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Introduction

In geothermal operations, mineral precipitation is a common problem that occurs when
geothermal saline water (brine) is extracted from underground reservoirs and brought
to the surface for the thermal energy production. The hot brine typically contains high
concentrations of dissolved minerals, which can precipitate out of the solution due to
the changes in the temperature and pressure during its transport from the production
to the injection wells. Multiple geothermal sites around the globe are currently facing
scaling issues (Ramsak 2015; Heuvel et al. 2018). Numerous studies (Boersma et al. 2018;
Grassinani 2000) analyzed different precipitated minerals observed in geothermal sys-
tems such as barite, celestite and galena deposits which were found to have a significant
impact on the performance of the geothermal sites.

The scaling is strongly related to geological conditions, wellbore materials, fluid flow
properties, and operational conditions (Regenspurg et al. 2015). Scaling can lead to sev-
eral processes that reduce system efficiency, including heat exchangers fouling and pipe-
line blockage. The fouling of heat exchangers is one of the common problems caused by
scaling in geothermal operations. These deposits can reduce the heat transfer efficiency
of heat exchangers by creating an insulation layer, resulting in lower energy production,
higher operating costs, and a lower coefficient of performance (COP) (Led esert et al.
2021). To mitigate the problem of scaling, various approaches have been developed,
including chemical treatments, mechanical cleaning, and thermal treatments. Chemical
treatments involve the use of chemical inhibitors to prevent mineral precipitation, depo-
sition, or dissolve existing deposits (Pauwels et al. 2022). Mechanical cleaning involves
physically removing the deposits from the heat exchanger surface using brushes, high-
pressure water, or other cleaning methods.

Next to the treatments mentioned above, controlling the process conditions in geo-
thermal plants could have an impact on the initiation or rate of scaling in the system.
Such operational decisions need to be made fast (in operational time-scales) and opera-
tors frequently require support to make informed decisions (Raos et al. 2022). Several
models and methods were developed to quantify the risk of scaling in geothermal plants
which can be used to identify optimal control settings of the system (Wasch et al. 2019).
A reliable prediction of scaling potential and its impact on the production behavior
relies significantly on three key factors: (1) the characterization of the geothermal fluid,
a process influenced by uncertainties stemming from fluid sampling and analysis, (2) the
interplay between flow hydrodynamics and deposition caused by scaling and (3) a reli-
able geochemistry modelling of the geothermal fluid. The fluid compositions are evalu-
ated through sampling of the geothermal fluid and laboratory analysis and all these steps
are impacted by uncertainties, depending on, e.g., location of fluid sampling, uncertain-
ties in test conditions and procedures, such as sample preservation and container clean-
ing (Armannsson and Olafsson, 2007). Especially for geothermal fluids under extreme
conditions, which are defined as fluid temperatures > 100 °C and up to critical conditions
and/or salinity>35 g/, the physical and chemical properties are poorly defined and this
causes additional errors and uncertainties in the prediction and control of flow-chemis-
try processes in geothermal plants (Kieling et al. 2023).

Most of the current studies to estimate the scaling risks in geothermal systems and
assessing the impact of operational settings on scaling are performed by analyzing the
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scaling potential at different process conditions with a focus on a reliable geochemistry
modelling of the geothermal fluid (Bozau et al. 2015; Andre et al. 2019; Shabani et al.
2020). So far, the impact of fluid composition uncertainties on the operational strate-
gies of geothermal plants have not been studied. Such an approach will require a model-
ling framework that can couple the geochemistry with the production behavior in the
geothermal plants and an optimization framework that can deal with uncertainties. The
primary objective of this study was to formulate a robust decision support workflow for
uncertainty quantification in geothermal operation to monitor, forecast, and minimize
the scaling in geothermal plants considering fluid composition uncertainties, which can
be more challenging for geothermal fluid under extreme conditions.

First, a fluid production model that accounts for uncertainties in the physico-chemical
properties of the geothermal fluid is developed. The developed methodology encom-
passes a two-way coupling between scale deposition and flow attributes. This implies
that minerals precipitating and depositing on equipment surfaces subsequently impact
flow rates within the system (by altering the tubing diameter and roughness), as well
as temperatures (by reducing heat transfer efficiency) and pressures. Second, the devel-
oped model was coupled to an uncertainty quantification method to propagate the
aleatoric uncertainties (Mariotti et al. 2016) in fluid composition to the developed flow-
chemistry model to estimate the uncertainty in the scaling potential resulted from fluid
composition uncertainties. Finally, an optimization problem is formalized as a scenario
based deterministic optimization to support the operation strategy to minimize scaling
in a geothermal plant. All the steps were applied to a hypothetical case study of a low-
enthalpy geothermal plant suffering from celestite and barite precipitation in the heat
exchanger.

The main scope of the study was on the development of a decision support work-
flow for operational strategies under uncertainties and not a fully validated modelling
framework. It is important to note that the choice of the geochemical and fluid dynamics
models and their parameters, known as model or epistemic uncertainty, will also have a
major impact on the uncertainties of the scaling estimation (Hoérbrand et al. 2018) and
production forecasting. This topic was not in the scope of the paper due to the lack of
experimental and measurement data and the employed models were selected solely for
the demonstration of the optimization workflow. To the best of the authors’ knowledge,
this paper introduces a novel modelling and optimization under uncertainty work-
flow tailored to enhance the operational efficiency of geothermal plants and mitigate
unwanted scaling within the system. In addition, this work addresses a unique integra-
tion of hydrodynamic and scaling within geothermal plant modeling.

Methodology

Hydraulic—-chemistry model

Figure 1 provides a schematic of the workflow of the coupled flow and chemistry model.
The workflow initiation involves defining system geometry, including parameters, such as
pipe lengths, diameters, materials, and boundary conditions. These inputs will be used to
setup the hydraulic model, which in this case a 1-D drift—flux multiphase flow model is
employed based on an existing solver developed in-house. The drift—flux model accounts
for the relative velocity (known as drift velocity) between the phases, to support the
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Fig. 1 Hydraulic-chemistry modelling framework integrating multiple solvers and models to calculate
the hydrodynamics of the flow, precipitation chemistry and accumulation of precipitation leading to a
modification of roughness

prediction of phase distribution and average velocities in the multiphase fluid flow. By con-
sidering the multiphase flow inside the pipes, the 1-D formulation of the Navier—Stokes
equation will be

dapr

i <gsin(9) + 2];)|um|um> (ozgpg + otlpl) — g Pg

duyg duy
Ug—= — P ——,
gdx 101 ldx
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in which P is the pressure, g is gravitational acceleration, 6 is the inclination of the pipe, D
is the diameter of the pipe, and fis the Fanning friction coefficient. In the formulation, the
hold-up is denoted as «, density as p and superficial velocity as u, with the subscripts g and /
stands for gas and liquid phase. The mixture velocity, #,,, is given as the sum of the gas and
liquid superficial velocities. In multiphase flow, there could be a difference between the gas
and liquid velocity which is caused by the slip between the phases. We used the drift—flux
model to account for the slip between the gas and liquid phase (in case of solid phase pre-
sent, the solid phase is assumed to be present as a mixture in the liquid):

ug = Coltyy + Uy

where Cj is the distribution parameter (assumed to be 1.2) and u, is the drift velocity of
the gas derived as (o is the surface tension):

1/4
og(p — pg)]

2

uy; = 1.53
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The solver is steady-state at each point in time (time-step) and it will calculate all the
required flow properties, such as flow rates, velocities, local pressures, and tempera-
tures. The model is divided into 1-D computational cells. For the selected case study,
which is the scaling in a heat exchanger, since the heat exchangers in geothermal plants
are installed downstream of a gas—liquid separator or degasser, no-slip between liquid
and gas phase is calculated in the model. However, for other case studies in the future,
e.g., flow in the wellbore or pumps, the higher slip velocity is expected depending on
the flow regimes. For both fluid properties and potential scaling, the composition of the
geothermal brine and gas must be included. The composition is fed into a geo-chemical
speciation solver, PHREEQC (Parkhurst et al. 1999) which can calculate both fluid prop-
erties and precipitated amounts at each computational cell. Precipitation is modelled
up to equilibrium, without considering remaining supersaturation due to kinetic inhibi-
tion by the slow reaction rates. As such the modelled precipitation relates to maximum
potential scaling.

The hydraulic model requires fluid properties, such as density and viscosity, at differ-
ent pressure, temperature (PT) conditions to solve the resulting flow rate in the system.
The fluid properties are provided by the vapor-liquid equilibrium (VLE) table or models
linked to the drift—flux model. In case of availability of other models or libraries for VLE
table, those can be directly integrated in the drift—flux model but in this framework the
fluid properties are calculated for a range of PT conditions and then fed into a VLE table
to be used by the drift—flux model. The drift—flux model solves the fluid flow properties
and output the flow properties and phase velocities (or flow rates) to the precipitation
model. The PHREEQC will provide potential scaling to the roughness model based on
the resulting temperature, pressure, and phase fraction from the multiphase flow model.
The resulting precipitation will be translated to an effective roughness (using the rough-
ness model block) and the new roughness is fed back to the drift—flux model to calculate
the flow properties and scaling in the next time step.

In this framework, a two-way coupling modeling workflow was developed meaning
that the impact of flow and process conditions on the amount of scaling is calculated and
as a result of the maximum potential precipitation, the flow properties will be modified
in the next time steps. Upon determining precipitation quantities per cell, the deposition
and roughness models (impacted by deposition) assess the impact of newly formed scale
layers on inner diameter, roughness, and heat transfer of the pipe. Updated values are
then applied in the next time-step to adjust the flow, pressure, and temperature, lead-
ing to subsequent changes in precipitation and pipe properties. This iterative process
will continue until the production behavior forecasting is performed in the desired time
horizon.

Two-way coupling of flow and precipitation interaction

As described in the modelling workflow, the amount of precipitation will be calculated
using PHREEQC model, which needs to be converted into a deposition profile. This is
done through the developed roughness model. For this model, the mineral precipitation
quantity per cell is the main input parameter. As the output of the mineral precipitation
is in mol/L, the volumetric deposition of each mineral at a given cell is calculated as
follows:
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Molarmass
Vcell = Depcell~Qbrine~ —At.1000

mineral
in which.
Vcell:
Dep,.;: Expected mineral deposition from PHREEQC (mol/L).
Qprine: Volumetric flow rate of the geothermal brine (m?/s).

Volumetric mineral deposition per cell (m?).

Molar mass: Molar mass of the concerned mineral (kg/mol).

Prmineral: Mineral density (kg/m?3).

At: Time period after which the scaling model is updated (s).

The shape of the precipitated minerals will depend on the type of mineral and surface
properties. In earlier studies, it was found that for the type of scaling in low enthalpy
geothermal systems, it is energetically favorable to attach to the pipe walls (metal walls)
as opposed to being clustered together (Boersma et al. 2018). This is due to adsorption
of positively charged ions from the bulk flow to the negatively charged pipe wall. There-
fore, the crystals will preferentially start to cover the pipe wall before they accumulate
and cluster together. The precipitated mineral shape is also driven by the mineral surface
energy and flow properties. As this study focuses on barite and celestite precipitation,
it was found that they, similar to galena, will precipitate in a conical shape under turbu-
lent flow conditions (Moriconi et al. 2022). In this work, it is assumed that deposition
growth over time will not change the shape of the deposited layer and instead it accumu-
lates radially towards the center of the tubing. The volumetric deposition at each cell is
assumed to be uniformly distributed (Fig. 2). Solving for the deposition thickness:

Sjepi = R — R _ Vdep,i - Vdep,l
ep,i =
7T Leey

where.
B qep,i: Deposition thickness at a given cell after i time iteration [m].
R: Radius of the pipe [m].
Vgep,i Total volumetric mineral deposition after i time iteration [m?].

A [
\/

x=0 x=L
P(x=0), T(x=0) Pix=1), T(x=1)

Fig. 2 Impression of the deposition profile distribution in a single computational cell
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Vgep,1: Total volumetric mineral deposition after the initial time iteration [m?].

L..: Length of the computational cell [m].

As the deposition thickness grows radially towards the center of the tubing, the
hydrodynamics of the flow will be impacted. Additional pressure drop induced by min-
eral deposition is evaluated considering both the change in the surface roughness and
the reduction in the effective flow area. The pressure drop associated with the surface
roughness can be determined by solving the Darcy—Weisbach equation (Kudela 2009):

.L
f cell ) ug
R— 5dep,cell

AP roughness,cell = m

in which.

AP, yghness, et Pressure drop in a grid cell [kg/ (mZs)].

f: Fanning friction factor [-].

p: Liquid density [kg/m®].

u,,: Mixture velocity [m/s].

For calculating friction coefficient, the mean deposition height is estimated by averag-
ing the deposition height profile along a grid cell. The equivalent surface roughness is
derived as (Willmott et al. 2006):

1 _
€cell = \/Vl Z (Hdep,cell - Hdep,cell)2
n

where.
€cey: Surface roughness in each cell [m].
n: Considered number of discrete samples per cell.
Hep,ceir: Height of the deposition profile varying with n [m].
Hep,ceir: Mean height of the deposition profile per cell [m].

Coefficient of performance estimation

The coefficient of performance (COP) is a measure of the efficiency of a heating, cooling,
or refrigeration systems. It is defined as the ratio of the desired output of the system (in
this case heating) to the required input (energy consumption or work done) to achieve

that system output:
COP — Qtransfer
WEsp

where Qq....«fer iS the energy extracted from the geothermal system in the heat exchanger,
and W is the power consumed by the electrical submersible pump (ESP), given by

thnsfer = Z

R thermal,cell
cell

6T

_ Qvolumetric

= 3600.7z5p (,Obrine 'g'hhydro,head)

WEsp
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With § T being the temperature difference between geothermal fluid and working fluid
of the heat exchanger, ngsp is the ESP efficiency and hyy4y0 head is the hydraulic head of the
ESP to supply the desired flow rate (Q
curve. The produced heat is calculated based on the heat transfer in the heat exchanger,

olumetric)» Calculated based on an example pump
taking into account the conduction heat transfer in the pipe tubing and scaling layer and
the heat convection in the brine flow inside the tubing and convection outside the tub-
ing. The convection heat transfer is derived based on Gnielinski’s formulation (Gnielin-
ski 1975), defined as follows:

__"b
1 1 ll’l rID _8dep,cell l}’l % 1
Rthermal = + +
27 Loy \ (YD — Sdep,ceit) Heonv,in Kscaling Keubing 70D -Meony,in
Heony,inD L (Re — 1000)Pr
Nu = ’ =

, - 0.5
Kuia 14 12.7¢5) " @r2/3 — 1)

in which Nu is the Nusselt number, Pr is Prandtl number, and Re is Reynolds number.

Heat conduction of both tubing (k,,,,,) material and scaling (k ) are also included

scaling
in the thermal resistance calculation. Nusselt number is used to calculate the convec-

tion heat transfer coefficient (& using the pipe diameter and the thermal conduc-

conv)
tivity of the fluid (kg,;,). Note that COP depends on the temperature and pressure in
the heat exchanger, and on the volumetric flow rate, since these parameters will impact
the scaling behaviour. As the forward model, the multiphase flow solver coupled with
PHREEQC showed in the previous section was used to calculate the COP under differ-

ent operation conditions.

Uncertainty quantification (UQ)

Uncertainty quantification (UQ) is a systemic approach to modelling that aims to char-
acterize the impact of different uncertainty sources on the outcome of a model (Zhang
2020). In the scaling modelling approach described in this work, uncertainty mainly
arises from two factors: epistemic uncertainties, known as model uncertainties and alea-
toric uncertainties, known as uncertainties in input parameters. The focus of the UQ
analyses done in this work was on the latter of these two sources, more specifically on
the uncertainty in scaling calculated by the models arising from uncertainties in the
brine composition. Uncertainties related to differences between available thermody-
namic databases are substantial in geochemical modelling, especially given to the high
salinity of geothermal fluids. This uncertainty is, however, not taken into account, and
we assume that for an actual case, a thermodynamic database would be selected that
is most suitable for the composition and conditions of the brine which can be part of
future work.

In this study, Monte Carlo sampling was employed to assess the uncertainty associ-
ated with scaling potential, influenced by uncertainties in fluid composition (Zhang
2020). Uncertain parameters with a given or characterized probability distribution
are propagated through the model by a random sampling. This process yielded an
ensemble of outputs, characterized by their respective probability distributions. Sub-
sequently, statistical analysis was conducted on this output distribution. The analysis



Shoeibi Omrani et al. Geothermal Energy (2025) 13:9 Page 9 of 24

supported the investigation of the impact of each input parameter on the output of
the model. The Monte Carlo is schematically depicted in Fig. 3.

Uncertainty quantification can be used to obtain insights into the probability distri-
bution of a model’s quantity of interest given a probability distribution on its inputs.
In addition, UQ can also be used to investigate the impact of each uncertain param-
eter on the model predictions using Sobol sensitivity indices (Saltelli et al. 2010).
It is a variance-based sensitivity analysis approach, in which the magnitude of the
impact of a given input parameter and combination of input parameters on the out-
put is quantified (Saltelli et al. 2010). In Sobol analysis, first-order effects measure the
impact of varying a single parameter on the model output, while second-order effects
are the ones obtained from varying two parameters to derive the degree of influence
of their interaction over the output response. This method offers a global sensitivity
analysis, estimating how uncertainty in a model’s output can be attributed to different
sources of uncertainty in its inputs. Consequently, the conclusions from the sensi-
tivity analysis are highly dependent on the sources and ranges of uncertainty in the
input parameters.

To compute the Sobol indices, a specific type of sampling scheme is used, called
Sobol sampling. Sobol sampling generates quasi-random samples which are more
evenly distributed between the upper and lower bounds of the sampling limits, allow-
ing for more accurate and efficient computing of the Sobol sensitivities (Dwight et al.
2016). For a more in-depth description of the Sobol sampling scheme and exact com-
putation of the Sobol sensitivity indices, the reader is referred to (Saltelli et al. 2010).
In this work, the”SALib” package (Herman et al. 2017; Iwanaga et al. 2022) in the
Python programming language was used to generate the samples and determine the
Sobol indices. The outcome of the Sobol sensitivity analyses was used to determine
the uncertainties in which brine ions were most significant in determining the poten-
tial amount of scaling. This was used to limit the number of uncertain parameters in
the two-way coupled analysis by taking the most significant uncertain ions, allowing
for a reduction in the total number of realizations and, thereby, speeding up the mod-
elling and optimization process.

. Sampled composition . -
Measured composition variations within Potential variation

and error bounds in barite formation
error bounds

\
|

Probability

Concentration

o I IR
Ba Ca CI S _ull. Barite amount

Fig. 3 Schematic diagram of the uncertainty quantification workflow
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Robust control problem

In this section, we describe the robust control problem (RCP) solved to determine the
optimal operational settings to maximize the geothermal system efficiency while mini-
mizing the negative impact of scaling.

Parametric uncertainty

The solution of the RCP is achieved through a model-based optimization methodology.
The first robustness aspect considered here refers to the search for operational strategies
that account for input parameter uncertainty throughout the optimization procedure.
This means that some input parameters of the simulation models described in previous
sections are considered to be uncertain, with values subject to a probability distribution
based on the knowledge available at the moment of the assessment. Here we rely on a
scenario-based approach to accomplish the quantification of the parametric uncertainty,
meaning that, instead of considering a single deterministic base—case model, we utilize
an ensemble of model realizations (i.e., a set of model scenarios: instances of the same
model, but with different values of the uncertain parameters) to guide the robust opti-
mization. The underlying goal of the optimization is to find the solution that is simul-
taneously optimal to all the considered scenarios. By accounting for scenarios that
sufficiently span the expected degree of uncertainty, the optimized solution obtained
with this approach will typically not be the best performing for each scenario individu-
ally but will be the one that is statistically the most likely to improve the performance
of the ensemble as a whole. In this study we consider the maximization of the expected
value of target objective function over the ensemble, which is mathematically formu-
lated as

max/ (u), with
u

= 1 N
T =5> 0/ wmp,

where J(u) is the mean of the objective function value being optimized for a single
strategy u based on each JX(u, my) which is the objective function evaluated for each
K" model realization my and N; is the number of realizations considered. Note that in
this particular formulation, we assume the model realizations to be equiprobable (i.e.,
equally weighted). However, in case there is knowledge available about the likelihood
of each realization, this can be incorporated by introducing weighted averaging with
weights proportional to the probabilities expected for each scenario. There exist several
numerical methods to solve scenario-based robust optimization problems. These range
from perturbation-based stochastic gradient methods with computationally efficient
solutions to handle large ensembles of computationally intensive function evaluations
(e.g., StoSAG approach proposed by Fonseca et al. 2017) to derivative-free methods for
broad exploration of the optimization space at the cost of a larger number of model eval-
uations (Echeverria Ciaurri et al. 2011). The particular case considered in this study is
relatively simple in terms of the size of the optimization problem, allowing us to solve
the optimization by exhaustive search of the entire control variable domain.
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Operational flexibility

The second robustness aspect explored in this study concerns the flexibility of the opti-
mized operational settings, specifically the capacity to deviate from the optimal control
value without significant compromise in performance. To gain quantitative insight into
such operational flexibility, the control problem is modified from a point-based into a
range-based optimization problem. Instead of evaluating the performance in terms of
the objective function for a single control value u, we seek ranges (or intervals) of control
values [u, u"] that deliver the best expected performance. Our approach here is rather
straightforward and consists of parametrizing the control ranges to be optimized by a
range size A, and the lower bound of the range u'. The optimizer can then search the
optimal range of controls (i.e., defined by lower and upper bound values) for a given
range size by evaluating a predefined number of evenly distributed control values within
that range size. In mathematical terms, this corresponds to solving:

]r(ul,m)zNiA > Jwm),

ue[ul,ul+Au]

where J; is the range average of point-based objective function J, being optimized for a
set of control values u ranging from the lower-bound range value u! and the upper-bound
range value u! + A,. The average is a simple arithmetic average from the set of controls
within the considered range, which size Na (i.e., number of control values) depends on
the range size. Note that the range-based optimization workflow is decoupled in two
steps by optimizing only the range of a given (fixed) range size, and, after that, repeat-
ing the procedure exhaustively for several pre-selected range sizes. In case of optimi-
zation problems with a significantly larger number of control variables, an approach
would be to formulate the problem as a two-level nested optimization exercise (Bellout
et al. 2012), where the range size could be optimized in the outer-loop and the range
itself could be optimally selected in the inner-loop of the optimization. The procedure
explained above can potentially be combined with the robust scenario-based approach
previously described to incorporate the parametric uncertainty. Figure 4 depicts the
model-based procedure followed to solve the formulated scenario-based robust optimi-
zation problems described above, both for the point-based and range-based variations.

For point-based optimization, as shown in the left flowchart, the process begins with
defining model scenarios and optimization variables (including control variables and
their bounds). This is followed by an optimization step to evaluate the objective function
across all scenarios, ultimately identifying the optimal control point for each realization.
For range-based optimization, shown in the right flowchart, the steps are largely similar.
However, instead of evaluating a single control point, the objective function is evaluated
for all points within the selected range across all scenarios. This approach accounts for
variability within the range to identify the optimal solution.

Results

Case study description

Barite and celestite precipitation in the heat exchanger of a geothermal system is selected
as a hypothetical case study. The geothermal plant is a low-enthalpy hydro-thermal
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Fig. 4 Optimization workflows to solve the robust control problem (RCP): point-based optimization (left) and
range-based optimization (right)

system suited for heating and direct use application. The main components of the geo-
thermal brine and their associated uncertainties are summarized in Table 1. The uncer-
tainty ranges were derived from an earlier study on the REFLECT geothermal fluid
database to characterize the uncertainties in fluid elements (Poort et al. 2022). To pre-
vent charge imbalance due to random variations in the anion and cation concentrations,

the C1™ concentration is adjusted for charge balance for every solution composition. The
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Table 1 Nominal concentrations and uncertainties of brine elements in the case study, all the
uncertainties are treated as a Gaussian distribution

Elements Concentration [mol/kgw] ([mg/I]) Uncertainties %
Na* 3.9 (85000) +2
K* 6.2¥107% (2200) +05
HCO,™ 4.5*107(0.001) +3
Ca*? 2.0¥107" (7450) +3
Mg*? 5.2%107% (1150) +4
Ba*? 43*107 (5.5) +3
Srt? 3.6%107% (290) +2
Fe*? 34%1073(175)

cr 4472 (145000) +3
50,72 6.7%107 (585) +4
Mn+2 1.8%107419.25)

The concentration of mg/I is defined at temperature of 21 °C and the nominal concentration leads to the brine density of
1.1682 g/cm?

model is set up by equilibrating every fluid composition at reservoir conditions (100 °C
and 331 bar) as well as with a gas phase. The main components of the gaseous phase
dissolved in geothermal brine are CO,, CH, and N, and the uncertainties in gas com-
positions were not considered in this study. The gasses are included as fixed pressure
‘GAS_PHASE’ in PHREEQC, with CO, as the only reactive gas and CH, and N, mod-
elled as redox-uncoupled. The Pitzer database (pitzer.dat in PHREEQC) was used for
the PHREEQC calculations (Pitzer 1973, 1991) due to its ability to handle high ionic
strength solutions. Several studies have successfully applied the Pitzer model to brines
with high salinities (Christov et al. 2012; Andre et al. 2019). The results of the scaling
prediction can be strongly dependent on the choice of the geochemistry model and
databases which is not the scope of this manuscript. Thus, the results for the scaling
potential should be interpreted with caution, and further validation against experimental
data would be beneficial to ensure the model’s accuracy under these extreme conditions.
Since the compositions at extreme conditions are complex, no general statement can be
made on the impact of ion activity models on interactions between brine and minerals.

The PHREEQC calculations were used to achieve predictions of gas partial pres-
sures with temperature and pressure. All gasses are dissolved at reservoir pressure and
the dissolution of CO, decreases the pH from the initial value of 6.2 to a pH of 4.7 at
reservoir conditions. Equilibrium of barite in the reservoir is applied to ensure there is
no initial supersaturation for barite and celestite that would yield immediate precipita-
tion upon following model steps. A second model step involves reducing the pressure
to 10 bar due to production to the surface, with partial exsolution of gasses (with a pH
increase to 4.9 but no precipitation), to obtain an initial fluid composition for the heat
exchanger model. The heat exchanger is a tube model with a variable heat flux to ensure
the desired temperature at the outlet of the heat exchanger using the solver which was
previously explained. Precipitation in the heat exchanger due to cooling is modelled with
PHREEQC. Precipitation of barite and celestite is modelled simultaneously and hence
the minerals compete for sulphate. Note that this behavior would be affected by their
kinetic parameters, which were not taken into account in the current study.
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Fig. 5 Probability distribution of barite scaling potential resulting from the ~ 10,000 Monte Carlo samples of
the input uncertainty at five points in the heat exchanger tube
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Fig. 6 Probability distribution of celestite scaling potential resulting from the ~ 10,000 Monte Carlo sample of
the input uncertainty at five points in the heat exchanger tube

In the next sections, first the impact of uncertainty in brine composition on the
amount of potential scaling at a given process condition is quantified with the aim of
understanding which uncertain element or combination of uncertain elements has a sig-
nificant impact on the scaling. Afterwards, the two-way coupled model is used to gener-
ate probabilistic forecasts of the production decline as a result of mineral precipitation
under brine composition uncertainties. Finally, the optimal temperature control in the
heat exchanger to maximize the coefficient of performance of the geothermal plant will
be estimated using the RCP framework introduced in the previous section.

Uncertainty analysis

Figures 5 and 6 show the probability distributions of barite and celestite scaling poten-
tials in mol/L, at different computational grid cell along a simplified heat exchanger
case. For each point, roughly 10,000 samples were evaluated. The resulting barite scaling
potential generally increases as the temperature decreases along the heat exchanger. On
the other hand, celestite scaling potential shows a more complex relation, starting of rel-
atively high and peaking somewhere between 90 °C and 70 °C. By comparing the prob-
ability distributions for both minerals, it can be seen that standard deviations of celestite

Page 14 of 24



Shoeibi Omrani et al. Geothermal Energy (2025) 13:9 Page 15 of 24

]
g

10

@
3

Temperature [C
@
3
Pressure [bar]

»
S

- First order effects - First order effects

= Total order effects 0.6 ] == Total order effects = Total order effects

L LEa s,

0.4 ¥
Ba CCaCl KMgNa S Sr Ba CCaCl KMgNa S Sr BaCCaCl KMgNa S Sr

- First order effects - First order effects

6 == Total order effects

- First order effects |
= Total order effects.

o
o

o
g

Sensitivity index
o o o
IS

Sensitivity index
o
IS

Sensitivity index

J i 4 all

Ba CCaCl KMgNa S Sr " "BaCcCaCl KMgNa S St

°
°
°
°
°

o o o
=
Sensitivity index
o o o o
P =
Sensitivity index
o o o o

°
o N » o

Fig. 7 First- and second-order Sobol sensitivity indices of barite scaling potential for five operating points
along a simplified version of the heat exchanger case

-
)

®

Temperature [C]
Pressure [bar]

=

ey

o
o
o
o
14
o
o
o
o
o

m—First order effects m— First order effects

= Total order effects

m—First order effects m—First order effects

m=Total order effects = Total order effects = Total order effects = Total order effects.

L WEL L WEL Wl el

- 0. v 0. v 0.1 0. .
Ba CCaCl KMgNa S Sr Ba CCaCl KMgNa S Sr BaCCaCl KMgNa S Sr BaCCaCl KMgNa S Sr Ba CCaCl KMgNa S Sr

m—irst order effects

°
kS

Sensitivity index
o
o

Sensitivity index

Sensitivity index

Sensitivity index

Fig. 8 First- and second-order Sobol sensitivity indices of celestite scaling potential for five operating points
along a simplified version of the heat exchanger case

scaling potential are much larger, indicating that the uncertainty in brine compositions
has a much larger effect on the uncertainty of celestite than that of barite. Especially the
final section of the heat exchanger is expected to have large uncertainties in scaling, as
here there is a chance of no celestite scaling taking place at all for a significant number of
samples (over 10%). This is further exacerbated by the fact that in general the magnitude
of celestite scaling is higher than barite by an order of magnitude.

To reduce the number of brine components to be considered in the subsequent UQ
analyses, the Sobol sensitivity indices were determined for an initial set of nine compo-
nents: sodium, potassium, carbon, calcium, magnesium, barium, chlorine, sulphur, and
strontium. To ensure the Sobol indices were valid throughout the entire operating range
of the modelled heat exchanger, the analysis was repeated for five computational cells
along the heat exchanger tube.

Figures 8, 7 and 8 show the results of the Sobol sensitivity analysis along the heat
exchanger tube for barite and celestite, respectively. There are five dominant brine ele-
ments which are impacting barite scaling potential, namely: barium, sulphur, chlorine,
calcium, and strontium. Barite is a compound of barium and sulphate (BaSO4), and thus
its formation primarily depends on the presence of the elements making up these two
ions. In addition, both calcium and chlorine have been known to impact the precipita-
tion chemistry of barite (Jones et al. 2004; Azaza et al. 2017; Kristensen et al. 2020). For
celestite potential, four brine components are dominant, namely: calcium, chlorine, sul-
phur, and strontium. Apart from their relative importance, these are the same elements
as those seen in the barite Sobol analysis. For celestite, no higher-order interactions
between elements were found. We acknowledge that initial uncertainty perturbations
applied to each elemental concentration, followed by PHREEQC adjustment of charge
balance through the change of chlorine, could impact the uncertainty analysis. This pro-
cess may affect the sensitivity analysis for chlorine, as the Monte Carlo sampled chlorine
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concentration is not directly retained in the charge-balanced solution. Future work
could explore alternative methods to address this limitation by eliminating one degree of
freedom from the elemental concentrations.

Based on these results and the fact that they do not change significantly as a function
of temperature and pressure, it was decided to only include barium, sulphur, chlorine,
calcium, and strontium in the remaining modelling analyses. The smaller the number of
components to be considered allowed the total number of Monte-Carlo samples to be
decreased, reducing the computational time of the two-way coupled model for forecast-
ing scaling and the resulting production decline.

Forecasting under uncertainty

In this section, the two-way coupled model is tested to provide a production rate fore-
casting impacted by the mineral precipitation in the heat exchanger under fluid com-
position uncertainty. For the forecasting, the impact of deposition layer growth on the
flow rate reduction for a given pressure boundary condition was calculated in a time
horizon of 100 days. The result of the production rate forecasting with the two-way cou-
pled model under brine composition uncertainties is shown in Fig. 9. The results pre-
sented herein depict the decline in production and its associated uncertainties observed
over a period of 100 days. The central line represents the mean of the realizations, while
the box encompasses the 25th and 75th percentiles (P25 and P75, respectively) of the
data distribution. In addition, the whiskers extend to denote the minimum and maxi-
mum values of all the realizations. Notably, the width of the box is not indicative of any
specific parameter but is solely employed for enhanced visualization purposes. The volu-
metric flow rate based on the nominal concentrations for all the elements in the brine
demonstrates a gradual linear decrease in time. At the production temperature of 100 °C
and at the first days of forecasting, a significant drop is observed in the production rate
(approximately 10% decrease). At subsequent time intervals, slightly lesser barite pre-
cipitates due to the marginal temperature increase in the outlet of the heat exchanger,
linked to the reduction in the heat transfer. The red dot indicates the mean volumetric
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N
w
w

240
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Timespan [days]
Fig. 9 Production rate forecasting under fluid composition uncertainty at the production temperature of
100 °C and a pressure drop of 5 bars
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flow rate for the nominal brine composition. It is consistently lower per interval when
compared with the arithmetic mean of the 100 samples. Uncertainty remains bounded
by 1% higher and lower relative to the nominal composition. Consequently, an aleatoric
uncertainty of 3—4% in brine concentration results in an average flow rate uncertainty of
approximately 1%.

RCP results

In the case study, both barite and celestite precipitation in the heat exchanger was mod-
elled. For RCP, only the temperature control for barite precipitation minimization is
considered, since celestite is less affected. Barite precipitation can be managed by limit-
ing the heat extraction at the heat exchanger, which, in turn, also contributes to decreas-
ing the thermal energy produced. On the other hand, by maintaining the heat extraction
from the heat exchanger at high levels, the induced precipitation in the heat exchanger
creates a higher resistance in the system, and, thereby, more power is required to oper-
ate the pumps necessary for the production. In addition, uncertainty in fluid compo-
sition poses challenges to accurately predict the scaling index and amount in the heat
exchanger based on the available physical models, even when the process conditions
(pressures and temperatures) are known or prescribed. In this context, the goal is to
optimize the plant coefficient of performance, in the presence of geochemical composi-
tion uncertainties, through the control of the outlet temperature of the heat exchanger.
This requires finding the sweet spot within the operational settings that allows for maxi-
mizing thermal energy production while minimizing the precipitation and the respective
incremental power consumption of the pumps. The control vector u being optimized
consists of a single variable, the temperature setpoint at the outlet of the heat exchanger
(u=[T,y])). The uncertainties were taken into account for the amount of barium in the
brine with the considered ensemble of scenarios includes the model realizations with the

original and lower barium concentrations [Ba] in the range of [0.0, 5.5] [mg/L].

Point-based optimization

Based on the first assessment of the behavior of the system, we now focus on a more
refined optimization effort within the values expected to result in high COP values. The
model evaluation did not reveal significant differences in terms of ideal outlet tempera-
ture across time, thus we here concentrate our attention to the COP at 100 days only.
Four point-based optimization experiments have been performed to maximize COP at
100 days: three deterministic optimizations for each of the three barite concentration
scenarios considered (low, nominal, high) and one scenario-based robust optimization
comprising all the barite concentration scenarios simultaneously. All these experiments
have been solved via exhaustive grid search for the best outlet temperature, by evaluat-
ing temperatures at every 0.1 °C.

Figure 10 depicts the optimal COP values obtained for each barite concentration sce-
nario individually and for the ensemble of all barite scenarios considered (here assumed
to be equiprobable). We observe that, despite the optimum setting being close to each
other, the optimal outlet temperature values are not the same.. The optimal outlet tem-
perature value for the ensemble is 28.2 °C, coincidentally the same as the optimum for
one of the scenarios (with [Ba]=5.5 mg/L). We also notice that some strong symmetry
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Fig. 10 Optimal COP and outlet temperatures at 100 days for the ensemble of different Ba concentrations
and three lines denotes the three different Ba concentrations (low, nominal, high)

of the COP curves around the optimal outlet temperature within the inspected bounds
([15—-40] °C), which has implications when searching for optimal ranges, as it will be dis-
cussed in the next section.

Range-based optimization

We investigated the range-based optimization to search for optimal ranges of outlet
temperature values instead of a single most optimal value. Similar to the point-optimiza-
tion problem, four optimization experiments have been performed: three deterministic
optimizations for each barite concentration scenario and one optimization based on the
ensemble of three scenarios, all solved via exhaustive search by evaluating temperatures
at every 0.1 °C. However, in this case, each of the four experiments have been repeated
for various temperature range sizes, namely, 0, 0.5, 1,... and 15 °C.

Figure 11 (left) displays the optimal COP values obtained for deterministic scenarios
in the form of boxplots for two different Ba concentrations (top and bottom figures).
Figure 12 (left) depicts the optimal COP values for the ensemble of scenarios in the
form of violin plots to accommodate the multi-modal character of the COP distribu-
tion as a result of working with a reduced (=3) number of scenarios. These COP box-
plots and violin plot show the effect of increasing the temperature range size on the COP
values: while COP only drops by approximately 0.1 on average for a large temperature
range size of 15 °C, the lowest COP value within the range may drop by approximately
0.4. These boxplots also exhibit a smooth quadratic trend, except for the scenario with
[Ba]=5.5 mg/L and the ensemble case due to the less symmetric behavior of the COP
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curves seen in during point-based optimization (Fig. 10) and in which the boxplots show
some deflection point around the range size of 12.5 °C (more visible in Fig. 11 left bot-
tom). This deflection point is mainly due to a change in the precipitation regime pre-
dicted by the chemistry model around the indicated temperature. We also note that,
with increasing range sizes, mainly the lowest COP value of the range decreases, while
the highest COP value remains constant. This is because, in this case, all the optimal
ranges do comprise the optimum of the point-based optimization.

Figures 11 and 12 (right) depict the optimal temperature ranges obtained for the
respective cases. Like for the COP boxplots, the optimal temperature ranges show
a fairly symmetric trend for scenarios with lower Ba concentrations, but a distinct
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non-monotonic trend for the cases with the highest Ba concentrations, [Ba] =5.5 mg/L,
and the ensemble. On the other hand, while for the scenario with [Ba] =5.5 mg/L the
tipping point in the optimal temperature ranges occurs for a range size of 6 °C, for the
ensemble case this appears for a range size of 4 °C. This is also the temperature range
size at which the range of COP values for the ensemble case starts to drop more visibly.
This suggests that operating the system within control range of 4 °C would be compatible
given the degree of uncertainty on barium concentration varying between [0-5.5] mg/L.
In other words, controlling outlet temperatures with more accuracy than that would not
be directly beneficial unless the uncertainty on barium concentration can be resolved.

Impact of ensemble distribution
The range-based optimization results presented in previous sections were obtained
through optimization over the ensemble of model realizations, considered to be
equiprobable (i.e., following a uniform probability distribution). Based on pre-
vious assessments, this distribution could be different, where the scenario with
[Ba] =2.25 mg/L is more likely to occur. To investigate the impact of the ensemble prob-
ability distribution, we repeated the range-based robust optimization and analysis for
a new distribution, namely, p; =0.25, p,=0.5 and p;=0.25. This means that now the
robust optimization optimizes the weighted average of the COP objective function and
the boxplots and violin plot reflect new realization weights as well.

Figures 13 and 14 display the obtained results. While the optimum solution of
the point-based optimization does not change with the new scenario probabilities,
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Fig. 13 Optimal COP for the ensemble of realizations using a new probability distribution
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these results do highlight the benefit of following a scenario-based robust optimiza-
tion approach. A simplistic way of working with the most-probable scenario only
([Ba] =2.25 mg/L, with p2=0.5) would have led to an optimum outlet temperature
value of 28.7 °C [see Fig. 10 (left)], whereas the scenario-based robust approach based
on the ensemble points to an optimum outlet temperature of 28.2 °C. In addition, the
range-based optimization results do not change much with the new scenario probabili-
ties. The general trend remains similar and the variability in COP values is, once more,
mostly due to the uncertain scenarios rather than the temperature range sizes. The only
small difference observed with respect to the previous ensemble case (with equiprob-
able realizations) is that the range size at which the COP distribution starts deviating
more noticeably is around 3.5 °C instead of 4 °C from the previous case, which means
that based on this state of probabilities 3.5 °C would be a suitable maximum accuracy to
control the outlet temperatures. Despite a small change in the outlet temperature con-
trol as a result of different probability distribution, the results show the importance of
having a representative and statistically significant probability distribution of the uncer-
tain parameters. The changes in the optimal COP and outlet temperature range can be
case dependent and for some production regimes or mineral precipitation, the impact of
uncertainty can lead to a higher change in these values.

Summary and conclusions

An accurate prediction and robust control of the geothermal production is of great
importance in the operational decision-making processes. This study introduces a struc-
tured approach for guiding operational decisions under fluid composition uncertain-
ties. We have devised a workflow employing a scenario-based control algorithm. This
algorithm aids in identifying optimal production strategies to improve the performance
of geothermal systems while minimizing the adverse effects caused by scaling. For this
purpose, a numerical modelling framework was developed to describe the geothermal
fluid and heat transfer in the geothermal plant with brine composition uncertainties. A
mechanistic 1-D fluid flow model was two-way coupled with a speciation model to esti-
mate the potential precipitation amounts of selected minerals in a geothermal system.
An additional precipitation and roughness model was developed and tested to account
for the impact of precipitation on the hydrodynamic of the flow. This workflow was
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combined with an uncertainty quantification method to account for the uncertainties or
variations in the produced geothermal fluid composition.

The developed workflow was demonstrated in a case study of temperature control in
a geothermal plant with barite and celestite precipitation. As the first step, the impact of
uncertainty in the brine composition on the scaling potential was investigated by Monte-
Carlo sampling. For barite, this uncertainty in water composition and related impact on
scaling was found to be lower than for celestite. This change was mainly explained due to
a higher concentration of strontium (a main component of celestite) than barium for the
selected case study. In addition, it was found that while both compounds precipitated
throughout the heat exchanger, the impact of heat transfer control (outlet temperature
control) on barite was more significant. Sobol variance analyses provided information
on the most significant components impacting the precipitation estimation, which for
this case study there were mainly barium, sulfur, calcium, chlorine, and strontium. The
forecasting of the production rates under composition uncertainties showed the confi-
dence levels in the forecasting. In this case study, the uncertainties in the brine composi-
tion (around 2—4% uncertainties) had a relatively low impact on the uncertainties in the
production rate forecasting (around 1% uncertainties).

Finally, the RCP workflow was applied on the case study to optimize the geothermal
production COP through temperature control in a heat exchanger. The analyses were
done for both point-based and range-based optimization. The results showed the impor-
tance of taking into account the uncertainties in the brine composition on determin-
ing the optimal conditions for the operation (in this case temperature control in a heat
exchanger). For the range-based optimization, the analyses provided recommendations
on the required accuracy for the outlet temperature control given a certain probability
distribution for the uncertain brine component. Finally, the impact of probability dis-
tribution on the optimal temperature control was assessed, showing the importance of
using a representative distribution function for the uncertain parameters. For the cur-
rent case study, a change of 0.5 °C in the optimal outlet temperature range was found
which translates into 12.5% change as a result of probability distribution variations. All
the observations and conclusions from the case study depend on the selected models,
methods to handle uncertainties, uncertain parameters, and range of uncertainties and
hence no specific or generalizable conclusions can be drawn regarding the details of the
case study.

The generic workflow to account for uncertainties in the modelling and optimization
has several applications for the design and operation of geothermal plants. In case of
other types of scaling in which several parameters will impact the scaling in different
locations, e.g., calcite precipitation, it will be necessary to control both pressure and
temperature across the plant. In addition, other parameters can act as inhibitors, such as
CO, dosing and pH control. In this scenario, we need to optimize the plant by control-
ling pressure, CO, dosing and inhibitor dosage (e.g., HCI) and we have as control varia-
bles u=[p, CO,, HCI], at each time t, and the uncertainty is the composition of minerals
and gas in the brine, w=|[c, g]. The workflow can be used to control the injection and
production rates to account for other production issues, such as corrosion, erosion, and
pump failures. For the design aspects, the efficiency and design of ion exchange filters
under brine composition can also be estimated using the current workflow.
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Another important perspective topic is the extension of the uncertainty quantifica-
tion framework to include epistemic uncertainties associated with the choice of ther-
modynamic databases and models. This will involve exploring multiple thermodynamic
databases to account for variations in activity models, mineral solubility constants, and
their dependencies on pressure and temperature. By systematically accounting for these
sources of epistemic uncertainty, the impact of database selection on model predictions
can be quantified using experimental data. This approach will complement the current
assessment of aleatoric uncertainty and provide a more comprehensive understanding of
the system’s behavior under uncertainty.
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