calculated from the four virtual lines yield 
a TrT of 4523.69 K2 and Trp of 23.09 bar2. In summary, the observation data in Case #1 helps to constrain the 
uncertainty in the production forecasts but provides little information that helps to constrain the uncertainty 
in reservoir temperature and pressure. This result highlights a common problem with data assimulation and 
history matching: because the problems are ill-posed, it is possible to obtain ‘the right answer for the wrong 
reason’, i.e. be able to match the production behaviour without matching the actual dynamics and flow behav-
iour in the reservoir which undermines the reliability of the production forecasts.

3.2.2 � Data assimilation for case #2

Case #2 uses the temperature and pressure profiles along INJ, MON, and PRD as observations. The prior 
predictions, posterior predictions, and reference data for Tout, Pinj, and the temperature and pressure profiles 

Fig. 9   Simulated Tout and Pinj 
for the prior and posterior 
ensembles of the reservoir 
architecture for the reference 
case, using the observation 
data for Case #1. The red line 
represents the production 
response from the reference 
case. The grey lines are pre-
dictions from the prior ensem-
ble; the blue lines are results 
from the posterior ensemble

Fig. 10   Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection 
well (INJ), monitoring borehole (MON), production well (PRD) and four virtual lines (L1 to L4) at different times, respec-
tively (from left to right) for the observation data from Case #1. The grey lines show the forecasts for the prior ensemble, 
the red line denotes the reference data for the reference case, and the blue lines are the predictions for the posterior ensem-
ble after data assimilation
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in Case #2 are compared in Figs. 11 and 12. After data assimilation, the posterior temperature and pressure 
profiles along the injection well, production well, and monitoring borehole show substantial reduction of 
the P10 to P90 intervals and match the reference curves more closely. Posterior Tout and Pinj also align more 
closely with the reference data from the reference case and exhibit a reduced maximum P10 to P90 interval 
(from 1.9 K to 0.7 K, and from 2.0 bar to 0.6 bar), even though Tout and Pinj were not assimilated in Case 
#2. At the four virtual lines, posterior profiles display a reduced uncertainty compared to Case #1. The data 
worth values in Case #2, TrT = 17169.82 K2 and TrP = 66.82 bar2, are higher than those in Case #1, indicating 
that the uncertainty in the reservoir forecasts is lower and the reservoir dynamics are better constrained. In 
summary, the observation data in Case #2 provides more effective information to help constrain the uncer-
tainty in both, production forecasts and reservoir temperature and pressure.

3.2.3 � Normalized data‑worth analysis

The normalized data worth is calculated to highlight the relative value of data for each acquisition strategy 
and enable an objective comparison across the different strategies. The data worth is normalized to that of 

Fig. 11   Simulated Tout and 
Pinj for the prior and posterior 
ensembles of the reference 
scenario using the observation 
data of Case #2. See Fig. 9 for 
the definitions of the colored 
lines

Fig. 12   Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection 
well (INJ), monitoring borehole (MON), production well (PRD) and four virtual lines (L1 to L4) at different times, respec-
tively (from left to right) for the observation data from Case #2. See Fig. 10 for the definitions of the colored lines
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Case #1 (Eq. (15)). Case #3 uses Tout, Pinj, and the temperature and pressure profiles along the PRD for data 
assimilation. The histogram of the normalized data-worth results for Cases #1 to #3 are presented in Fig. 13 
where TrTn and TrPn are normalized data worth based on temperature and pressure profiles, respectively, 
along the four virtual lines. In Case #3, Tout and Pinj are assimilated together with temperature and pressure 
profiles along the single production well. Case #3 yields approximately twice the data worth value of Case 
#1, indicating that adding temperature and pressure profiles along the production well can further reduce 
uncertainty in the production forecasts and better constrain the reservoir dynamics compared to a data acqui-
sition scheme that only uses Tout and Pinj. Case #2 achieves more than three times the normalized data worth 
than Case #1. This result suggests that data acquisition schemes that monitor the temperature and pressure 
profiles along several wells, e.g. using fiber optics installed in the wells, result in substantially higher data 
worth compared to acquisition schemes that only monitor Tout and Pinj, e.g. measured by thermocouple and 
permanent downhole pressure gauge respectively.

3.3 � Impact of different types of observation on data worth

To investigate the impact of different types of observation on data worth, we conduct data assimilation using 
the observations from 13 more cases (#4 to #16) as shown in Table 3. As discussed previously, these observa-
tions vary in the types of observation data (temperature or pressure), the number and locations of monitoring 
boreholes, the configuration of monitoring boreholes (deviated, shallow horizontal or deep horizontal bore-
hole), and the observation period. This section aims to give insight into the value of different data acquisition 
strategies. Case #2 is selected as the reference strategy for comparison because it covers relatively complete 
observations from injector, producer, and monitoring borehole. Note that all data worth values are normal-
ized with respect to Case#1.

3.3.1 � Types of observed variables

Cases #4 and #5 use either the temperature or the pressure profiles along the injector, monitoring borehole, and 
production well. Temperature profiles yield about 50% higher data worth than pressure profiles (Fig. 14), indi-
cating that 50-year temperature observations provide greater information for constraining reservoir dynamics. 
The result is consistent with the previous uncertainty analysis, where pressure profiles display a narrower P10 
to P90 interval than temperature profiles, reflecting their lower information. The underlying reason is that fluids 

Fig. 13   Histogram of normalized data worth for Cases 
#1, #2, and #3. All data-worth values are normalized with 
respect to Case #1. Yellow and purple bars represent data 
worth based on temperature and pressure profiles, respec-
tively, along four virtual lines
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are injected and produced at a constant rate and hence the pressure field equilibrates rapidly. Pressure therefore 
remains relatively constant and only response to the increase in the viscosity as the reservoir cools during the 
propagation of the cold front.

The data-worth analysis of Case #2 uses the pressure and temperature profiles, i.e. is a combination of the 
individual datasets based on which the data-worth analyses for Cases 4 and #5 are performed. However, the data 
worth of Case #2 is not the sum of the data worths of Cases #4 and #5. From Case #2 to Case #4, additional pres-
sure profiles are recorded, but there is only a small increase in data worth, 0.27 in TrTn and 0.43 in TrPn, which 
indicates redundancy in the data types. As discussed above, the evolution of the temperature and pressure profiles 
are both a result of the connectivity of the fluvial channels and the permeability contrast between the sand and 
mudstone facies. That is, temperature and pressure profiles are not independent datasets and hence data type 
redundancy arises.

3.3.2 � Number and locations of monitoring boreholes

The histogram of normalized data worth for Cases #2 and #6 to #11 illustrates the influence of both, the num-
ber and locations of the monitoring boreholes (Fig. 15). Cases #6, #7, and #8 are based on the temperature and 

Fig. 14   Histogram of normalized data worth for Cases #2, 
#4, and #5, showing the effect of observation data types. All 
data worth values are normalized with respect to Case #1. 
The colors of the individual bars are the same as in Fig. 13
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#6 to #11, showing the effect of the number and locations of 
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pressure profiles recorded along either the injection well, the production well, or the monitoring borehole, respec-
tively. The monitoring borehole provides the greatest reduction in uncertainty for both, reservoir temperature and 
pressure, as it captures more of the propagation of the cold front compared to the injection or production wells. 
The data worth increases if the number of wells along which temperature and pressure profiles are recorded 
increases from 2, 3, and 5 wells (Cases #9, #2, and #10). Case #9 uses the injector and producer (two wells), Case 
#2 adds one monitoring borehole (three wells), and Case #10 considers three monitoring boreholes in addition to 
the injector and producer. We reiterate that some of these configurations will not be applicable in real geothermal 
systems but still allow us to quantify how the value of data for different observation strategies changes. The three 
monitoring boreholes are equally spaced along a virtual line that connects the injector and producer. Case #11 
also considers three monitoring boreholes, but they are placed perpendicular to this line. The data acquisition 
strategy in Case #11 yields higher data worth compared to Case #10, as it captures more of the cross-sectional 
flow between the injector and producer rather than only the main injection–production axis.

3.3.3 � Configurations of monitoring boreholes

The histogram of normalized data worth for different orientations of the monitoring borehole (Fig. 16) reveals that 
both, a deviated and a horizontal monitoring borehole, yield higher data worth compared to a vertical borehole 
because they capture flow and heat-transfer information in a direction other than main flow direction line, i.e. 
sample more of the propagation of the cold front. As noted above, the direct-use geothermal systems will rarely 
have monitoring boreholes so if they do, this analysis helps quantify the change in value of data for different well 
orientations. The data worth of the deviated borehole is comparable to that of the horizontal borehole. The data 
worth of a horizontal monitoring borehole also depends on the depth at which it is located. The results highlight 
that the configurations of borehole can have impact on the value of monitoring data.

3.3.4 � Periods of observation

To evaluate the impact of dynamic observations on data worth, Cases #15 and #16 were designed to assimilate 
observations collected over different time intervals, i.e. 1, 3, 5, 10, 15, 20, 25, 30, 40, and 50 years from the 
start of production. Case #15 assimilates observations of Tout and Pinj over these intervals, whereas Case #16 
assimilates temperature and pressure profiles recorded along the injector, producer, and monitoring borehole. 
For Case #15, the data worth remains almost unchanged and even decreases when the time interval for the 
observations is less than 20 years (Fig. 17). Once the time interval for the observations exceeds 20 years, data 
worth increases, indicating that the uncertainty in reservoir temperature and pressure starts to decrease after 

Fig. 16   Histogram of normalized data worth for Cases #2, 
#12 to #14, showing the effect of configurations of moni-
toring boreholes. The colors of the individual bars are the 
same as in Fig. 13
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approximately 20 years of observation for Tout and Pinj. The P10 to P90 interval for Tout and Pinj for the entire 
50 years of production are also presented to illustrate how uncertainty in production performance varies as a 
function of the observation period (Fig. 18). Assimilating a time interval of less than 20 years for the obser-
vations of Tout and Pinj results in nearly constant P10 to P90 intervals (1.9 K, 2.0 bar, and 5.3 years) which 
are identical to the prior P10 to P90 intervals. In contrast, considering a time interval of more than 20 years 
for the observations leads to a gradual decrease of the P10 to P90 interval, with values of 1.35 K, 1.77 bar, 
and 4.00 years when observations from a 30-year time interval are assimilated, and 0.64 K, 1.73 bar, and 
1.76 years when the full 50 years of production data are assimilated. As discussed above, thermal breakthrough 

Fig. 17   Histograms of 
normalized data worth for 
Case #15 and #16, showing 
the effects of the periods of 
observations for well tem-
perature and pressure profiles 
along the injector (INJ), pro-
ducer (PRD), and monitoring 
(MON) wells and boreholes 
(upper figure) and the effects 
of the periods of observations 
for Tout and Pinj (lower figure), 
respectively. All data worth 
values are normalized with 
respect to Case #1. The colors 
of the individual bars are the 
same as in Fig. 13
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occurs after approximately 20 years (Fig. 11). Hence there is little increase in information for any observa-
tions recorded at time intervals of less than 20 years since the start of production. However, such time scales 
for monitoring production data are likely already too late for operators to implement effective adjustments to 
avoid thermal breakthrough and extend the life-time of a geothermal system.

In contrast, when assimilating well temperature and pressure profiles in Case #16, the data worth increases 
consistently as the time interval for observing the production data increases (Fig. 17). The data worth increases 
even when only the data from the time interval of 1 year since the start of production is assimilated. Case #16 
demonstrates a higher data worth than Case #15, indicating that the observations of well temperature and 
pressure profiles include significantly more informative data than Tout and Pinj. Moreover, assimilating well 
profiles over increasing time intervals leads to a gradual reduction in the P10 to P90 intervals for Tout and Pinj 
after 50 years of production, as well as the prediction of the reservoir lifetime (Fig. 18). For the observation 
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Fig. 18   Variations in the P10 to P90 intervals for the production performance for different time intervals at which produc-
tion data is observed in Cases # 15 (black) and #16 (red). The P10 to P90 intervals for production performance are quanti-
fied for Tout after 50 years (a), Pinj after 50 years (b) and the reservoir lifetime considering an abandonment temperature of 
5 K below the initial Tout (c)
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in 1-year time interval, the P10 to P90 intervals for Tout, Pinj and reservoir lifetime is 1.59 K, 1.27 bar, and 
4.41 years, representing reductions of 16%, 21%, and 7% compared to the prior production forecasts. Although 
the reduction is not substantial, it is still helpful as it could enable operators to design mitigation strategies 
early in the exploitation to enhance long-term reservoir performance and extend the geothermal system’s 
lifetime.

3.4 � Data‑worth analysis considering different geological scenarios

For each scenario, the same observation data, i.e. temperature and pressure profiles along the injection well, 
production well, and monitoring borehole from the reference case are assimilated; this approach corresponds 
to the data acquisition strategy of Case #2. Although the posterior curves show a reduced P10 to P90 interval, 
there are notable deviation of both prior and posterior profiles from the reference data for Example #1 (Fig. 19) 
and Example #2 (Fig. 20). These deviations clearly show the impact of differences in channel distribution and 
geometry compared to the reference scenario on the resulting reservoir performance forcasts. In particular, the 
posterior profiles in Example #2 deviate more strongly from the reference than those in Example #1. The average 
posterior RMSEs along four virtual lines in example #2 are 15.53 K and 1.40 bar, which are substantially larger 
than the corresponding values of 5.62 K and 0.71 bar in Example #1. Although the RMSEs in both examples 
are higher than those of the reference scenario (1.46 K and 0.14 bar), the posterior results of Eaxmple #1 remain 
closer to the reference than Example #2. Therefore, Example #2 can be falsified.

The histograms of normalized Tr and RMSE for the ten different geological scenarios, i.e. reservoir archi-
tectures (Fig. 21), indicate that the average data worth of a data acquisition strategy corresponding to Case #2 
is higher for scenarios where channel geometries are not constrained to any facies distributions. The posterior 
RMSE of temperature and pressure profiles observed along the wells is higher for geological scenarios without 
any facies constraints compared to geological scenarios where facies distributions are constrained using well 
data. This observation clearly demonstrates the need to consider multiple geological scenarios when modelling 
geothermal reservoirs and forecasting the reservoir performance.

Fig. 19   Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection 
well (INJ), monitoring borehole (MON), production well (PRD) and four virtual lines (L1 to L4) at different times, respec-
tively (from left to right) for Example #1. The data acquisition strategy is same as that in Case #2 where the temperature 
and pressure profiles along the injection well, production well, and monitoring borehole are observed. See Fig. 10 for the 
definitions of the colored lines
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Recall that the RMSE evaluates the deviation of the simulated reservoir performance forecast from the observed 
reservoir performance, whereas normalized Tr evaluates the data worth of a data acquisition strategy. Hence any 
geological scenario where the simulation results yield a large RMSE should be falsified [42], as a large RMSE 
indicates that the reservoir architecture is likely inconsistent with the reservoir architecture present in the sub-
surface. In contrast, geological scenarios where the simulation results yield a lower RSME should be retained as 
they are likely to contain reservoir architectures that are more plausible, i.e. similar to the reservoir architectures 
present in the subsurface. In other words, data-worth analysis is more reliable when conducted for more plausible 
geological scenarios. That is, the data-worth evaluation of data-acquisition strategies can become unreliable if 
geological scenarios are considered where the reservoir architecture differs strongly from the actual reservoir 
geometry in the subsurface. Using the RMSE results for the posterior simulation results helps to falsify geological 
scenarios [42], allowing data-worth analysis to be performed for more plausible geological scenarios to ensure 
a more robust and reliable assessment of data acquisition strategies.

4 � Discussion

Using ES-MDA, we are able to quantify data worth based on the difference between prior and posterior ensemble 
predictions. The uncertainty of predictions of interest is directly obtained from the ensemble members, which 
naturally accounts for correlations between parameters and observations. In contrast, sensitivity-based data-
worth methods where data worth is derived from separate simulation results are generally suited to locally linear 
problems [8, 9]. Our geothermal production problem is inherently nonlinear: thermal breakthrough depends on 
the highly heterogeneous channel geometry, the connectivity of high-permeability zones, and strong couplings 
between pressure, temperature, and fluid properties (e.g., viscosity). Sensitivity analyses often neglect parameter 
correlations (e.g., the link between channel geometry and permeability) and redundancies in observation data 
(e.g., overlapping information from well pressure and temperature profiles as shown in Sect. 3.3.1). Our proposed 
ensemble-based approach captures the nonlinear features related to the reservoir dynamics, petrophysical property 

Fig. 20   Prior, posterior, and reference temperature and pressure profiles recorded as a function of depth for the injection 
well (INJ), monitoring borehole (MON), production well (PRD) and four virtual lines (L1 to L4) at different times, respec-
tively (from left to right) for Example #2. The data acquisition strategy is same as that in Case #2 where the temperature 
and pressure profiles along the injection well, production well, and monitoring borehole are observed. See Fig. 10 for the 
definitions of the colored lines
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distributions, and reservoir architecture. This capability is particularly important for geothermal systems located 
in geologically complex reservoirs such as channelized fluvial systems.

Preliminary uncertainty analysis can help identify the most uncertain reservoir properties as well as potential 
locations where reliable observation data could be recorded. Such knowledge can help geothermal operators to 
assess, for example, if placing fiber optics in wells is helpful in providing additional data that reduces uncertainties 
in reservoir performance forecasts and hence leads to more reliable reservoir management strategies that prolong 
the life time and increase the operational efficiency of a geothermal system.

Our findings are consistent with previous work that combines global sensitivity analysis and Bayesian data-
worth analysis, which targets measurements in regions where simulation results indicate the highest parameter 
sensitivity [7, 13]. In the context of geothermal systems, the uncertainty in observed temperature profiles is 
directly related to the uncertainty in the advancement of the cold front. Cost-effective observation strategies that 
can constrain the advancement of the cold front could hence allow operators to reduce the overall uncertainty 
in forecasting the performance of a geothermal system. For example, geophysical techniques such as diffusive 
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is based on assimilating the temperature and pressure profiles along the injection well, production well, and monitoring 
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electromagnetic methods could potentially provide complementary information on the advancement of the cold 
front [28], yet most likely with substantial additional costs and lower resolution. If available, data from deviated 
boreholes in multi-well geothermal systems would also yield valuable information to reduce uncertainties in 
reservoir performance forecasts because deviated boreholes capture a larger portion of the cold front.

The data worth of observations in this study strongly depends on the timing of the thermal breakthrough. Tran-
sient data in the form of Tout and Pinj alone do not provide meaningful information until thermal breakthrough 
at the production well occurs. In contrast, early-time observations of temperature and pressure profiles recorded 
along wells, e.g. using fiber optics, provide increasingly more valuable information that gradually reduces the 
uncertainty in the production forecast. This is because thermal breakthrough emanates from the injector and the 
temperature profiles along the injection well capture this early migration of the cold front. Observational data 
in the form of temperature and pressure profiles along the well trajectories hence yield a higher information 
compared to Tout and Pinj, especially at early times, and can help operators make timely decisions to improve the 
operation of a geothermal system. As a result, geological uncertainty can be propagated into economic uncertainty 
through probabilistic modeling frameworks [39, 53].

Our data-worth analysis for different geological scenarios, each representing a different reservoir architecture, 
shows that the data worth for a specific data acquisition strategy varies for different geological scenarios. Relying 
on a single geological scenario when performing a data-worth analysis hence can lead to an unreliable evaluation 
of the information of a data acquisition strategy. Using our previously proposed scenario-based data assimilation 
strategy that allows us to falsify geological scenarios based on RMSE results [42, 44] enables us to perform a 
data-worth analysis that considers different geological scenarios. This approach therefore helps us to analyze the 
effectiveness and reliability of different data-acquisition strategies across a broad range of geological uncertain-
ties, i.e. reservoir architectures and petrophysical property distributions, which ultimately leads to more reliable 
reservoir performance forecasts.

However, several limitations in our proposed method need to be addressed. The most useful information 
for reducing uncertainties only emerges once thermal breakthrough has occurred. Yet, once breakthrough has 
occurred, no remedial actions can be taken, and the success or failure of a project is already evident. Ideally, 
reservoir architecture and the distribution of petrophysical properties should already be constrained long before 
thermal breakthrough, enabling operational adjustments to extend production life. The Delft campus geother-
mal project is also a rare exception in that a dedicated monitoring borehole will be drilled. Such a monitoring 
borehole will increase the value of data, improve data assimilation, and constrain uncertainties, it is unlikely 
that many direct-use geothermal systems will have such additional data available due to the high cost of drilling 
additional wells. Therefore, one should further explore the potential of using pressure transient data or geophysi-
cal monitoring methods that provide early-time data to improve the understanding of the reservoir architecture 
before thermal breakthrough occurs. In addition, a unified metric combining uncertainty and bias would provide 
a more comprehensive assessment of data worth, such as measures from information theory such as relative 
entropy (Kullback–Leibler divergence) [11], which account for both changes in variance and shifts in the mean 
of probability distributions. It should be noted that the data-worth calculation in this study is based on a single 
selected realization as the reference. As a result, the reported data-worth values are conditional on this choice and 
may vary if a different realization were used as the reference. A more comprehensive assessment would involve 
repeating the analysis using multiple realizations as alternative references to evaluate the robustness of the results.

5 � Conclusions

This study proposes an ES-MDA-based data-worth analysis to quantify how different data acquisition strate-
gies improve production forecasts and the understanding of reservoir dynamics in fluvial geothermal systems. 
By combining ES-MDA with heat and fluid-flow simulations in open-DARTS, we evaluated the data worth of 
different data acquisition strategies in terms of types of observed variables, number and locations of monitoring 
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boreholes, configurations of monitoring boreholes, and time-scales of observation periods. Data-worth analysis 
is conducted across multiple geological scenarios, each representing different reservoir architectures. The main 
conclusions are:

1.	 ES-MDA-based data-worth analysis is an effective approach for assessing the value of data acquisition strate-
gies in geothermal systems.

2.	 Incorporating production temperature and injection pressure reduces uncertainty of production forecasts 
but is insufficient to constrain reservoir dynamics. Adding temperature and pressure profiles recorded along 
wells (e.g., using fiber optics) significantly improves the reliability of reservoir performance forecasts and 
our understanding of the reservoir dynamics.

3.	 Under constant-rate injection condition for a geothermal doublet system, temperature profiles recorded along 
wells provide higher data worth than pressure profiles recorded along the same well. A deviated monitoring 
borehole also provides more information than a vertical monitoring borehole. Importantly, temperature and 
pressure profiles recorded along wells provide valuable information during the early stage of production that 
enables timely reservoir management decisions to adjust operations before thermal breakthrough occurs.

4.	 Data-worth analysis should always be performed across multiple geological scenarios. Geological scenarios 
with high RMSE for the simulation results can be falsified, while scenarios with lower RMSE can be retained 
as they likely contain reservoir architectures that are plausible, i.e. more representative of the real reservoir 
architecture that is present in the subsurface yet unknown. Conducting data-worth analysis across multiple 
plausible geological scenarios is key to ensuring that a reliable data acquisition strategy can be designed that 
helps to reduce uncertainties in the reservoir performance forecasts well before thermal breakthrough occurs.
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