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Abstract

Deep geothermal energy forms an important part of a sustainable energy portfolio, providing
baseload power and heat. A significant global expansion of deep geothermal systems (DGSs) is
projected for the coming decades, thereby increasing use of local geothermal resources. This, to-
gether with a competitive energy market, creates an incentive to optimize DGSs with respect to
large-scale design and operational control variables. In particular, simulation-based optimization
can enhance both the sustainability and economic viability of geothermal projects. Key deci-
sions include well placement, well spacing, flow rates, and reinjection temperatures, all of which
interact through the coupled thermo-hydraulic behavior of the reservoir. This review provides
an overview of thermo-hydraulic optimization methods for DGSs, with a focus on computational
simulation-optimization pipelines. The reviewed literature is organized according to a newly
proposed classification scheme; for each study, the underlying model, optimization methodology,
and objective functions are reported. Finally, open challenges and research directions in the field
are identified.

Keywords: deep geothermal systems, thermo-hydraulic modeling, simulation-based optimiza-
tion, well placement, surrogate models, porous media flow

1 Introduction

The global production of geothermal energy is steadily increasing—both for electricity
generation and direct use. According to Lund et al. [1], the installed thermal capacity of
the various applications amounted to 107.7 GW by 2020, comprising energy generation
from deep and shallow geothermal systems. While heat pumps account for 71.6% of the

*ORCID: 0009-0003-9501-5984, Corresponding author. E-mail address ulrich.steindl@tum.de (U.
Steindl)

fORCID: 0000-0002-0387-8199

fORCID: 0000-0002-2024-8201



1 Introduction 3

installed capacity, the remaining 28.4% are mostly DGSs [1]. Due to their higher produc-
tion temperature, DGSs play an increasingly important role in global efforts to achieve
a sustainable and carbon-neutral district heating supply. Accordingly, the installed ca-
pacity for space heating increased by more than 50% between 2015 and 2020 [1].

The construction of DGSs within the vicinity of urban areas with high population density
and advantageous geological features is particularly promising. This is due to the critical
number of potential customers that promote the economically viable construction of
a local heating network [2]. In addition, at present, the transportation of hot water
and steam over long distances is not feasible [3| |4]. This further limits the available
geothermal resources to those located in close proximity to consumers.

As aresult, deep geothermal energy systems are expected to draw increasingly on aquifers
near urban areas. Examples already include the Dogger aquifer around Paris [5], the
Molasse basin around Munich [6], and the Xianxian geothermal field [7].

The intensive use of geothermal resources comes with risks regarding their sustainable
management. In the early history of the deep geothermal energy exploitation, the pro-
duced water was not reinjected into the reservoir. To this day in thermal water pro-
duction for balneology, reinjection is not always obligatory [8]. This practice frequently
results in overexploitation due to the emerging pressure losses [9]. Furthermore, the
disposal of substantial volumes of brine in lakes and rivers leads to environmental dam-
ages [10H12]. Reinjecting the heat-depleted water back into the aquifer stabilizes the
pressure field and is therefore the industry-wide standard [13] 14].

Cold fluid reinjection into the reservoir produces cold-water plumes migrating towards
the production well [15]. Therefore, a potential issue is the occurrence of thermal break-
throughs, meaning that cold water is cycled between injection and production well. Po-
sitioning injection and production wells close to each other increases the risks of an
early thermal breakthrough [16} 17]. Opposed to this, large well distances may prevent
temperature declines at production wells, but can lead to the aforementioned pressure
losses [18]. As a result of improper well spacing, economic performance is diminished,
since the cost of provided heat rises with lower temperatures and higher pumping rates

(cf. Section [4.3)).

Given the aforementioned issues, a strong case exists for properly planning, i.e., op-
timizing new DGSs regarding crucial design and operation specifications. Besides well
spacing, the economic and technical performance of a geothermal system is influenced by
several factors, including extraction and injection temperature, well depths, and pump-
ing pressure |15, [19]. Geothermal energy is often —especially in the context of space
heating— exploited by doublet systems [20]. Even the design and operation optimization
of a doublet system is a non-trivial task [9]. Multi-well systems and multi-doublet sys-
tems are also studied [21-23] and realized [24]. Compared to doublets, the complexity of
such systems is further pronounced by the increased number of design variables, which
adds to the optimization challenge.
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Although there is a well-established practice of simulating reservoirs [25-27], and geother-
mal plants [28] through thermo-hydraulic (TH) models in great detail, mathematical
optimization for DGSs is less studied. Mathematical design and operation optimization
uses systematic methods to maximize or minimize specific performance indicators.

This process is crucial in many scenarios, such as:

1. The design optimization of a new geothermal system in an aquifer where other
systems are already operational in order to maximize the total power output of all
systems.

2. Design and operation optimization for a multi-well DGS project to extract the
maximum heat energy from an aquifer.

3. Two-level optimization of several deep geothermal systems together with a district
heating network.

The DGS optimization literature contains prior studies addressing similar scenarios [3,
22,29, 30]. However, a substantial number of contributions merely compare disparate,
predefined scenarios of design and operation conditions.

Regarding subject-related overview articles, a perspective paper by Rajabi et al. [31]
identifies an incentive for utilizing machine learning (ML) methods for DGS design op-
timization. Pandey et al. [26] provide a comprehensive overview of geothermal reservoir
modeling; however, they do not address the topic of optimization. Ozkaraca [32] reviews
optimization methods for geothermal power generation, but focuses on the optimization
of the thermodynamic cycle and usage of surface equipment, whereas our study focuses
on the subsurface design. Halilovic et al. [33] categorize different optimization approaches
for the design of open-loop shallow geothermal systems. To the best of our knowledge,
this is the first ever study to systematically review the topic of thermo-hydraulic design
and operation optimization for conventional DGSs.

This paper provides a comprehensive overview of the relevant literature on the design
optimization of DGSs. Accordingly, it evaluates extant approaches to DGS optimization,
with an emphasis on the strengths and limitations of these methods. In addition, a novel
classification system is proposed for the integrated simulation-optimization approaches
in DGS engineering. Finally, we explore potential research directions culminating in a
state-of-the-art overview on the subject.

The paper is structured as follows: Section [2] begins with a review of terminology about
conventional DGS. Section [3| presents the TH models underpinning geothermal system
optimization. This is followed by a review of the components of an optimization problem,
with examples from DGS optimization in Section [l The main section of the document
comprises a comprehensive review and classification of available literature concerning
the optimization of geothermal system designs (cf. Section . Additionally, we provide
a preliminary localization of methods regarding their computational cost and discuss the
advantages and limitations of the considered optimization studies. The paper concludes
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by examining the limitations of the extant literature and exploring the potential research
directions that emerge from it in Sections

2 Conventional Deep Geothermal Systems

The categorization of geothermal systems has been attempted based on various criteria
such as temperature ranges [34], permeabilities and geological play types [35], and meth-
ods of energy extraction [36]. The sources underlying economically viable subsurface heat
reservoirs range from the regular geothermal gradient to shallow magma. Together with
the present geological facies, they govern the formation of geothermal reservoirs and,
in turn, the applicable energy extraction methods [36]. As a result, a rich but often
inconsistent terminology has developed in scientific and technical discourse.

This paper uses terminology developed in a paper by Khodayar and Bjérnson [36],
which divides geothermal systems into conventional and unconventional. As such, the
term DGS refers to conventional geothermal systems hereafter. Such systems are char-
acterized by favorable geological subsurface conditions, featuring viable heat sources,
fluid, and high rock permeabilities at depths within drilling range. The physical crite-
ria for conventional reservoirs are temperatures up to 374 °C, pressures below 221 bar
and a maximum drilling depth of 3.5 km [36]. Under these conditions, hot fluid can be
exploited solely through conventional well drilling and pumping. Reservoirs exceeding
conventional temperatures and pressures are classified as unconventional because under
these conditions water acts as a corrosive fluid, complicating the energy extraction.

This paper is concerned with optimization methods for the main subsurface features of
(conventional) DGSs, excluding the optimization of surface equipment and thermody-
namic cycles. Therefore, our definition of a DGS includes the combination of subsurface
technical installations such as wells and pumps and the geological formations hosting the
hot fluid. This definition of conventional DGS aligns well with the scope of the present
literature review on geothermal system design optimization based on TH models.

Our working definition therefore explicitly excludes unconventional geothermal systems,
such as engineered or enhanced geothermal systems (EGSs), and ultra-deep applications.
The optimization of EGSs requires a different modeling approach, where rock-mechanical
processes and artificial fracture creation are of primary importance in the design pro-
cess [37, 38].

The most basic exploitation setup involves a doublet scheme—i.e., one production well
and one reinjection well (cf. Figure fdrilled into the target formation. The hot fluid
is extracted from the aquifer at the production well and transferred through a heat
exchanger or a generator. After heat extraction, the cooled water is reinjected into
the aquifer via the injection well. Depending on the formation pressure and the fluid
temperature, appropriately dimensioned pumps may be required to maintain flow in the
production and reinjection wells [36].

The cost structure of a DGS project can be roughly divided into capital expenditure
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CCAPEX and operational ezpenditure COPEX The central portion of CAPEX comes

from well drilling [39] and the installation of pumps and surface equipment [3, 40].
The COPEX is primarily determined by electricity costs during the operation and the
maintenance costs of the pumps. Therefore, the flow rate of the plant at a given pumping
pressure is a critical factor determining the economic viability of a DGS project [41]. Low
flow rates—encountered during reservoir exploration or after system commissioning—are
therefore one of the main investment risks. Some studies provide minimal permeability or
transmissivity thresholds for economically viable operation. For example, Bauer et al. [§]
claim that a minimum transmissivity of 0.0002 m? /s is required for a 700 kW pumping
system to achieve economically viable flow rates in a carbonate reservoir, while Khodayar
and Bjornson [36] provide a permeability range of 0.1 — —250 mD for a magmatic-source
DGS to be economically viable.

On the revenue side, income from a DGS project is determined by the thermal energy
output and the market price of heat or electricity. Medium- and high-temperature
systems (100-374 °C [36]) allow for higher-value applications, such as power generation
or supplying industrial process heat. Depending on the reservoir temperature, different
heat extraction methods are used to produce steam or hot water [36, |42]. For power
generation, flash plants are commonly used, where steam is separated from thermal
water and fed into a turbine [36]. In heating applications, hot water is sent through
a heat exchanger, from which the energy is distributed [43]. Low-temperature systems
(< 100 °C) are typically used for district heating or heat pump projects [36], which often
have lower profit margins [44].

A temperature decline during operation that drops below acceptable levels may re-
quire supplemental heat sources or, in the worst case, render the plant economically
unviable [13]. Thus, low fluid temperature due to reservoir heat depletion is another
principal investment risk for conventional geothermal projects [45].

Fig. 1. Schematic of a DGS with a production and an injection well. Simplified
and compiled from [35, 36].

Exploiting geothermal energy is a complex task that requires a detailed understanding
of the underlying physical processes and geological risks. Modeling the installation
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beforehand—regarding expected productivity and temperature—is critical to assess the
economic viability. Additionally, optimal system design becomes crucial as geothermal
projects often operate on low profit margins compared to fossil fuel projects [46]. To
this end, accurate geothermal reservoir models are essential for evaluating how the well
pattern design and plant operation influence both productivity and temperature of the
extracted fluid.

3 Underlying Thermo-Hydraulic Models

The application of mathematical optimization to the problem of geothermal energy ex-
traction relies on the prior development of a robust mathematical model M. Classically,
the modeling of geothermal reservoirs is founded on the hypothesis that they are pri-
marily porous media, as described by the continuum approach. In this description, the
microscopic features of the medium, such as the precise pore structure, are substituted
by a representative elementary volume (REV) [47].

The REV is the smallest volume above which a measurement of macroscopic continuum
mechanical material properties is independent of the size of the volume. As a result,
mechanical and thermal material bulk properties serve as an approximation of the ma-
terial’s exact structure (cf. Table [2]) [47-49]. As such, material properties of the porous
medium x form an essential part of the model parameters 6 of the mathematical model

M.

Implementing a mathematical model depends on establishing a conceptual model of the
aquifer. A comprehensive conceptual model is a descriptive model that includes the
geometry of the study area, the geological facies, and their corresponding physical prop-
erties together with knowledge about the relevant physical processes [47, 50]. In a more
refined stage, a conceptual model can be represented as a three- or two-dimensional
raster grid, to which the material properties are assigned. Many simulation software
solutions offer utilities for creating conceptual models from geological data, often in
combination with maps of the study area [51, [52]. Especially in case studies for geother-
mal system planning, highly resolved conceptual models are employed to maximize the
precision [7, 28| |53]. Nevertheless, methodological studies grounded in rudimentary, ho-
mogeneous aquifer models prove pertinent in understanding the principles underlying
the optimization of geothermal system design [18] 22, |54].

The continuum theoretical abstraction of the conceptual model is a domain Q C R?3
in three or two dimensions, where the state variables s(x,t) of the porous medium are
defined as mathematical functions over space x € Q and time ¢ € (0,00). In the domain
of geothermal engineering, particularly within the framework of DGS optimization, the
primary objective is to compute the spatio-temporal evolution of pressure p(x,t), Darcy
velocity q(x,t), and temperature field T'(x,t) in Q, that is s = (T, p,q). Since the state
variables describe subsurface conditions, they cannot be measured directly.

Therefore, developing a proper mathematical model is necessary to explain and predict
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reservoir behavior. Such a model takes in the model parameters (MPs) 6, and outputs
the state variables M(0) = s by solving a set of governing equations. At this stage,
the general porous media theory uses partial differential equations (PDEs) that govern
processes in the aquifer Q [47].

The solutions to these equations form the foundation for the optimization of DGSs, since
the predicted temperature and hydraulics in the aquifer can be used to extract data for
the key technical and economic performance metrics of the system. As such, the accu-
racy of the employed TH model naturally limits the accuracy of the optimization. The
precision of TH models depends on a multitude of factors including —but not limited
to— the considered physical processes, quality of the input data, and, for numerical solu-
tions, on the discretization. Several studies have delineated the difficulties of geothermal
reservoir modeling [25| 26]. The following sections present the governing equations and
the most prominent approximation methods for solutions of DGS.

3.1 Governing Equations

The most general mathematical description of a geological subsurface system considers
the principal macroscopic physical and chemical processes. These are thermal (T), hy-
draulic (H), mechanical (M), and chemical (C) processes, each of which is governed by
different PDEs. Furthermore, these processes are coupled; for example, the temperature
field influences the pressure field through the fluid density and viscosity [55]. However,
in TH processes, which are normally considered for DGSs optimization, one neglects the
mechanical and chemical processes (cf. Figure [2)).

A TH model M of an aquifer with a geothermal plant is a set of governing equations
that describe the temporal and spatial evolution of s = (7, p,q). These equations are
subject to the aquifer’s initial and boundary conditions g (cf. Section and material
properties x. To maintain simplicity in the analysis, deep aquifers are often assumed to
be confined and fully saturated with a single fluid, such as water [4§].

The pressure can be computed by solving the mass and momentum conservation equa-
tion, which in the Boussinesq approximation reads,

dp K ( >

= +V-—( -Vp+plg) =0 1
5 . ptpg)=0Q (1)
Here, S is the storativity coefficient, K the permeability tensor of the aquifer, u the
dynamic viscosity of the fluid, pf the density of the fluid and g the vector of gravitational
force [48,|56]. Additionally, Q7are the sources and sinks of mass, including the processes
of production and reinjection.

The Darcy welocity q is the vector field corresponding to the pressure gradient and
represents the velocity field of fluid particles moving through the aquifer [47, |48]. Thus,
the Darcy equation reads

q= I;(—Verpfg)- (2)
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Fig. 2. Coupling between chemical and physical processes in a geothermal
reservoir. Greyed-out processes are generally not considered in the context of
DGS optimization. Reproduced from Tao et al.
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The heat transport in the reservoir is governed by a sum of diffusion and advection
mechanisms, resulting in the advection-diffusion equation |47, 48|, which reads

oT
ot

Here, pC' is the combined volumetric heat capacity of the solid and liquid phase, namely
(cf. Table

pC— +p'clq- VT — V- (AVT) = Q. (3)

pC = eplc! + (1 —e)pics. (4)

Furthermore, Q! represents sources and sinks of thermal energy, usually geothermal
reinjection wells or naturally present subsurface heat sources. In addition, A denotes
the weighted thermodispersion tensor of the combined materials [48], that is

A= (N + (1 —ON) [+ ep/ ! Dy
Expanding the mechanical dispersion tensor gives

q®q
lall

with 1z being the longitudinal and 7 the transversal thermodispersion [48]. The re-
maining parameters may be found in Table

The PDEs f above are the core equations in TH modeling. It should be noted
that besides the material properties k, additional input parameters are necessary for a
realistic and solvable model. Firstly, the efficient mathematical description of the source
terms, the wellbores, is essential. Secondly, it is imperative to specify the initial state
of the problem to ensure its well-posedness. Lastly, in the case of non-homogeneous or
anisotropic aquifer models, the distribution of material parameters matching borehole
observations is crucial. These modeling aspects are discussed in detail in the following
subsections.

Duech = 77T||q||]I =+ (77L - 77T)

3.1.1 Boundary Conditions

To ensure the existence and uniqueness of solutions, it is necessary to supply values
for the state variables arising in Equations and on the boundary of the mod-
eling domain, denoted by 0f). Furthermore, in the case of time-dependent problems,
it is necessary to assign initial values to state variables at the initial time, ¢ = 0. In
the mathematical literature, these problems are formally classified as boundary value
(BVP) or initial value problems (IVP) for time-dependent problems. The corresponding
solutions, in turn, can be approximated through analytical or numerical methods.

For example, to solve Equation , one has to prescribe the pressure solution p at the
boundary of the aquifer as a Dirichlet boundary condition p or the Darcy velocity q of
the fluid at the boundary as a Neumann boundary condition q.

Dirichlet BC: Vx € 9Q, t € [to,t1] p(x,t) = p(x,1)

Neumann BC: Vx € 9Q, t € [to,t1] a(x,t) =q(x,1)
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In the context of the advection-diffusion equation, the prescribed temperature or heat
flux at the boundary is designated as either Dirichlet or Neumann boundary conditions,
respectively.

Furthermore, a critical component of geothermal engineering is modeling the mass and
heat sources, Qfand Q?, respectively. These quantities describe the thermal and hy-
draulic influence of production and injection wells. Since wellbores are several orders
of magnitude smaller than the aquifer scale, a numerical resolution (cf. Section
is not computationally feasible for large-scale reservoir models. Thus, the wellbore is
modeled as either a line source or as a point source coinciding with the edges or vertices
of the mesh, respectively. As such, wells can be incorporated into the model as singular
well-type boundary conditions [48]. Although such assumptions constitute a simplifi-
cation, the loss in accuracy can be mitigated by modeling heat loss in the wellbore
separately [57].

Alternative approaches to modeling source terms — specifically mollified Dirac delta
functions — have been proposed to enhance flexibility in optimization. This method,
used by Blank et al. |22], decouples the source location from mesh nodes, making it
suitable for optimization workflows. The derivation of physically consistent boundary
and initial conditions from field data is discussed in the following subsection on inverse
modeling.

3.1.2 Inverse Modeling

A central challenge in applying the governing equations to real-world geothermal systems
is ensuring that the model accurately reflects field conditions. Accordingly, a calibrated
model M(0) should reproduce measurements of the state variables s(x1, 1), ..., 8(Xn, tn).
The model calibration is connected to the following two questions:

1. How to identify appropriate boundary conditions?

2. How should spatially distributed parameters—such as permeability, porosity, and
thermal conductivity—be estimated?

A common calibrating process answers these questions by adjusting the estimated ma-
terial parameters k and boundary conditions 8 to align model output with borehole
measurements [58]. Addressing this issue is challenging in TH modeling and forms a
part of the inverse modeling process. Calibration techniques are widely used in the
literature, particularly for case studies involving prediction of real-world aquifers |7, 53].

Mathematically, inverse modeling can be formulated as an optimization problem mini-
mizing the discrepancy between simulated and observed data. Given that measurements
up to a certain degree can be explained by both the MPs and the boundary conditions,
the inverse model problem is usually ill-posed [59]. In addition, a considerable com-
putational cost is associated with the inverse modeling process, which arises from the
optimization of MPs [60].
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3.2 Approximating Solutions of the Governing Equations

The solutions to the governing equations can be approximated using various methods,
which will be reviewed in the following subsections. First, a discretization can be intro-
duced, and the equations can be solved numerically. Second, the PDEs may be simplified
and solved analytically by introducing various assumptions. A third approach involves
surrogate models, which are black-box models trained on the output of a numerical
model.

Because BVPs can only be solved analytically in very special cases, numerical and surro-
gate methods are the main methods in the simulation of complex DGSs. The computa-
tional expense of these methods varies, and is qualitatively ranked in Figure[3] indicating
that the lowest costs are caused by analytical models, followed by surrogate models, and
the highest computational cost is due to numerical models.

Analytical Surrogate Numerical

Increasing computational cost of method

Fig. 3: Comparison of computational costs by underlying modeling method.

3.2.1 Numerical Models

In the case of numerical methods, the governing equations are discretized into a finite
number of spatial elements and time steps to achieve a numerical solution. In this
process, the PDEs are converted into a system of matrix equations that can be solved
by a computer.

Numerous software packages are available for the numerical simulation of all aspects
of the THMC processes in geothermal systems. Bundschuh and Suérez [47] provide a
comprehensive overview of software solutions and their particular capabilities. The most
common spatial discretization schemes (Figure [)) in numerical treatment of PDE include
the finite difference method (FDM), finite volume method (FVM), and finite element
method (FEM) [61].

The finite difference method (FDM) is conceptually the most straightforward ap-
proach. It relies on Taylor series expansions to approximate derivatives over a regular
grid, typically composed of quadratic cells. Multiple applications supporting geother-
mal modeling, such as the reservoir simulator ECLIPSE [62] utilize computation kernels
based on FDM. While FDM is computationally efficient and relatively straightforward
to implement, it is limited in geometric flexibility. Complex geological features, such
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Fig. 4: Schematic of the three most common discretization schemes in
geothermal modeling. From left to right: FDM, FVM, FEM; Red dots indi-
cate the location where the functions are evaluated. The polygons delimit the
approximating cells for the corresponding methods.

as faults or inclined wellbores, are challenging to represent. Moreover, FDM does not
inherently conserve physical quantities such as mass and energy [61].

The finite volume method (FVM) improves on these limitations by discretizing the
governing equations over control volumes rather than points. Fluxes are computed at
the faces of each volume, enabling exact conservation of mass and energy within each
cell. FVM supports unstructured meshes, providing greater geometric flexibility than
FDM, although it is still somewhat constrained in the case of highly complex domains.
Its computational cost generally falls between that of FDM and FEM. An example of
FVM-based software is TOUGH2, a numerical simulator for non-isothermal multiphase
flow in porous and fractured media 63} |64].

The finite element method (FEM) is the most flexible and computationally intensive
of the three schemes. FEM relies on a weak formulation of the PDEs, expressing the so-
lution in terms of basis functions over elements. This approach supports highly irregular
meshes and variable resolution, making it well-suited for modeling complex subsurface
geometries. When adequately formulated, FEM maintains conservation properties and
often exhibits higher-order convergence than FDM or FVM [61]. It is widely used in
applications where local refinement and accurate boundary representation are critical.
There are several numerical simulators dedicated to THMC modeling based on FEM,
such as FEFLOW [48], the MOOSE/GOLEM framework [65], and OpenGeoSys [52].

3.2.2 Analytical Models

Prior to the advent of computer-aided numerical models, analytical expressions describ-
ing the evolution of the states s = (T, p,q) were employed to estimate the behavior of



3 Underlying Thermo-Hydraulic Models 14

underground fluids. As PDE and are well-known from other engineering disci-
plines, analytical solutions from fields such as material sciences are available |49, 66].

The seminal contribution in hydrology due to Theis [67] is an analytical formula for the
hydraulic head near a continuously pumping well with flow rate Q. The hydraulic head,
denoted by h, is defined as the height of a water column that would exert a hydrostatic
pressure equal to the pressure in the aquifer at the bottom of the well. It is related to
the pressure p by the equation

p=plg(h—>2), (5)
where z is the elevation above the reference level and g is the gravitational accelera-
tion. Theis’ approach is founded on the premise of a homogeneous, confined, isotropic,
infinitely large aquifer, with the well operating at a constant flow rate. In the most
elementary approximation, the analytical solution for the hydraulic head drawdown Ah
at a radius r and time ¢ reads

Ah(r,t) = Q’ (—7—111 (7"QS>) (6)

AnT 4rt

where «y is the Euler-Mascheroni constant and 7 the transmissivity (cf. Table [2) [47,
49]. A variant of the Theis solution is also employed for aquifers with distinct hydraulic
conductivities in an optimization study by Tselepidou [6§].

The solution proposed by Theis is a variation of the infinite line source solution. Com-
plementarily, the finite line source solution is a concept of particular relevance. This
solution is a reliable method for describing the hydraulic head drawdown of a well that
does not fully penetrate the aquifer. The stationary hydraulic head drawdown in with
respect to the flowrate Qfis thus expressed as follows:

_ Qf
Ah(r,z) = /F anr((z — ) + 1)

e, ™)

where z is the vertical coordinate, I" the well, and ¢ the depth of the well [49, |69].

Equally, heat transport in porous media was studied through analytical methods as early
as the 1950s. An early example is a paper by Lauwerier [70] within the context of crude
oil reservoirs. In addition, the analytical description of the cold water plume, generated
by a reinjection well, has received considerable attention [29, [71-74].

A widely cited contribution due to Bodvarsson [71] describes the thermal influence of
wells injecting cold water into a fracture. In the proposed model, the cold water plume
within the fracture is advected by a homogeneous flow field, neglecting conduction.
Thermal conduction describes the temperature distribution in the adjacent rock matrix.
This model is especially suitable for high-permeability reservoirs located above volcanic
heat sources. The solution for the temperature at a distance r from the reinjection well
is given by

mbr? +y

T(r,t) =T° - erf (W

)- (8)
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In this equation, a is the thermal diffusion coefficient of the rock, erf is the error function,
and b is a factor containing the flow rate to permeability ratio. Moreover, T? is the initial
temperature and y is the vertical distance from the fracture [71].

Analytical models have been also used in optimization studies, such as the seminal work
by Gringarten and Sauty [29]. A two-dimensional aquifer vertical model is employed with
a series of simplifying assumptions. The researchers propose an analytical expression for
the minimal injection-production well spacing at which no thermal interference occurs
during an operational time, denoted by At¢. The formula, given by the positive solution
of

D? =20 At - <ﬁh + (ﬁ2h2 + aAt) §>_1 (9)

supports the intuition that the well spacing D should be increased with the flow rate
@/ and the operational time At. The parameters a and 3 depend on porosity and heat
capacity.

Birdsell et al. |[75] use analytical solutions for the heat equation in combination with the
1-dimensional Darcy equation to evaluate reservoir impedance and production temper-
ature for different well layouts. In addition, they develop a model for the approximate
evaluation of reservoir pressure resulting from reinjection.

Despite their reduced generalizability and precision compared to numerical models, ana-
lytical models possess several advantages. These models are characterized by their ease
of implementation and interpretation, with minimal computational requirements. Fur-
thermore, the coupling of analytical models with gradient-based optimization methods
is straightforward, enabling computationally efficient optimization schemes. However,
although analytical solutions offer valuable insights and computational efficiency, their
applicability is often limited to simplified scenarios. They can serve as benchmarks or
initializations for more comprehensive numerical or surrogate-based optimization frame-
works (cf. Section [4).

3.2.3 Surrogate Models

A surrogate model is a mathematical model that serves as a secondary model or partial
black-box model of a complex system [76]. These models are designed to be computa-
tionally efficient compared to—in our case—numerical simulations of an aquifer, while
still reproducing the principal outcomes of the complex model.

In the context of simulating TH effects, a surrogate model aims to approximate the
mapping from initial conditions and material parameters to the space of state variables
defined by the governing equations f. If M(0) = (T,p,q) is a solution of the
governing equations obtained, for example, through a numerical method depending on
a parameter set 0, then a surrogate model M approximates the mapping

0 — (T,p,q).
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The key difference from numerical methods is that, depending on the approximation
strategy, only parts of the physical theory are used. In this sense, surrogate models can
be classified into three major categories according to Asher et al. [77].

The first category consists of data-driven surrogates. Typically, a data-driven model
is a function of the MPs 0, and a set of weights ¢ that are adjusted during a training
process [77]. Data-driven models are trained on high-fidelity numerical simulations or
field measurements and log data. A trained model can then be used to predict the state
variables for another interpolated parameter set ¢’, i.e.,

M(¢)(0) = (T,p,q)(¢). (10)

These data-driven models do not use information about the mathematical structure of
the underlying equations. Such an approximation is normally only valid if 6’ lies within
the interpolation range of the training data.

The surrogate type dictates the functional form and parametrization of M and the
number of model weights ¢. Data-driven surrogates span a spectrum from simple para-
metric models such as low-order polynomials, including response surface models (RSMs),
to non-parametric models such as Gaussian processes regression (GPR), regression trees,
or artificial neural networks (ANNs) [77, 78|. Especially RSMs are fundamental tools
in design and operational optimization of DGSs [44, |79]. Basic feed-forward neural
network (FFNN) architectures have been applied in DGS modeling and optimization
but were limited in generalization capabilities and accuracy [80]. Typical challenges
of data-driven TH surrogates include the significant computational expense associated
with training data generation and, regarding the model capacity, overfitting or too few
parameters.

Recent advances in artificial intelligence, especially in deep learning, have contributed
to addressing several of these challenges. Particularly, neural networks that incorporate
parts of the physical theory ~known as physics-informed neural networks (PINNs)— have
gained significant attention in modeling porous media [81]. They represent a promising
approach toward overcoming limitations of pure data-driven methods [82], with the ad-
ditional advantage of producing physically meaningful solutions [82]. Moreover, PINNs
have recently found application in geothermal system optimization, as shown in a pub-
lication by Yan et al. [54]. Another prominent neural network architecture is Long-
Short-Term Memory (LSTM) networks, which are particularly suited for time-dependent
modeling tasks [83)].

Beyond purely data-driven approaches, physics-based reduction techniques consti-
tute another primary class of surrogates. Therefore, the second surrogate model cate-
gory identified by Asher et al. comprises projection-based (POD) and reduced-basis
methods (RB). In these approaches, the governing equations are projected onto a low-
dimensional subspace represented by an orthonormal basis of solutions. These bases are
generated from single simulations (snapshots) of high-resolution numerical models. This
technique is widely used in the geoscientific community and is applied for reservoir-scale
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simulations and data inversion techniques, such as magnetotelluric data. A comprehen-
sive overview of available work on POD and RB methods is given by Degen et al. [84].

The third and final surrogate model type described by Asher et al. [77] is multi-fidelity
simulation. In addition to the fine discretization, two coarser grids are employed to
efficiently compute, for example, pressure on the fine grid. To the authors’ knowledge,
RB/POD methods and multi-fidelity simulations have not yet been applied to geothermal
system optimization. However, there are many other engineering applications where
design optimization is combined with lower-resolution simulations, for example, optimal
airfoil design [85].

In summary, geoscientific and particularly geothermal reservoir simulations revolve around
the fundamental trade-off between the accuracy of mathematical models and their com-
putational and structural complexity. This trade-off is particularly relevant for deep
geothermal system optimization, where repeated forward simulations are often required
in the context of design exploration and uncertainty quantification. Given the computa-
tional demand of simulating geothermal reservoirs, surrogate models can replace these
forward simulations. As such, surrogate models can serve as key tools for enabling effi-
cient design and optimization workflows. In the following sections, we will explore how
the simulation models serve as a basis for relevant design and operational optimization
in deep geothermal system engineering.

4 Optimization Approaches

A common engineering problem is finding the optimal parameters of a process, subject
to certain constraints. Such tasks generally can be reformulated as extreme value prob-
lems of mathematical functions representing a performance metric of the process. An
optimization is the automated mathematical procedure of finding the solution of such
an extreme value problem.

Two major categories of optimization problems are optimal design problems (ODPs) and
optimal control problems (OCPs). In ODPs, the design variables are time-independent,
whereas OCPs additionally involve time-dependent control variables. Both are spe-
cial cases of general optimization problems (OPs), which may combine stationary and
time-dependent variables. Examples for ODPs are aerodynamic design optimization in
aviation [86, [87] or, more specifically, wind turbine blade shape optimization [88]. Exam-
ples for OCPs are found in model-predictive control problems [89], such as in chemical
process control [90] and optimal dispatch of power units [91-93].

Historically, heuristics have proven adequate for the design and control of DGSs. How-
ever, with the increasing deployment density of new DGSs (cf. Section|[I), the placement
and operation of new geothermal wells are important thermo-hydraulic ODPs and OCPs,
respectively. The goal of such an optimization is the improvement of technical or eco-
nomic metrics without compromising the feasibility of the design.

To this end, we study the mathematical setup of a generic OP. An OP consists of a set of
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possibly constrained control or design variables d = (dy,...,d,) € R™ and an objective
function F(d). In general, an optimization problem can be expressed mathematically as

minimize F(d) (11)
subject to  f(d) <0 (12)
g(d) =0 (13)

where the Equations are the inequality (f) and equality constraints (g), respec-
tively (94, 95]. In engineering applications, the computation of the objective F often
requires evaluating a simulation model. The model M depends on MPs 6, such as porous
media properties and the optimization variables (OVs) d. Such a model-based approach
is called the simulation-optimization approach |96 or simulation-based optimization |97].

| Model parameters 6 |

Model States Objective —
M(d, 0) ) s(6,d) )( Function Objective F(s,d)

| Optimization variables d |

Fig. 5: Basic computation steps for the simulation-optimization approach for
DGSs. The model M is evaluated for a given optimization variable d and model
parameters 6 to compute the state variables T, p,q. The objective function F is
then computed based on the state and optimization variables.

For DGSs, one optimization step requires the evaluation of one of the aforementioned
thermo-hydraulic models (Section . The basic computational pipeline is depicted in
Figure It starts with two data sources for the underlying model of a geothermal
installation and the geothermal reservoir. One data source are the MPs, which remain
fixed during optimization of a conventional DGS design. Another data source are the
OVs, which are explained in Section |4.1l The initial values of the optimization variables
must be supplied manually and are updated as the optimization progresses.

This input is fed into the TH model to compute the relevant state variables. Subse-
quently, these state variables are used to extract information about the quality of the
design, that is, the value of the objective function. The typical objectives occurring in
optimizing geothermal systems are explained in Section The state variables and
optimization variables are restricted by the constraints (Section bounding the set
of feasible designs. Finally, the optimization algorithm (cf. Section automatically
updates the optimization variables. To simplify the following discussion, we exclusively
consider the case of a minimization problem and note that a maximization problem can
be transformed into a minimization problem by negating the objective function.
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4.1 Optimization Variables

The optimization variables d € D are the mathematical parameters incrementally ad-
justed during the optimization. A globally optimal design or control d* is a choice
of optimization variables d that solves the optimization problem. Particularly, for a
minimization problem, we have

vde D F(d*) < F(d)

where D is the set of all feasible designs (Section [4.2).

As such, a choice of values for d = (dp,...,d,) uniquely corresponds to a real-world
design. The number of optimization variables n represents the dimensionality of the
problem. In effect, every design variable adds degrees of freedom (DoFs) and increases
the computational cost and the complexity of the numerical optimization.

The choice of proper variables is indispensable for a well-posed optimization scenario:
The OVs must not be determined by the evaluation of the objective function; that is,
they have to remain fixed during the evaluation of the forward problem [95]. Further-
more, a choice of OVs has to point uniquely to a corresponding realization of a design.
The functional form of the problem sometimes depends on the coordinate system in
which the OVs are represented. As such, an appropriate choice of OV representation
can resolve computational difficulties by exploiting symmetries to reduce dimensions or
resolve nonlinearity. Finally, the objective function must be sensitive to the OVs, i.e.,
changes in design variables should produce measurable changes in the objective [95].

In practice, DGS design is bounded by two conditions: the available geothermal resource
(aquifer depth, thermal gradient, permeability) and the projected heat demand. Opti-
mization then seeks the best configuration of design and operational variables to bridge
supply and demand efficiently. Depending on the value range, these OVs can be classi-
fied into discrete and continuous. At the level of the governing equations, this translates
to finding the optimal placement and time-varying strengths of source terms in the mass
conservation law, Equation , and the advection-diffusion equation, Equation .

Design variables in DGS optimization

e number of production and reinjection wells ny,, n;y, (discrete)

e positions x}",...x1' xI", ... x5 € Q inside the aquifer (continuous)
e depth of the wells 2{", ...,z ,2]",... 2 (continuous)

Complementarily, the control variables determine the strength of the source terms in the
governing equations.

Control variables in DGS optimization
o flow rates of the wells q1, ..., qn,, +n,, (continuous)

e pumping pressure of the wells p1, ..., pn;,4n,, (continuous)
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e injection temperature of the cooled water T5",... T, é:ln (continuous)

With a sufficiently accurate model, these OVs can be used to evaluate the fundamental
performance parameters of different designs.

In addition to the previous design variables, one can define derived design variables. For
example, the well spacing d(xé”,xﬁ”) [18], which is the distance between the injection
well xﬁ” and the production well x?r. Also investigated are multi-well configurations,
based on grid and polygon arrangements I' [22, |53]. For such configurations, the sizing
and the orientation angle ¢ of the basic polygon and grid shapes are the respective design
variables.

By introducing derived design variables, the number of OVs can be reduced and, thus,
computational efficiency enhanced. Constraining equations can be introduced to further
restrict the search space, which will be discussed in the next section.

4.2 Optimization Constraints

There are two main categories of constraints, hard and soft constraints. Hard constraints,
on the one hand, arise as model equations (e.g., Darcy’s equation governing reservoir
pressure). Furthermore, design limitations such as the upper limit of technically fea-
sible drilling ranges constitute a hard constraint. Collectively, the constraints f,g (cf.
Equation 7) directly or implicitly restrict the design space to a feasible region
D, defined as the subset of designs d that satisfy all hard constraints.

Soft constraints, on the other hand, impose a penalty on the objective function. For
example, the temperature drop along the model boundary of a DGS model is a soft
constraint for operational controls. Likewise, maximum drilling costs (or drilling range)
are soft constraints for a design, penalizing it if they exceed a certain value. Soft con-
straints are introduced into the optimization by adding a weighted penalty term for the
constraint violation to the objective.

The key implication of this distinction is admissibility: hard constraints define the
boundary of the feasible region D and must never be violated, while soft constraints
trade violation against objective performance via a penalty weight. This allows con-
strained problems to be solved with unconstrained methods, at the cost of tuning the
penalty.

4.3 Objective Functions

The optimization objective is the functional F, which corresponds to the target quantity
of the optimization problem. Depending on the optimization scenario, F is minimized
(or maximized) by the optimization algorithm. The evaluation cost F(d) fundamentally
determines the computational complexity of the optimization problem. In the opti-
mization of DGSs, the computational demand is primarily determined by the coupled
simulation model [95].
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A crucial property is the objective function’s regularity, defined by the number of con-
tinuous derivatives. Higher regularity enables the application of efficient gradient-based
algorithms to the optimization problem. If F is not differentiable, gradient-free algo-
rithms may be the only option, increasing the computational cost of the optimization

(cf. Section [4.4)).

The modality of the objective function — the number of optimal points — is another
crucial factor (cf. Figure @ The optimization problem may have a global optimum,
multiple global optima, or only local optima, where global optima d* satisfy

oo
F(d*) = {inelg]:(d).
Objectives with more than one optimum are multimodal, whereas objectives with only
one are unimodal. If the optimization goal is to find a global optimum, multimodal
problems are more complicated to solve than unimodal problems. The reason is that op-
timization algorithms can get stuck in a local extremum, requiring additional strategies
to avoid such issues [95]. A special case of unimodal problems are conver OPs, where
the objective function is convex. This class is well-studied, and efficient algorithms exist
to solve such optimization tasks [94]. A further important aspect is multi-objective opti-

Multimodal Convex

/\ Unimodal
\
\/ optimization variable

Fig. 6: Illustration of the modality of an objective function. The objective func-
tion is unimodal if it has only one extremum, and multimodal otherwise. Repro-
duced from Martins et al. [95].

optimization objective

mization (MOO), where multiple objectives are optimized simultaneously. In this case,
the objective function is vector-valued F(d) = (fi(d), ..., fm(d)). Pareto optimality is a
key concept in MOO: a solution d is Pareto optimal if there is no other solution d’ such
that f;(d’) < fi(d) for all ¢ and f;(d") < f;(d) for at least one j. This is particularly
relevant when there is a trade-off between different objective functionals [95].
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In the following, we present a selection of objectives from the DGS optimization litera-
ture, beginning with technical performance metrics.

4.3.1 Technical performance objectives

A fundamental task of DGS engineering is achieving optimal energy extraction with the
available resources. Several technical performance metrics quantify the thermal energy
output of the DGS. The most direct objective is maximizing the bottom-hole temper-
ature of production wells T%" = T (xP"). Closely related is the well head temperature
T of the production wells, which is derived from the bottom-hole temperature by con-
sidering the heat loss along the wellbore [57]. Many publications on DGS optimization
analyze the effect of the OVs on T%" or T [7] 180, 98].

The well-head temperature T%" is directly related to the thermal energy that can be
extracted from the system. The instantaneous produced thermal power is described
by the expression W(t) = C, - qu(t) - (T™"(t) — T"(t)) where T'" is the injection
temperature [79]. For an array of n production and injection wells, the cumulative
thermal energy output is given by

n # '
B =3 [N e (o) - 1 o)t (14)
k=1 0

where g; is the flow rate of the k-th production well and 7 is the efficiency of the heat
exchange. For power generation, the power output can be estimated by the thermal
energy output multiplied by the conversion efficiency of the power plant 7.. As such, the
thermal energy output is a common objective function in DGS optimization [44, 54].

Deep geothermal systems often require a minimal production temperature. If a thermal
breakthrough occurs, i.e., T%" drops below this threshold temperature, the system may
become unprofitable or even infeasible. Temperature dependence is especially critical for
power generation, since the related energy conversion processes are temperature depen-
dent [99]. Therefore, a common optimization objective in the literature is maximizing
the time ¢ before the thermal breakthrough occurs [30, [100].

The second major class of technical objectives concerns efficient fluid extraction from
the DGS. The hydraulic head h(x,.) near a production well is the key determinant
of well productivity. Sustainable production requires the hydraulic head drawdown
Ah = h(xP" ty) — h(xP",t1) during the operation time interval (¢,¢;) to be minimal.
Excessive drawdown reduces well productivity — since flow rate is proportional to the
hydraulic head gradient by Darcy’s law — and increases pump energy demand. In multi-
well systems, large drawdowns can also cause interference between neighbouring wells
or contribute to aquifer over-depletion. Optimal well placement has been studied by
multiple authors to minimize the hydraulic head drawdown [101-103].

Another fundamental quantity is the bottom-hole pressure difference of a production-
injection well pair, given by Ap = p(xP") — p(x') [44]. Various derived performance
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indicators are based on Ap. The key indicator is the pump power required to drive the

system at a given flow rate. One possibility to quantify this dependency is the reservoir

impedance T that results from the pressure difference Ap of a production-injection well

pair [75].

_Ap
q

Here q is the volumetric or mass flow rate of the system. The inverse Z~! is the produc-
tivity index and is also considered in the literature |28§].

T (15)

Low reservoir impedances reduce the pump energy required to achieve a given flow rate
q, making fluid extraction more efficient. However, excessively low reservoir impedance
can lead to a hydraulic breakthrough, such that reinjected cold water is directly advected
to the production well.

Complementary to the energy output, the power consumption of the pumps can be esti-
mated from the pressure difference and flow rate. The instantaneous power consumption
of the pumps can be approximated by the formula

Ap -
pyrume 72; 1 (16)
P

where 7, is the efficiency of the pump system [19]. Additionally, the total electricity
EPY™P consumed by the DGS is given by time integration of the above equation. The
net energy generated by the system is then given by |22} |104]

Enet _ Eth _ fpump. (17)

The ratio of harvested thermal energy to consumed electrical energy is an essential
measure for the efficiency of a DGS. Therefore, another optimization objective is the

coefficient of performance
Eth

CoP =

— (18)

which quantifies the installation’s efficiency in producing thermal energy [98, [104].

To assess overall resource utilization, some authors optimize the ratio of produced to
theoretically available energy in the reservoir

Eth

RY = -
Jo pC - (TO —Tm)d

(19)

where T is the unperturbed reservoir temperature and pC' is the combined heat capacity
as in Equation {4 [53} |100} |L04].
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4.3.2 Economic performance objectives

While technical metrics quantify physical performance, economic objectives assess the
financial viability of a DGS project. They are structured around the balance between
project costs and revenues from energy sales. On the cost side, a distinction is made
between the initial capital cost CCAPEX required to realize a design, and the recurring
operational costs. The latter are dominated by pump energy consumption; together
with maintenance expenses, they constitute the annual operation and maintenance costs
COPEX [103]. The revenues generated by energy sales over the system’s lifetime LT
represent the income side. Balancing the costs and income of a DGS yields the annual
cash flow CF; defined as

CFo =Ef - Cf — COAPEX — cpPiX (20)
CF; =Ef - C¢ — COPEX fort=1,...,LT

where Ef with e = el,th is produced energy and Cf is the price of one energy unit.
The cumulated cash flow (CCF) [105] over the lifetime of a plant has been used as
optimization objective [106].

In energy system analysis, it is common to discount future cash flows to account for the
time value of money [107]. To this end, capital costs CCAPEX are balanced with the
discounted annual cash flows of the DGS project, yielding the fundamental investment
metric, the net present value

< CF
_ CAPEX t
NPV = —C +) TER] (21)
t=1

with an interest rate i. Wees et al. [108] analyzed the NPV for deep geothermal systems;
Kahrobaei et al. [109] optimized it. Chen et al. [110] recently conducted an optimization
for the NPV without annuities.

From the NPV, various analyses on the system’s economic viability can be derived [107].
To compute the break-even point for the profitability of the system, we set NPV to zero
and assume that the energy price C.; = C' is constant. Solving for C' yields the Levelized
Cost of Energy (LCOE) [111], which reads

(QCAPEX + ZtL:j;) C?PEX . (1 + i)ft

LCOE =
Lo Ef - (L+i)

(22)

Depending on the type of energy produced, the LCOE can be interpreted as the cost
per unit of heat (LCOH) or electricity. The LCOE is an important benchmark for the
economic competitiveness of a DGS and has been considered by various authors [30, 53,
103].

The additional costs due to pressure loss at the production well and thermal break-
through are also considered as optimization objectives. To capture these effects, in-
creased power consumption and temperature decline of the extracted fluid are combined
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into the cumulative additional production cost, described by

N
M =N "Ef - off + EfF - O (23)
t=0

The additional electricity costs may be estimated by simulating the pressure loss at the
production well. Moreover, in the original paper by Kong et al. and other literature,
annuities are included [7} 18} [83] similarly to the net present value (Eq. [21)).

In summary, it is important to choose an objective function aligned with the optimiza-
tion goal. While engineers may be primarily interested in technical efficiency, economic
viability is equally important. One scenario is optimizing the NPV to meet an investor’s
return expectations; another is minimizing the LCOE to be competitive on the energy
market.

The next section presents the mathematical means for reaching the optimization goal.
We shall review the types of algorithms for iterating over the optimization variables and
their corresponding strengths and weaknesses.

4.4 Optimization algorithms

An optimization algorithm formally consists of a sequence of calculation steps updating
the optimization variables until a termination criterion is met. Depending on the method,
each iteration requires the evaluation of the objective function and possibly its gradients.
Figure [7] shows a broad classification of optimization algorithms based on the use of
derivative information, search scheme, and evaluation method.

GFO

Order

GBO

Local

Search

e

Optimization
algorithm
classification

Mathematical

Algorithm

]
]
)
Global |
)
]

Heuristic

Direct ]

Objective
Evaluation

I e I

Surrogate ]

Fig. 7. Classification of optimization algorithms. Adapted from Martins et al. [95].



4 Optimization Approaches 26

gradient-free optimizers (GFOs) are zero-order methods, meaning that they rely on
objective function evaluations only. Unlike GFOs, gradient-based optimizers (GBOs)
require the objective function and constraints to be differentiable. They use the gradients
of the objective function g—i and constraints (%Z‘ The gradients are used to compute
the search direction in which the optimization variables are updated, scaled by the step
length. The required regularity increases with the method’s order. For example, when
using classical first-order methods (e.g., gradient descent), the problem is required to be

once continuously differentiable [94], whereas modern algorithms are less restricted [112].

GBOs have several practical advantages over GFOs. First, the number of required func-
tion evaluations scales roughly linearly with the number of design variables for GBOs [95],
while GFOs scale exponentially with the number of design variables (cf. Figure . For
complex problems with many design variables, this means a difference of many orders
of magnitude in the number of evaluations [95].
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Fig. 8: Scaling of required model evaluations with the number of optimization
variables for GBOs and GFOs. For GFOs, the number of evaluations grows
super-polynomially, whereas GBOs scale approximately linearly, resulting in a
difference of several orders of magnitude for high-dimensional problems. Repro-
duced from Martins et al. [95].

Second, there are mathematically rigorous criteria for GBOs for when an optimal solution
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has been reached, while the optimality criteria for GFOs are largely heuristic. For first-
order methods such as gradient descent, convergence to a global minimum can be ensured
when the objective is convex. Regarding constraints, constraint-handling methods exist
for GBOs that restrict the search to feasible designs, while it is difficult to assess whether
a design is feasible or not based solely on zero-order information [94].

Third, because of the robustness of optimization algorithms, GBOs tolerate sparse dis-
continuities. However, gradient-free methods may be the only option if the objective
exhibits excessive numerical noise and discontinuities. Tolerance to discontinuities is a
key advantage of GFOs over gradient methods [95]. The implementation of gradient
methods also requires knowledge of gradient expressions or access to numerical differ-
entiation tools. Consequently, implementing GBOs can be more complex than GFOs,
particularly due to noise and numerical instability. Recent advances in automatic differ-
entiation for modeling frameworks such as PDE solvers |113] and deep learning libraries
have significantly improved the accessibility of GBOs.

Fourth, regarding multimodality, some GFOs employ global search strategies, making
them a popular choice for multimodal problems. Not all GFOs, however, employ global
search; some are local methods. Gradient methods can be adapted for global search
using multi-start or basin-hopping strategies |95].

A subclass of GFOs, evolutionary algorithms, are particularly common in DGS opti-
mization. In this process, a population of candidate designs is evolved by mimicking
biological principles such as selection, mutation, and recombination. The most widely
used examples are particle swarm optimization (PSO) and genetic algorithms (GAs).
These two algorithms can also be found in the literature on DGS design engineering in
connection with a surrogate model for the objective function |44} 102].

The following section provides a comprehensive literature review of these and other
optimization strategies applied to the design and operation of DGSs. It categorizes con-
tributions by optimization type, objective function complexity, and degree of integration
with physical modeling.

5 Literature review

We review published optimization studies for thermo-hydraulic DGSs, organizing them
according to a newly proposed classification scheme for simulation-optimization pipelines
and listed in Table [1l To connect the literature with the previous discussion of an opti-
mization problem (cf. Section , for each study we identified the primary optimization
variables and the objective function. For the computational methodology, we identify
the underlying simulation model (TH model) according to Sections Where
applicable, the employed optimizer (cf. Section is also listed in Table

We identify three major simulation-optimization pipeline classes. For each class, the
flow of information during simulation and optimization is illustrated in Figure [0 with
distinctly colored arrows for each class. The classes use basic building blocks indicated
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Tab. 1: Literature review of geothermal system design optimization studies.
The table is divided into three classes of optimization methods. Model: Under-
lying model type, Controls: Design variables, Objective: Objective function,
Optimization method: Optimization algorithm used.

Author, Model Controls Objective Optimization Ref.
Year method
I. Scenario comparison

Blocher et al.,, numerical injection well ¢ comparison [28]
2015 path
Kong et al., numerical d(xm, xPr), ¢ Cdd comparison [18]
2017
Jiang et al., numerical d(x™ xPr), ¢ T comparison [114]
2019
Willems et al., numerical d(x™,xP"), q LCOH, t°, comparison [30]
2019 Enet
Chong et al., numerical I TR comparison [98]
2021 CoP
Zhang et al., numerical d(x™, xP"), v Ah comparison [101]
2021 T, Npr
Ke et al., 2021 numerical d(x™,xP"), ¢  LCOH, RY  comparison [53]
Liu et al., numerical d(x'™, xP") Twh comparison [115]
2022
Li et al., 2023  numerical d(x™,xP"), ¢ Cres. g comparison [7]
Han et al., numerical d(x™, xP"), q RY, t comparison [100]
2024
Sun et al., numerical d(xPr,x™), q, LCOH comparison [103]
2024 et
Lei et al., 2025 numerical d(x™ xP"), q Twh Wit comparison [116]

II. Surrogate-based optimization
Akin et al., FFNN xn T, Ah Exhaustive [80]
2010 Search
Juliusson et M-ARX i NPV Interior Point [117]
al., 2013 Method
Chen et al,  MARS d(x™™, x7") CCF BOBYQA* [106]
2015

continued on next page
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Table 1 — continued from previous page

Author, Model Optimization Objective Optimization Ref.
Year Variables Method
Schulte et al., ReLU, xPT xin, ppump - [th Apbh PSO [44]
2020 RSM
Babaei et al.,  cubic RBF  d(x™,xP"), CoP, RY LHS [104]
2022 doublet

spacing
Wang et al., RF d(x'™, xP") Cadd GA [102]
2022
Ye et al., 2024 RSM Zin | ppump I, Wh Cg.  NSGA-II [79]
Yan et al., FFNN d(x™, xP"), Eth Twh Adam [54]
2024 T g
Li et al., 2025 LSTM- xin Cadd GWO* 83

CNN

Sun et al., FFNN i Twh GA [118]
2025
Chen et al., CNN-GRU ¢, T, x*, xP" NPV GA [110]
2025

ITI. Direct optimization
Gringarten et analytical d(x™, xP") b analytical [29]
al., 1975 solution
Tselepidou et analytical xP" Ccadd CcHG  GA [68]
al., 2010
Ansari et al.,  numerical X xPr Enet PSO [119]
2014
Kahrobaei et~ numerical xPT xin NPV SSG [109]
al., 2019
Blank et al., numerical I, Emnet DIRECT-L [22]
2021 d(x™,xP"), ¢

*Acronyms used: BOBYQA, Bounded Optimization by Quadratic Approximation; GWO, Grey-Wolf Opti-
mizer; LHS, Latin-Hypercube Sampling

**Other notational remarks: T' refers to well grid parameters (cf. Section where the exact choice of
optimization parameters depends on the study; ¢ represents the orientation angle against the natural flow field.



5 Literature review 30

by circles in the figure, including the underlying simulation model, the surrogate for the
objective function, and an optimizer. All simulation-optimization pipelines take sub-
surface material parameters and optimization variables as input. When the workflow is
executed, the optimal design is computed in the last step, where the notion of optimality
depends on the method. To describe each class in detail, a more detailed description of
the method and relevant articles for each of the three classes follows.

Scenario comparison (Class I, blue arrows) is the simplest approach, and it does not
use mathematical optimizers; it relies only on the descriptive comparison of simula-
tion results. First, a fixed batch of optimization variables D = (di,...,dy) is cho-
sen. For each d;, the simulation model M for the DGS specified by design and op-
eration conditions in this batch is evaluated. Then the computed state variables S =
(S1,...,8p) = (M(dy1),..., M(dy)) are used to evaluate the objective function F(S) =
F(s1),...,F(sn). Finally, the design corresponding to the best objective function value
is selected.

The surrogate-based optimization pipeline (Class II, yellow arrows) utilizes data gener-
ated by the simulation model M to train a surrogate model M for the objective function.
Again, a batch of values for the optimization variables D is evaluated through the sim-
ulation model. The corresponding simulation results, i.e., state variables S are used to
compute the objectives F(M(D)) = F(s1),...,F(sn). These results serve as training
data for F. Then F directly maps the design variables to the objective function, avoid-
ing the direct evaluation of M. Depending on the model type, the optimized design and
operation variables can either be derived analytically or via coupling of F with a generic
optimizer.

Indicated by red arrows in Figure[J] in Class III, the optimizer is directly supplied with
the state variable of the respective optimization step s, = M(d,) from the underlying
simulation model. Then the objective F(s,) and potentially derivatives with respect to
the optimization variables are evaluated. Afterward, information is used to update the
optimization variables d,; according to the optimization algorithm. Repeating this
process until convergence yields the optimal design or operation.

5.1 Class I: Scenario comparison method

A defining feature of publications in Class I is the absence of systematic data postpro-
cessing. Often, the results are simply plotted or tabulated, and the best design and
operating conditions are identified. Sometimes only a few designs are compared, as in
Blocher et al. |28]. They used a complex three-dimensional TH model of the aquifer
to compare the productivity index and production temperatures of three injection well
paths.

Other articles compare multiple scenarios more systematically, analyzing trends across
individual optimization variables. Kong et al. [18] investigated the effect of well spacing
on additional costs due to thermal and hydraulic losses. Using this approach, both
single systems [7, |100] and entire doublet fields [30, |53, [115] have been optimized.
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Fig.

Wéib.@p.“ﬁm-‘?‘ﬁ*l
|

Class I
Class II F

Class 111
Objective function

Optimization variable

Comparison

State variables
Batch objective function value

Batch optimization variables

Batch state variables
Model parameters

Optimization step
Training step

: Flow chart for information of different simulation-optimization

pipelines. The figure shows the three newly proposed classification groups of ex-
isting simulation-optimization frameworks. The arrows indicate the direction of
the data flow between the components. The common starting point of all meth-
ods are the model parameters (MPs) and initial optimization variables (OVs)
for the TH simulation model. The blue arrows represent comparison based op-
timization, while the orange and red arrows indicate the surrogate-based and
direct optimization method respectively. For the former classes, the iteration of
optimization variables is driven by an optimizer, either directly coupled to the
simulation model—evaluating the objective function internally—or to a surro-
gate model for the objective function. In general, the updating the optimization
variables (n) does not coincide with the update of the surrogate model (k). If
the approach succeeds, all methods arrive at optimal function values F* and op-
timization variables d*.
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Chong et al. [98] evaluated a doublet and a five-well layout to maximize the system’s
energy efficiency with varying flow rates.

Jiang et al. [114] compared bottom-hole temperatures across various well placement
strategies in a synthetic geothermal reservoir modelled with FEFLOW. They analysed
the temperature distribution in a 2D vertical cross-section of a synthetic aquifer under
different natural flow regimes. Subsequently, they evaluated the bottom-hole tempera-
ture of a steadily operating doublet system with various well distances and orientations
relative to the natural flow direction. They concluded with recommendations for well
placement and depth for aquifers with strong vertical flow, strong horizontal flow, and
very weak natural flow.

5.2 Class Il: Surrogate-based optimization

Akin et al. [80] proposed a brute-force optimization method coupled with an FFNN
surrogate. The FFNN is trained on numerical simulations to predict the well pressures
and temperatures from well coordinates, flow rates, and reinjection temperature. In view
of the small number of parameters, the advantage of an ANN over other non-parametric
modeling techniques remains unclear. Subsequently, they implemented an exhaustive
search (brute-force) to select the well location with minimal temperature decline and
depressurization.

Evolutionary algorithms are the primary choice in the publications belonging to Class
II. Wang et al. [102] used a random forest (RF) model to model additional costs due to
hydraulic head drawdown and temperature decline. They then used a GA to minimize
these costs by optimizing the injection well position in their Dezhou geothermal field
model. Ye et al. [79] conducted an MOO of a deep geothermal doublet in a fault-
based geothermal system. The authors used the Non-dominated Sorting GA (NSGA-
IT) to optimize the drilling costs, thermal energy output, and the reservoir impedance
simultaneously. The underlying surrogates were RSMs that predicted the objectives from
a number of geological, design, and operation parameters. These included the depth of
the injection and production wells and the pumping pressure.

Juliusson and Horne [117] studied a fractured reservoir model. The authors introduced
an analytical formula (M-ARX) for the temporal temperature evolution of the produc-
tion wells. The MPs were fitted to numerical simulation data. Subsequently, they
optimized the injection rate distribution (qf”)ie{l,gng} using an interior point method.
The objective was to maximize the NPV of the system over 30 years.

Several researchers incorporated geological uncertainty into the optimization. Schulte
et al. [44] optimized the placement and operation of six injector-producer doublets,
considering geological uncertainty. The authors fitted a piecewise linear function for the
time evolution of bottom-hole pressure and outlet temperature. They conducted this
proxy-model fitting for each of 18 different major geological scenarios with data generated
from numerical simulations. Subsequently, the authors used an RSM to predict T' and
p for interpolated optimization variables. The mean net thermal energy produced by
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a design could then be predicted as the mean of the geological scenarios with proxy-
model parameters generated by the RSM. Subsequently, they conducted multi-objective
PSO (MOPSO) to find the best thermal energy output for different geological scenarios.
Additionally, 18 GPR models were fitted, each modeling the uncertainties of a single
scenario due to measurement uncertainties.

Babaei et al. [104] also took uncertainty into account by considering different fluvial
channel ensembles in a synthetic 2D aquifer. Specifically, they quantified the averaged
impact of preferential flowpaths on the CoP of the DGS via TH-simulations with different
inhomogeneous permeability distributions. They used cubic RBF surrogates underlying
the optimization and optimised the location of two injection and production wells using
a candidate point strategy and Latin hypercube sampling. Their objectives were to
maximize RY and CoP.

Yan et al. [54] used a fundamentally different optimization approach. They coupled a
forward neural network with an optimization network that determined a geothermal sys-
tem’s well control and design parameters. The forward model was a PINN that predicted
the parameters of an analytical temperature model based on the rock’s material prop-
erties and the design variables. The model was trained on high-fidelity simulation data
for which the corresponding analytical MPs were determined via standard regression.
The coupled control network received geological uncertainty parameters and computed
the best design, either maximizing E*" or avoiding thermal breakthrough. The training
of the control network followed an unsupervised training regime where the Adam opti-
mizer was used to minimize a loss function encoding the objectives above and additional
engineering constraints.

In a recent study, Chen et al. [110] optimize a doublet system in a fractured aquifer
using a hybrid GRU-CNN together with a GA optimizer. The surrogate is trained on
numerical simulations with homogeneous bulk permeability and spatially heterogeneous
fracture aperture sampled from a log-normal random field. Additionally, the optimiza-
tion variables — injection temperature, flow rate, and well placement parameters — are
sampled uniformly in the training. The framework takes uncertainty into account by
stochastic and risk-averse optimization under uncertain fracture apertures. Ultimately,
the authors compare their different approaches and discuss limitations of the study.

5.3 Class lll: Direct optimization methods

The literature in Class III is comparably sparse. Ansari et al. |[119] studied a discrete
ODP in a conference paper. The authors placed four injection and four production wells
at the locations of 11 abandoned wells in the Gueydan geothermal field in Louisiana,
USA. The selection was optimized using a PSO algorithm to maximize the net energy
output E,.; of a flash steam power plant.

Kahrobaei et al. [109] presented a method for optimal well placement using Stochastic
Simplex Gradients (SSG). During an iteration, SSG samples optimization variables in
the neighbourhood of the current iterate. The acquired data is subsequently used to
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compute approximate gradients of F via linear regression. In their application, the
authors maximized the NPV for computer-generated homogeneous and inhomogeneous
2D and 3D models.

Blank et al. [22] described an optimization of different well layouts in a 2D numerical
model using the gradient-free DIRECT-L optimizer. The aquifer model was comparably
simple, consisting of two permeability regions describing a fault zone and its surround-
ings. The aim was to optimize the well spacing and orientation of a checkerboard layout
of 16 wells and a hexagonal arrangement. As an objective, they maximized the produced
E'™ during the operational lifetime. Their optimization was terminated after 50 steps
unless the termination criteria were met earlier.

Tselepidou et al. [68] presented a study coupling an analytical hydraulic head expression
with an optimizer. They optimized the placement of hydrothermal production wells to
minimize C?44 and pipe network costs, using an analytical expression for the hydraulic
head. The aquifer was assumed to have two hydraulic conductivity regions. A pipe
network connected the geothermal wells to a hot water storage area at the domain’s
boundary. The costs due to hydraulic head drawdown and network construction were
then minimized using a GA.

5.4 Comparison of methods

The three classes are compared below with respect to their general features and compu-
tational costs. The methods surveyed in Table|l| are ranked qualitatively in Figure [10| by
the computational cost of one optimization step and the number of optimization steps.

The publications in Class I almost exclusively use a few evaluations of numerical models
to compare objective values. The authors primarily focus on accurate numerical aquifer
models, making each simulation computationally demanding. Therefore, the publica-
tions in this class are primarily found in the lower right corner of Figure Notably,
simultaneous optimization of multiple DGSs via scenario comparison likely yields sub-
optimal results. Due to its simplicity, this approach is invaluable as a source of first
approximations of optimal design and operation conditions. The results are a good
starting point for a more detailed exploration of the objective function. Application of
elementary data analysis can significantly improve the understanding of the objective
function and yield better design decisions. Furthermore, the large number of simulations
conducted in some Class I studies provides a basis for exploratory data analysis and,
subsequently, for training surrogate models as in Class II, enabling a deeper exploration
of optimal design and operation conditions.

This naturally motivates Class II: the computational efficiency of surrogate models allows
the objective function to be evaluated rapidly, enabling more function evaluations at
lower cost per step and thereby making GFOs such as evolutionary algorithms a viable
choice.

The primary challenge of this approach is the generation of training data, for which the
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model types described in Section [3| are, in principle, available. However, in the extant
literature, the data used to train the surrogates are almost exclusively generated by
numerical simulations. Therefore, this method’s primary computational demand lies in
training the surrogate model. This also defines the appropriate use case for surrogate
models: if the objective is smooth and well-behaved, direct coupling may be equally
effective; if it is complex, a substantially larger training dataset is required to achieve
sufficient surrogate accuracy. If the combined costs for data generation and optimization
exceed those of a direct optimization pipeline, there is no methodological advantage. If,
however, a surrogate approximates the objective with sufficient accuracy, the optimiza-
tion can significantly benefit from its use. In comparison to Class I, surrogate-based
optimization usually demands higher effort in implementation, often requiring data ex-
change between different software or modeling and optimization frameworks.

Class III uses the classical simulation-optimization approach and has the soundest the-
oretical foundation among the three classes. The principal advantage is that accuracy
is not compromised by intermediary surrogates. In particular, the accuracy of the op-
timization result depends solely on the mathematical formulation of the optimization
problem. Since the TH model is evaluated at every step, there are no interpolation
errors of the kind introduced by surrogates in Class II. A further advantage is the inter-
pretability of results. Since no surrogates are included, the optimization results can be
traced directly to the underlying physical phenomena.

The computational cost of the underlying models limits the optimization. Very com-
plex or large, highly resolved numerical TH models pose prohibitively high computa-
tional cost, particularly for GFOs. While GBOs, such as the adjoint method for PDE-
constrained optimization, perform better, the required mathematics and implementation
effort are non-trivial. As a result, corresponding optimization problems must be formu-
lated carefully. Coupling simple numerical TH models with GFOs, as demonstrated by
Blank et al. [22], offers a more accessible alternative without the need to compute gra-
dients. Additionally, the accuracy of Class III results remains subject to uncertainties
in the underlying TH model, a challenge discussed further in Section [6}

6 Challenges and Outlook

This section outlines some challenges and open research questions in deep geothermal
system optimization. The open problems may be described as a triad of data scarcity,
data uncertainty, and computational cost of the underlying numerical models. These
problems can significantly impair the validity of optimization results and developing
methods to address these challenges remains an open research question.

Data scarcity is a well-known challenge in geothermal system design optimization. Sub-
surface geological data are challenging to acquire and often available only at coarse reso-
lution. While the data scarcity cannot be resolved theoretically, the impact of subsurface
data uncertainty on the optimization process can be quantified. This requires building
a reliable numerical model of the aquifer and the geothermal system together with a
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method that propagates input data uncertainty through to the optimization output.
Because of data uncertainty, robust optimization frameworks that explicitly account for
parameter uncertainty, measurement noise, and model errors have been developed for
other engineering applications. Approaches such as stochastic optimization, Bayesian
optimization [120} [121], and uncertainty quantification |[122] are promising but remain
underexplored in geothermal system design.

To address the high computational cost of numerical models, high-quality surrogate
models offer a promising avenue. In particular, recent advances in machine learning,
such as PINNs, have been applied in geosciences [123]. However, these approaches
remain underexplored in the context of geothermal design optimization.

Further potential for improvement lies in the choice of optimization algorithm. As
discussed in Section [5], the few studies that directly couple optimization algorithms with
TH models employ GFOs. Methods such as GA, PSO, and exhaustive search are most
commonly used. While flexible and straightforward to implement, they scale poorly with
problem complexity. Advances in automatic differentiation and the adjoint method are
making gradient-based optimizers increasingly viable.

Studies on shallow groundwater heat pumps and tidal power farms have demonstrated
that gradient-based optimizers can be applied successfully to complex PDE models [124}
125]. To the best of our knowledge, their application in DGS design and operation opti-
mization has not been reported. While using GBOs is a promising approach, it demands
considerable expertise in numerical modeling and optimization. Current implementa-
tions of PDE-constrained optimization (PDECO) via the adjoint approach remain inac-
cessible to non-experts. Therefore, developing user-friendly software packages handling
most of the complexities internally would represent a significant step forward.

An important aspect of design optimization is the formulation of the optimization prob-
lem itself — that is, the choice of design variables and objective function. Jointly opti-
mizing multiple DGSs within district heating grid planning could improve both project
economics and social welfare [3]. In this research direction, fast analytical models could in
particular serve as invaluable tools, as shown by research on groundwater heat pumps [33,
126].

Finally, all optimization approaches lack standardized benchmark scenarios and vali-
dation methods. The development of such test cases would significantly facilitate the
evaluation of different optimization approaches and enable a comprehensible performance
comparison for non-experts.

7 Conclusion

This review provides an overview of the integration of mathematical optimization tech-
niques with the modeling and design of conventional deep geothermal systems (DGS).
In doing so, it serves as a comprehensive reference for researchers and practitioners
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interested in the systematic improvement of geothermal system performance through
optimization.

The review systematically addresses the formulation of the underlying TH models and
DGS optimization problems. It identifies common design and control variables such as
well placement, flow rates, and reinjection temperatures. The structure of objective
functions—ranging from thermal energy output and reservoir impedance to economic
indicators like the net present value (NPV) and the levelized cost of energy (LCOE)—is
discussed in detail. Gradient-based and gradient-free algorithms are evaluated in terms
of scalability, constraint handling, and applicability to different model types. Particular
attention is given to evolutionary algorithms and surrogate-based methods, which are
prevalent in the reviewed literature.

The review proposes a three-class classification based on the degree of integration be-
tween simulation and optimization: scenario comparison, surrogate-based optimization,
and direct simulation-optimization coupling. Each class is illustrated with representative
studies, highlighting both methodological trends and gaps.

The review identifies several challenges for future research: (i) the limited use of advanced
gradient-based optimization despite its superior scaling; (ii) underexplored potential of
multi-fidelity and reduced-order models; (iii) insufficient treatment of uncertainty and
robustness in optimization outcomes; and (iv) the lack of standardized benchmarks and
validation frameworks in the field.

Addressing these issues through continued methodological development and broader
adoption of simulation-optimization frameworks will be essential for realizing the full
potential of DGS in the global energy transition.
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Tab. 2: Notation of physical and mathematical entities
Symbol ‘ Name Type SI-Unit
Modeling

h hydraulic head state variable m
Ah hydraulic head drawdown state variable m

P pressure state variable Pa

q Darcy velocity state variable m/s
Q7 combined volumetric source scalar function m? /s
Q' combined heat source scalar function W /m?3

S storativity coefficient constant scalar —

T temperature field state variable K
Tk wellhead temperature state variable K
T bottom hole temperature state variable K
LT system life time constant scalar a

] interest rate constant scalar -
ce price per energy unit constant scalar $/J
CF cash flow scalar function $

Material properties
€ porosity constant scalar -
K permeability constant tensor m?
Dinech mechanical dispersion tensor constant tensor m/s

T transmissivity constant scalar m?/s

A thermal dispersion tensor constant tensor J/m-s-K

ol density of water constant scalar kg/m3

p° density of solid constant scalar kg/m?

el heat capacity of water constant scalar J/kg-K
c® heat capacity of solid constant scalar J/kg-K

W dynamic viscosity scalar function Pa-s

Q aquifer region 2/3-dim set -

L longitudinal dispersivity constant scalar m
nr transversal dispersivity constant scalar m
M fluid thermal conductivity constant scalar J/m-s-K

A8 solid thermal conductivity constant scalar J/m-s-K

g gravitational acceleration constant vector m/s?

Optimization
Nins Nprr number of injection/production wells design variable —
x" position of injection well design variable (m,m,m)
xPr position of production well design variable (m,m,m)
d(x",xP") | well spacing design variable m
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q volumetric flow rate control variable m? /s
pPump pumping pressure control variable Pa
™" temperature of injected water control variable K
tb thermal breakthrough time objective function S
R9 recovery factor objective function —
CoP coefficient of performance objective function —
Car drilling cost objective function $

LCOE levelized cost of energy objective function $/J
Enet net produced energy objective function J
E produced electrical energy objective function J
Wik instantaneous thermal power objective function W
E™ produced thermal energy objective function J
Epump pump energy consumption objective function J
CCAPEX 1 total capital expenditure objective function $
COPEX operation and maintenance expenditure objective function $
CcHG network construction cost objective function $
Cadd additional costs objective function $
NPV net present value objective function $
CCF cumulated cash flow objective function $
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